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ABSTRACT 

Value-based healthcare is an emerging healthcare delivery model which incentivizes and 

rewards physicians for improved patient outcomes and quality of care, rather than the amount of 

services. The objective of value-based healthcare is to move the healthcare delivery system from 

reactive disease management to proactive care. Such proactive healthcare necessitates an active 

assessment of multi-dimensional health risks. Major health risks, such as medication 

nonadherence, disease risk, and hospital readmission, cost the US healthcare systems over $300 

billion per year and escalate morbidity and mortality risks. Early detection of those health risks 

could significantly benefit patients and the health sectors from both disease management and 

financial perspectives. My dissertation focuses on health risk analytics that serves as the 

analytical foundation for proactive health risk assessment. This dissertation designs fine-grained 

deep learning methods leveraging big data, including health social media and clinical claims, to 

provide analytical capabilities for several critically important health risks: vaping, medication 

nonadherence, opioid addiction, and hospital readmission. 

This dissertation presents four essays to tackle these health risks. The first essay devises a 

deep learning model to identify health risks of vaping. The second essay develops a sentiment-

enriched deep learning method to understand patient medication nonadherence from health social 

media. The third essay presents a multi-view deep learning approach to discover the treatment 

barriers of opioid addiction. The fourth essay designs a novel deep learning framework that 

incorporates an illness trajectory to predict hospital readmission risk. The presented frameworks, 

systems, and design principles contribute to computational data science, deep learning, and 

predictive modeling research domains. 
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1. INTRODUCTION 

Over the past years, the healthcare systems have been urging to transform from a fee-for-

service model to a value-based approach, where health providers are rewarded for improved 

patient health, reduced effects and incidences of chronic diseases, and healthier lives (NEJM 

Catalyst 2017). Reaching these objectives hinges on proactive instead of reactive health 

management (Cleveland Clinic 2015). Such proactive healthcare necessitates deep understanding 

and active prediction of potential health risks. These risks range from unsafe medication-taking 

behaviors to more severe hospital readmissions. Managing multi-dimensional health risks has 

been a high-priority area for patients, physicians, hospitals, insurance companies, and healthcare 

systems. This is because health risks induce substantial economic burden and pose significant 

morbidity and mortality ramifications for patients. For instance, individual behavioral risks, such 

as medication nonadherence, lead to estimated deaths of 125,000 per year and account for $290 

billion annually in the United States (Traverso and Langer 2015). Hospital readmission may 

indicate fragmented and poorly coordinated care, inappropriate transitions between inpatient and 

outpatient settings, and even medical errors (Glance et al. 2014). 

The health risk is defined as an adverse event or negative health consequence due to a 

specific event, disease, or condition (Stöppler 2017). The fundamental health risk stems from 

risky patient behaviors, including medication nonadherence. Research in this category attempts 

to investigate the factors leading to these risky behaviors (Weidenbacher et al. 2015; Williams et 

al. 2014). These studies design surveys or interviews with subject sample sizes ranging from 19 

patients to over a thousand patients (Weidenbacher et al. 2015). 

Another health risk that receives broad attention is disease risks, especially chronic diseases 

(i.e., opioid addiction and Parkinson’s disease). This stream of research develops predictive 
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models to assess chronic disease risks (Nilashi et al. 2016). Common methods in this category 

include statistical models and machine learning methods. These studies utilize electronic health 

records and construct hand-crafted features for risk prediction. 

The third type of health risk is policy risks, which are the risks influencing health 

policymaking. The most critical one is hospital readmission, as it is a vital hospital evaluation 

metric stressed by the Center for Medicare and Medicaid Services (CMS). Studies in this 

category design regression and duration models to predict hospital readmission risk (Jovanovic et 

al. 2016; Yu, Farooq, van Esbroeck, et al. 2015). They derive predictors in a certain period using 

electronic health records and predict the readmission risk in the next period. 

The existing studies suffer from two major deficiencies. First, studies on patient behavioral 

risk rely on surveys to understand patient behaviors. These surveys focus on a single medication 

or disease class. In reality, the majority of patients take multiple medications for various medical 

problems. Given the narrow focus of single disease-driven or treatment-driven survey studies, 

the implementation of intervention strategies to large-scale patient population and disease classes 

is unlikely to be successful. Patients are also reluctant to reveal their true experience in surveys, 

as they are afraid of the stigma in society. The electronic health records used in predictive studies 

are provider-centered, as direct and timely communications from patients are difficult to obtain. 

This dominant provider perspective poses a significant barrier to translating the findings to the 

real world because providers have little control over patient behaviors. A survey shows that 59% 

of adults participate in health social media (Pew Internet Research 2013), where they share 

medication experience anonymously. Such anonymity incentivizes patients to elaborate on their 

real experience and decision-making. This large-scale patient self-reported information creates 

an unprecedented prospect for studying patient behavioral risks from patients’ decision-making 
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standpoint (Agarwal and Dhar 2014). The rich data coverage of social media also holds a high 

potential to facilitate analysis of heterogeneous patient groups and disease classes with 

personalized health data analytics. 

Second, predictive studies on disease risk and hospital readmission risk attempt to construct 

static predictors in a certain period. This approach overlooks the dynamic and complex nature of 

patient illness history. Patients’ illness history contains a dynamic trajectory of medical events 

(Corbin and Strauss 1991). Patients at the early stages of the trajectory have lower health risk 

than those in the late stages of the trajectory. Failing to capture the illness history trajectory 

causes low prediction performance and loses patient heterogeneity. The recent development in 

deep learning shows significant improvement in data and text mining. Deep architectures, such 

as Long Short-Term Memory (LSTM), exhibit salient advantages in processing sequential data, 

thus effectively capturing a trajectory of medical events in patient illness history. Other cutting-

edge architectures, such as attention mechanisms and graph convolutional networks, also 

significantly improve the learning performance in noisy patient-generated data. 

 The great potential of emerging datasets and deep learning methods creates an unprecedented 

opportunity for information systems researchers to design fine-grained analytical capability to 

address the challenges in health risk studies. Witnessing this opportunity, I propose four essays 

on big data-based health risk analytics.  

 The first essay tackles an individual behavioral risk: vaping. Recent years have seen 

increased worldwide popularity of vaping. However, the risks of vaping are underexamined. 

Most vaping adverse event studies have achieved low detection rates due to limited subject 

sample sizes in the experiments and surveys. Social media provides a large data repository of 

consumers’ vaping feedback and experiences, which are useful for vaping safety surveillance. 
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However, it is difficult to automatically interpret the informal and nontechnical consumer 

vocabulary about vaping in social media. This issue hinders the use of social media content for 

vaping safety surveillance. Recent developments in deep neural network methods have shown 

promise for named entity extraction from noisy text. This essay aims to design a deep neural 

network approach to extract vaping safety information in social media. Our model achieved the 

best performance compared to 3 baseline models, with a precision of 94.10%, a recall of 91.80%, 

and an F-measure of 92.94%. We identified 1591 unique adverse events and 9930 unique e-

cigarette components (i.e., chemicals, flavors, and devices) from our research testbed. 

 The second essay investigates the behavior of medication nonadherence. Medication 

nonadherence (MNA) refers to the behavior when patients do not take medications as prescribed. 

Adverse health outcomes of MNA cost the U.S. healthcare systems $290 billion annually. 

Understanding MNA and preventing harmful outcomes are an urgent goal for researchers, 

practitioners, and the pharmaceutical industry. Past years have witnessed rising patient 

engagement in social media, making it a cost-efficient and heterogeneous data source that can 

complement and deepen the understanding of MNA. Yet, such dataset is untapped in existing 

MNA studies. We present the first study to identify MNA reasons from health social media. Our 

model reaches a precision of 89.25%, a recall of 88.48%, and an F1 score of 88.86%, 

significantly outperforming all baseline models. The common reasons are adverse events and 

complex medication plan. Among the identified reasons, social influence and specific population 

are not reported in prior survey studies, proving a great value of social media. The proposed 

method can be utilized by other information systems studies to extract information in 

opinionated texts. The results provide direct implications for providers to understand patient 

behaviors and design interventions. 
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 The third essay uncovers the underlying factors of a major disease risk: opioid addiction. 

Opioid use disorder (OUD) costs the US healthcare systems $504 billion annually and poses 

significant mortality risk. Current studies attempt to understand barriers to OUD treatment using 

surveys to mitigate this opioid crisis. However, the response rate of these surveys is low because 

of social stigma. We explore user-generated content in social media as a new data source to 

study OUD. We design a novel IT system, SImilarity Network-based DEep Learning (SINDEL), 

to discover barriers to OUD treatment from patient narratives and address the challenge of 

morphs. SINDEL significantly outperforms state-of-the-art NLP models, reaching an F1 score of 

76.79%. Thirteen types of OUD treatment barriers were identified and verified by domain 

experts. This work contributes to information systems with a novel deep-learning-based 

approach for social media analytics. We also provide a deeper understanding of the opioid 

epidemic and the hurdles that patients face. 

 The fourth essay focuses on a health policy risk: hospital readmission. Hospital readmission 

refers to the situation where a patient is re-hospitalized with the same primary diagnosis within a 

specific time interval after discharge. Hospital readmission causes $26 billion preventable 

expenses to the U.S. health systems annually and often indicates suboptimal patient care. To 

alleviate those severe financial and health consequences, it is crucial to proactively predict 

patients’ readmission risk. Such prediction is challenging because the evolution of patients’ 

medical history is dynamic and complex. The state-of-the-art studies apply statistical models 

which use static predictors in a period, failing to consider patients’ heterogeneous medical 

history. Our approach – Trajectory-BAsed DEep Learning (TADEL) – is motivated to tackle the 

deficiencies of the existing approaches by capturing dynamic medical history. We evaluate 

TADEL on a five-year national Medicare claims dataset reaching an F1 score of 87.3%. Our 
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approach significantly outperforms all the state-of-the-art methods. Our findings suggest that 

health status factors and insurance coverage are important predictors for readmission. This study 

contributes to IS literature and analytical methodology by formulating the trajectory-based 

readmission prediction problem and developing a novel deep-learning-based readmission risk 

prediction framework. We also deliver implementable methods to assess patients’ readmission 

risk and take early interventions to avoid potential negative consequences. 

 The dissertation framework is shown in Figure 1.1. 

 

Figure 1.1. Dissertation Framework 
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2. ESSAY I: MINING E-CIGARETTE ADVERSE EVENTS IN SOCIAL MEDIA USING 

BI-LSTM RECURRENT NEURAL NETWORK WITH WORD EMBEDDING 

REPRESENTATION 

2.1. Introduction 

An electronic cigarette, or e-cigarette, is an Electronic Nicotine Delivery System (ENDS) 

that delivers a heated aerosol of nicotine in a fashion that mimics conventional cigarettes (Dutra 

and Glantz 2014). E-cigarettes have grown in popularity among all age groups. Research shows 

that 12.6% of adults in the U.S. have tried e-cigarettes in their lifetime (Schoenborn and Gindi 

2015). E-cigarettes have a large market among youth as well. According to the U.S. Food and 

Drug Administration (FDA), e-cigarette use among high school students surged from 1.5% in 

2011 to 16% in 2015 (FDA 2015). The global e-cigarette industry is expected to grow over 

22.36% from 2015 to 2025, reaching a total market value of $50 billion (BIS Research 2016). 

Medical studies have discovered many e-cigarette adverse events that affect a large group of 

users (Callahan-Lyon 2014). Recognizing the potential risks and the growing popularity of e-

cigarette use, the FDA issued new regulations on ENDS in May 2016. The new rules mandate 

that e-cigarette manufacturers evaluate the ingredients of tobacco products and communicate 

their potential risks (FDA 2016a). However, most e-cigarette manufacturers have failed to do so. 

To detect hazards related to e-cigarettes and alert the public, regulatory agencies and public 

health researchers need to take a more proactive role. 

Most existing studies on e-cigarettes developed clinical trials to evaluate the safety issues, 

with limited results due to their small sample size and short duration. Thus, the safety profile of 

e-cigarettes based on clinical trials is incomplete. It is essential to conduct post-marketing 

surveillance and monitor the hazards related to e-cigarettes. Although post-marketing monitoring 
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systems, such as the FDA’s MedWatch, have been established to collect reports of adverse 

events, most users are not aware of such systems. Consequently, a significant number of e-

cigarette adverse events have never been reported. Also, current methods to detect e-cigarette 

adverse events, such as clinical experiments and the MedWatch system, require huge human 

capital and research budgets. There is a great need to explore cost-efficient reporting channels 

for e-cigarette adverse events. 

As social media has grown in popularity, many e-cigarette discussion forums have emerged 

and received attention from vendors, consumers, healthcare professionals, and other 

stakeholders. Their social media engagements have become a valuable source for understanding 

e-cigarette user behavior, health effects, and marketing practices. Figure 2.1 shows two examples 

of e-cigarette discussions in social media. 

 

Figure 2.1. Examples of E-cigarette Discussions in Social Media 

Recognizing the value of consumer-generated content about e-cigarettes in social media, we 

aim to develop a natural language processing (NLP) approach to understanding e-cigarette safety 

issues. Our research testbed is composed of posts from the world’s largest e-cigarette discussion 

forum. Leveraging the recent developments in deep neural network methods, we utilize word 

embedding to represent semantic meaning in consumer vocabulary. We develop a novel 

Bidirectional Long Short-Term Memory (Bi-LSTM) Recurrent Neural Network model to 

identify e-cigarette safety issues from unstructured social media text. To the best of our 

knowledge, this study is among the first to develop a deep neural network approach for medical 

entity recognition in social media. Our study contributes to both health information extraction 
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methodology and regulatory practice for ENDS product safety surveillance. By incorporating the 

LSTM unit and the bidirectional architecture, our Bi-LSTM model can be generalized to various 

entity recognition problems in the health informatics domain. The adverse events identified in 

this study can be referenced by regulatory agencies for decision support. 

2.2. Literature Review 

2.2.1. E-cigarette Adverse Events 

E-cigarette safety monitoring usually has two phases: pre-marketing review and post-

marketing surveillance. In the pre-marketing phase, e-cigarette vendors, the FDA, and 

researchers rely on experiments or surveys to examine e-cigarette safety with a small sample of 

users (10-30 subjects) (Flouris et al. 2013; Vansickel et al. 2010; Vardavas et al. 2012). These 

surveys and experiments have identified adverse events such as increased heart rate (Vansickel et 

al. 2010), decreased fractional exhaled nitric oxide (Vardavas et al. 2012), increased white blood 

cells, and increased interleukins and epidermal growth factor (Flouris et al. 2013). However, due 

to limited sample size and short experiment duration, many review studies are incapable of 

detecting rare adverse events and long-term effects of e-cigarettes (Farsalinos and Polosa 2014; 

Ji et al. 2011). Moreover, most pre-marketing e-cigarette review studies are conducted in 

controlled settings with constrained use cases. Risks associated with extreme cases such as high 

temperature are rarely examined. As a result, many adverse events that could affect a massive 

consumer base cannot be detected in pre-marketing reviews. To this end, large-scale post-

marketing surveillance is essential for building safety profiles of e-cigarette products. 

The responsibility for current post-marketing surveillance of e-cigarette mainly lies in the 

FDA’s MedWatch system. The MedWatch system allows users to report adverse events for 

medical products (FDA 2016b). However, this voluntary reporting system has not shown success 



 

 21 

in e-cigarette safety monitoring. Since MedWatch started to collect reports about e-cigarette 

safety issues in 2008, the annual report numbers haven’t exceeded thirty (Chen 2013).  

While regulatory agencies struggle to obtain information about e-cigarette, consumers have 

shared a significant amount of their experience in social media, making it a promising source for 

collecting reports of e-cigarette adverse events. For instance, E-Cigarette Forum, the largest 

social media platform for e-cigarette consumers in the world, contains over 17 million posts from 

about 250,000 registered members. To utilize social media data for e-cigarette adverse event 

detection, we need to identify entity names such as chemical compounds and medical events 

(Derczynski et al. 2015). However, very few studies on e-cigarette safety monitoring utilized 

social media data. To understand the state-of-the-art techniques of medical entity recognition in 

social media, we reviewed social media surveillance studies for medical products. 

2.2.2. Adverse Events Extraction in Social Media 

Social media has been adopted for post-marketing surveillance of many medical products 

(Liu and Chen 2015; Sarker et al. 2015; Vilar et al. 2011; Wang et al. 2014). These studies 

demonstrate the value of social media in complementing the traditional medical product safety 

monitoring systems. Two common approaches have been developed for medical entity 

extraction: lexicon-based methods and statistical learning methods. Lexicon-based approaches 

leverage medical term dictionaries, such as the UMLS (NLM 2009), GATE (Cunningham et al. 

2013), and MedLEE (Friedman 2000), to map user-generated words to standard medical 

concepts and their entity types. They usually achieve low accuracy (around 20% to 60%) (Liu 

and Chen 2015; Osborne et al. 2014), because lexicon-based methods cannot detect variations of 

medical terms used in social media, such as consumer vocabularies, typos, and abbreviations. 

The state-of-the-art statistical learning method, Conditional Random Fields (CRFs), usually 
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achieve a higher precision (60%-90%) than lexicon-based methods (Lei et al. 2014; K. Li et al. 

2015). Nevertheless, their recalls are still low (only 40% to 70%)(Benson et al. 2011), because 

CRFs treat words as discrete atomic symbols and require accurate input for training and 

prediction. Unfortunately, in social media, there are a large number of word variations and hence 

CRFs are not as successful as they are in extracting entities from other text genres. More 

advanced models that can address the word variations and data sparsity issues are needed. 

Recent developments in deep neural networks address the word variation issue by capturing 

the semantic meaning of words and achieve higher performance in entity extraction (Lample 

2016). According to the Distributional Hypothesis, words with similar meanings occur with 

similar neighbors (Rubenstein and Goodenough 1965). Word embedding represents each word in 

a vector of its surrounding words. Such method enables us to represent a medical term with its 

semantic context instead of the symbolic term itself. We can effectively represent sparse entities, 

entities with typos, and entities with variations in social media data using word embedding. A 

recurrent neural network (RNN) is a class of artificial neural network where connections 

between units form a loop. This loop creates an internal state in the network and enables 

information to persist during the learning process (Nogueira et al. 2014). RNN models with word 

embedding input achieve good performance in many sequence learning tasks, such as part-of-

speech tagging, named entity recognition, and machine translation. However, a standard RNN is 

not capable of learning long-term dependency (long input sequence), as is often seen in social 

media text. Long Short-Term Memory (LSTM) RNNs, an improvement over standard RNNs, 

address the long-term dependency issue. An LSTM RNN can add or remove information in each 

internal state through the internal gates in the LSTM units. Both standard RNNs and LSTM 

RNNs have restrictions, as the future input information cannot be reached at the current state. A 
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Bidirectional Long Short-Term Memory (Bi-LSTM) RNN connects two hidden layers from 

opposite directions to the same output, thus making future input data available for the current 

state. Bi-LSTM RNNs have achieved leading performance for named entity recognition on noisy 

user-generated text because of their ability to consider interconnected information in a sentence 

(Lample 2016).  

2.2.3. Research Gaps 

Although social media provides information related to e-cigarette safety on a large scale, 

there is very limited research in this area. The primary challenge is to interpret consumer health 

vocabulary and extract useful information for e-cigarette safety monitoring from user-generated 

textual data. To address this issue, we propose to develop a Bi-LSTM model for e-cigarette 

adverse event detection. Our approach incorporates the state-of-the-art word embedding and Bi-

LSTM to identify e-cigarette components and medical events from social media. Word 

embedding can address the sparse entity and word variation issues in social media. The Bi-

LSTM model can map an input embedding sequence to the predefined entity types with high 

performance. Our proposed method can also be utilized to solve various social media mining 

problems, such as adverse drug event detection, drug-drug interactions, and more. 

2.3. Methods 

2.3.1. Data Collection and Annotation  

Our research data was collected from E-Cigarette Forum1, the largest e-cigarette online 

forum in the world. To ensure that the discussions are relevant to e-cigarette safety issues, we 

filtered the posts by focusing our analysis on three sub-forums: Health, Safety, and Vaping2; 

 
1 https://www.e-cigarette-forum.com/forum/ 

2 Vaping is the behavior of inhaling and exhaling vapor generated by e-cigarette devices 
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Tobacco Harm Reduction; and Nicotine. These three sub-forums were selected because their 

discussions mostly concentrate on e-cigarette safety issues such as adverse events. Our testbed 

encompasses 197,106 users, 6,054,832 posts, 155,296 threads and 64 e-cigarette brands. We 

collected posts from April 1st, 2008 to September 9th, 2015. 

Since one post may contain multiple sentences, we segmented the posts into sentences with 

the sentence boundary detection package from NLTK3. Five thousand sentences were randomly 

selected from the testbed, with 4,000 in the training set and 1,000 in the test set. Two expert 

annotators independently labeled the sentences for entity types. We list ten entity types included 

in our annotation in Table 2.1. 

Table 2.1. Entity Types 

Entity Type Explanation Examples 

body part Part of the human body Chest, head, throat 

chem 

Chemical compounds and components 

of e-liquid (chemical liquid used in e-

cigarettes) 

VG, PG, nicotine 

device E-cigarette device 
Madvapes, anjelvape77, 

atomizer 

event 
User-reported adverse events after 

using e-cigarette 
Headache, vomit, dizzy 

flavor E-liquid flavors Banana, cherry, apple 

num Numbers 10, 20mg, 5.23 

people People I, son, Peter 

time Time Today, 2015, 3:50 

unit Unit of weight, distance, etc. Watts, mg, mile 

na Any other mentioned entities Have, only, on, around 

 

Each word was labeled with an entity type. Figure 2.2 shows an example of sentence 

annotation. “eos” stands for end of the sentence.  

 

 
3 http://www.nltk.org 
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Figure 2.2. Annotation Example 

To measure the inter-annotator reliability, we used Cohen’s kappa (Blackman and Koval 

2000). The kappa value is 0.96 for the E-Cigarette Forum data annotation. A third annotator 

reviewed the disagreements and made the final judgment. Finally, the ground truth was 

generated, containing 4,000 training sentences and 1,000 test sentences. The statistics of the 

training and test sets are shown in Table 2.2. 

Table 2.2. Statistics of Annotated Data 

Type Training Set Test Set 

No. of sentences 4,000 1,000 

No. of words 84,830 21,036 

No. of unique words 8,108 3,405 

No. of bodypart mentions 1,002 258 

No. of chem mentions 2,181 538 

No. of device mentions 1,545 406 

No. of event mentions 1,784 545 

No. of flavor mentions 176 13 

No. of num mentions 1,353 389 

No. of people mentions 7,607 1,888 

No. of time mentions 1,019 221 

No. of unit mentions 227 201 

 

2.3.2. Word Embedding Representation 

We first trained an embedding model using the Skip-gram method in Word2vec (Mikolov, 

Sutskever, et al. 2013) on the entire forum corpus. Each unique word in the corpus was assigned 

a number. The Skip-gram method predicts what words are likely to co-occur with the word of 

interest. The formula and description below detail the model. T is the number of unique words in 

the training corpus; c is the window size of the surrounding words. Words that appear within the 

distant of c are considered as the surrounding words. 𝑤𝑡+𝑗  are the words surrounding 𝑤𝑡 . Given a 

word 𝑤𝑡 , the training objective is to maximize the average log probability: 
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1

𝑇
∑ ∑ log 𝑝(𝑤𝑡+𝑗|𝑤𝑡)

−𝑐≤𝑗≤𝑐,𝑗≠0

𝑇

𝑡=1

. 

The resulting model obtains an array of semantic vectors, also known as the word 

embeddings, containing predicted neighbor words of each word in the corpus. In our experiment, 

we used a 50-dimensional word embedding to represent a unique word. A 50-dimensional word 

embedding is composed of 50 words that are most likely to appear around the word of interest. 

Word embedding enables us to represent medical entities in social media text when their 

semantic information is similar to that of standard medical terms. To avoid rare words appearing 

in word embedding and negatively affecting the model performance, we pruned the vocabulary 

by replacing the less frequent words with a unified symbol “UNK” (short for the unknown 

token). We kept the top 5,000 frequent words in their original form and replaced the remaining 

words with UNK. After the training, we generated a 50-dimensional embedding model.  

2.3.3. Bi-LSTM RNN Model 

Our research objective, to identify the entity types related to e-cigarette adverse events, can 

be considered as a named entity recognition task. In online forums, many user-generated posts 

contain long sentences. Besides, the semantic meaning of a word may be influenced by the 

words before and after. Motivated by this intuition, we designed a language model that can 

handle long sentences and process sentences both forward and backward, thus capturing the 

previous and future word information at the same time. To this end, we developed a 

Bidirectional LSTM model to extract medical entities from the online forum text.  

Given an input vector (𝑥1, … … , 𝑥𝑇), a RNN computes the output (𝑦1, … … , 𝑦𝑇) by iterating 

the following equations: 

                                               ℎ(𝑡) = 𝑠𝑖𝑔𝑚(𝑈𝑥(𝑡) + 𝑊ℎ(𝑡−1)); 
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                                               𝑜(𝑡) = 𝑉ℎ(𝑡). 

sigm is the sigmoid function. U, W, and V are the weight vectors. At each time step, the 

RNN takes the last hidden state ℎ(𝑡−1) and the current input 𝑥(𝑡) to compute the current hidden 

state ℎ(𝑡), and it uses the current hidden state ℎ(𝑡) to compute the current output 𝑜(𝑡). The current 

hidden state ℎ(𝑡) is further passed to the next iteration to calculate the next hidden state ℎ(𝑡+1). 

LSTM is a unique RNN architecture. Each LSTM unit contains an input gate 𝑖(𝑡), a forget 

gate 𝑓(𝑡), an output gate 𝑜(𝑡), a memory cell 𝑐(𝑡), and a hidden state ℎ(𝑡). The LSTM unit 

computes the output by iterating the following equations: 

                                              𝑖(𝑡) = 𝑠𝑖𝑔𝑚(𝑊𝑖𝑥
(𝑡) + 𝑈𝑖ℎ(𝑡−1) + 𝑏𝑖); 

                                              𝑓(𝑡) = 𝑠𝑖𝑔𝑚(𝑊𝑓𝑥(𝑡) + 𝑈𝑓ℎ(𝑡−1) + 𝑏𝑓); 

                                              𝑜(𝑡) = 𝑠𝑖𝑔𝑚(𝑊𝑜𝑥(𝑡) + 𝑈𝑜ℎ(𝑡−1) + 𝑏𝑜); 

                                              𝑢(𝑡) = 𝑡𝑎𝑛ℎ(𝑊𝑢𝑥(𝑡) + 𝑈𝑢ℎ(𝑡−1) + 𝑏𝑢); 

                                              𝑐(𝑡) = 𝑖(𝑡)⨀𝑢(𝑡) + 𝑓(𝑡)⨀𝑐(𝑡−1); 

                                              ℎ(𝑡) = 𝑜(𝑡)⨀ tanh (𝑐(𝑡)). 

𝑥(𝑡) is the input at time step t. ⨀ denotes element-wise multiplication. 𝑊, 𝑈, and 𝑏 are the 

weight vectors of the gate parameters. The forget gate controls the extent to which the previous 

memory cell is forgotten, the input gate controls how much each unit is updated, and the output 

gate controls the exposure of the internal memory state (Tai et al. 2015a). 

A Bi-LSTM consists of two LSTMs that run in parallel: one on the input sequence and the 

other on the reverse of the input sequence. At each time step, the hidden state of the Bi-LSTM is 

the concatenation of the forward and backward hidden states. This setup allows the hidden state 

to capture both past and future information. To reduce computational complexity, we train a 50-

dimensional word embedding model, meaning each word is converted to a 50-dimensional 
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semantic vector. Then the word sequence is represented as an embedding sequence, which is 

passed to the Bi-LSTM layer. Instead of using a large hidden layer size, we use 150 neurons in 

the Bi-LSTM layer to avoid over-fitting. This hidden layer size setup has also been successfully 

tested in other studies (Ling et al. 2015). The outputs of the Bi-LSTM layers are then processed 

to a Softmax classifier, which predicts the entity type of each word in the input sentence. A 

graphic illustration of our Bi-LSTM is shown in Figure 2.3. 

 

Figure 2.3. The Bi-LSTM RNN Architecture 

The Bi-LSTM model was trained on the annotated 4,000 sentences, with 1,000 sentences as 

the validation set (for cross validation). Another 1,000 annotated sentences were used as the test 

set. The model can predict the entity type of each word in the sentence automatically. The entity 

types are shown in Table I. 

2.3.4. Baseline Models 

Conditional Random Fields (CRFs), a class of undirected statistical graphical model, have 

been widely adopted as the state-of-the-art named entity recognition (NER) method (Ritter et al. 

2011; Turian et al. 2010). We used CRFsuite (Okazaki 2007) as the implementation for our CRF 



 

 29 

baseline because it is fast. It can generate features automatically given the training text and 

provides a simple interface for training the input features. The CRF classifier can predict the 

entity types given new sentences. 

MetaMap is a Java API that accesses the Unified Medical Language System (UMLS), a 

medical dictionary maintained by the National Library of Medicine (NLM). Many medical 

studies have used MetaMap to find biomedical concepts from text (Aronson and Lang 2010; 

Osborne et al. 2014). We used MetaMap to identify the entity types of the words given the input 

sentences in the test set. We selected 21 entity types in the MetaMap entity type option, which 

are shown in Table 2.3. 

Table 2.3. UMLS Entity Types 

Entity Type UMLS Entity Type 

bodypart 
bdsy (Body System), blor (Body Location or Region), bpoc (Body Part, Organ, or 

Organ Component) 

chem 

chem (Chemical), chvf (Chemical Viewed Functionally), chvs (Chemical Viewed 

Structurally), clnd (Clinical Drug), elii (Element, Ion, or Isotope), enzy (Enzyme), 

hops (Hazardous or Poisonous Substance), inch (Inorganic Chemical), orch 

(Organic Chemical), phsu (Pharmacologic Substance) 

device drdd (Drug Delivery Device), medd (Medical Device) 

event 

acab (Acquired Abnormality), dsyn (Disease or Syndrome), inpo (Injury or 

Poisoning), mobd (Mental or Behavioral Dysfunction), patf (Pathologic Function), 

sosy (Sign or Symptom) 

flavor No match 

num qnco (Quantitative Concept) 

people humn (Human), famg (Family Group) 

time tmco (Temporal Concept) 

unit No match 

 

Consumer Health Vocabulary (CHV) complements the existing UMLS framework and helps 

to interpret consumer health vocabularies. CHV covers all entity types in the UMLS and enables 

the translation of consumer language to professional technical terms. We utilize CHV to map 

medical terms in informal and nontechnical language to standard medical terms and then use 

MetaMap to identify their entity types. 
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2.4. Results 

2.4.1. Evaluation 

To evaluate the performance of our proposed model, we adopted precision, recall, and F-

measure metrics. We compared our model with three strong baseline models: lexicon-based 

named entity recognition with MetaMap and CHV, and the state-of-the-art statistical learning 

model CRF. The annotated data was divided into two parts: 80% for training and the remaining 

20% for testing. The precision (P), recall (R), and F-measure (F) for all entity types are shown in 

Table 2.4. The bold numbers are the best performance for each entity type. 

Table 2.4. Experiment Results 

Entity 

Type 

MetaMap MetaMap+CHV CRF Bi-LSTM RNN 

P R F P R F P R F P R F 

All 42.5% 21.7% 28.7% 26.9% 18.6% 22.0% 95.9% 75.3% 84.4% 94.1% 91.8% 92.9% 

Body part 75.4% 55.3% 63.8% 35.7% 22.9% 27.9% 95.2% 67.0% 78.6% 93.9% 89.8% 91.8% 

Chemical 67.8% 35.2% 46.3% 30.0% 33.6% 31.7% 98.9% 65.9% 79.1% 82.1% 91.5% 86.5% 

Device 4.9% 0.7% 1.2% 4.8% 0.7% 1.2% 99.1% 79.0% 87.9% 94.4% 91.9% 93.1% 

Event 65.6% 45.6% 53.8% 31.2% 42.5% 36.0% 99.5% 38.6% 55.6% 91.9% 77.3% 84.0% 

Flavor 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 100.0% 6.7% 12.6% 84.6% 73.3% 78.6% 

Number 59.3% 100.0% 74.5% 18.5% 37.8% 24.8% 78.5% 94.6% 85.8% 96.5% 98.4% 97.4% 

People 57.9% 2.3% 4.4% 47.6% 1.1% 2.2% 99.8% 91.1% 95.3% 98.6% 96.7% 97.6% 

Time 29.0% 83.8% 43.1% 29.4% 83.3% 43.5% 99.4% 72.5% 83.8% 95.7% 89.1% 92.3% 

Unit 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 70.3% 31.8% 43.8% 88.2% 82.5% 85.3% 

 

Our model achieved much higher recall and F-measure than the three baseline models for all 

entity types, mainly due to the capability to recognize adverse event entities with variations and 

rare adverse events in social media. Combining MetaMap and CHV achieved worse performance 

than using MetaMap alone, mainly because of the semantic drift that CHV caused. Many 

common words were extracted as medical entities of interest based on CHV when they should 

not be. For instance, CHV converted “us” to “the United States,” “an” to “autonomic nervous 

system,” and “me” to “chronic fatigue syndrome.” This negatively affects the accuracy of the 

system. 
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2.4.2. E-cigarette Related Concepts 

We applied our Bi-LSTM model to the entire corpus. Together with the expert-annotated 

dataset, we have identified 1,591 unique adverse events and 9,930 unique e-cigarette components 

(i.e., chemicals, flavors, and devices) from the entire research corpus. As mentioned before, word 

embedding contains semantic information of words. Words with similar semantic meaning have 

similar vector representation. To demonstrate this feature of word embedding, we visualized the 

semantic similarity of words based on the embedding representations. We used the t-SNE 

technique (Maaten and Hinton 2008), which reduces the dimensions of the embedding from fifty 

to two while preserving the relevant distance among the vectors. Words related to e-cigarette are 

plotted in Figure 2.4. 

 

Figure 2.4. Word Embedding Visualization for E-cigarette Related Entities 



 

 32 

In the word embedding visualization, semantically similar words are clustered together. For 

instance, most words in the red circle are about adverse events, words in the blue circle are 

basically about chemicals, and words in the green circle are related to flavors. This result 

indicates that word embedding represents semantically similar words with similar vectors, and 

this representation is invariant to different spellings of words. 

There are 34,287 adverse event entities (1,591 unique ones). The adverse event entities 

account for 8.49% of all the extracted entities. Cough, headache, allergy, asthma, sore throat, and 

migraine were very commonly reported among e-cigarette users. Allergy, eye-twitch, fatigue, 

and asthma, which can potentially lead to serious health outcomes, have not been noted by the 

FDA. The new reports of adverse e-cigarette events will be valuable to the FDA’s product safety 

monitoring program. We also identified 59,597 chemical entities (6,509 unique ones, i.e., vg, pg, 

caffeine, nicotine), 2,879 flavor entities (334 unique ones, i.e., chocolate, cherry, banana, vanilla) 

and 36,548 device entities (3,087 unique ones, i.e., madvapes, cloupor, anjelvape77, vapemail). 

Chemical entities account for 14.79% of all the extracted entities, flavor entities account for 

0.71%, and device entities account for 9.05%.  

2.5. Discussion 

2.5.1. Findings 

This research aims to extract the adverse events related to e-cigarette from social media 

content. We developed the Bi-LSTM model with word embedding as the input representation. 

Although our model had a slightly lower precision than the CRF model, it achieved much higher 

recall, resulting in the best F-measure among three strong baseline models. Our proposed method 

addresses the issues of the existing entity recognition methods. Our evaluation results show that 

our model reaches a precision of 94.10%, a recall of 91.80%, and an F-measure of 92.94%. The 
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recall is 16% higher than the state-of-the-art CRF method, and the F-measure is 8% higher than 

CRF. The high recall ensures that our model can detect most of the relevant adverse events from 

the corpus data. We detected e-cigarette related entities such as adverse events, chemical 

compounds, flavors, and devices. Some adverse events that we identified have not been noted by 

the FDA yet, including allergy, eye-twitch, fatigue, and asthma. Since the FDA has just started to 

regulate e-cigarettes, they have received limited e-cigarette safety reports. Social media, 

however, has matured and accumulated a large volume of e-cigarette discussions and feedback. 

In this sense, this data source provides valuable insights that are unnoted by the FDA. 

2.5.2. Implications 

First, our proposed Bi-LSTM is very useful in extracting medical entities from user-

generated content. Compared to other entity recognition methods, our method achieved a much 

higher recall, meaning our model can identify medical entities that have typos, abbreviations, and 

other variations in social media content. This is because the Bi-LSTM with word embedding is 

able to capture and process the semantic meaning of words. Furthermore, our approach, which 

uses social media data, can assist e-cigarette post-marketing surveillance and increase the 

understanding of users’ experiences with e-cigarettes. Our method automatically identifies 

discussions about adverse events, chemical compounds, e-cigarette device parts, and brands with 

high accuracy. This information can help clinical practitioners see from the consumers’ 

perspective and gain better knowledge about emerging issues in the e-cigarette market. These 

user experiences will complement clinical experiments and enrich the knowledge of e-cigarette 

safety issues. Moreover, our research can improve consumer awareness of harmful outcomes of 

e-cigarette use. While most campaigns promote e-cigarettes as a benign alternative to 

conventional cigarettes or other tobacco products, few new consumers are aware that e-cigarette 
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use can cause adverse events. Our findings can also provide supplemental information for 

regulatory agencies to improve consumer awareness of harmful outcomes of e-cigarettes. 

2.5.3. Limitations 

First, we trained a Bi-LSTM model to reduce computational complexity. To obtain higher 

performance, we can train an LSTM network, though at the cost of longer training duration. 

Second, the word embedding model contains 50 dimensions. Higher-dimensional embedding 

models can be trained to capture more accurate semantic information. Third, we did not consider 

the relationships between adverse events and chemical compounds. Relation extraction can be 

applied to identify the adverse events related to a particular chemical compound. Fourth, social 

media surveillance alone is not enough for comprehensive e-cigarette safety regulation. Clinical 

experiments, together with complementary online surveillance, will improve clinical 

implications. For future research, more sophisticated models can be tested and further analysis 

such as relation extraction can be performed. 

2.6. Conclusion 

E-cigarettes have been proven to cause adverse effects. However, previous medical studies 

and e-cigarette safety monitoring systems failed to identify adverse e-cigarette events on a large 

scale. This study aims to extract e-cigarette related information from a large volume of social 

media data. We developed a high-performance information extraction framework for e-cigarette 

social media safety surveillance using a deep neural network method. Although the CRF baseline 

model had a slightly better precision, our Bi-LSTM RNN model achieved much higher recall, 

resulting in a higher F-measure than strong statistical learning and lexicon-based baselines. To 

the best of our knowledge, we are among the first to develop a deep neural network-based 

approach for understanding medical information in social media, and this is also the first study to 
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examine e-cigarette safety issues on a large scale. By incorporating the LSTM unit and the 

bidirectional architecture, our proposed Bi-LSTM model can accurately extract relevant medical 

entities in social media data. This framework can be generalized to solve other problems such as 

adverse drug event detection and drug-drug interaction. Based on the extracted information, we 

identified adverse events unnoted by the FDA and prior studies, which further demonstrates the 

value of user-generated social media content for e-cigarette safety surveillance. Our research 

supports tobacco product regulatory policy makers by providing new evidence of harmful e-

cigarette effects, such as allergy, eye-twitch, fatigue, and asthma. We also contribute to health 

informatics research by designing a novel computational method for named entity recognition. 

Future research can focus on finding the best configuration of model parameters, such as the 

number of hidden layers and word embedding dimensions. 
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3. ESSAY II: UNDERSTANDING MEDICATION NONADHERENCE FROM SOCIAL 

MEDIA: A SENTIMENT-ENRICHED DEEP LEARNING APPROACH 

3.1. Introduction 

Medication nonadherence (MNA) is a complex and multidimensional healthcare problem. It 

is defined as the extent to which patients do not follow the recommendations for prescribed 

treatments (Hugtenburg et al. 2013). Despite evidence that medical therapy prevents death and 

improve quality of life, numerous studies have shown that fewer than 50% of patients with 

chronic diseases adhere to medication regimens as prescribed (Traverso and Langer 2015).  

 As a consequence of MNA, a substantial number of patients suffer from severe health 

conditions as well as increased healthcare costs. The adverse outcomes of MNA include 

intensified pharmacotherapy with increased dosage of medications, the risk of adverse effects, 

physician frustration, misdiagnoses, and in more extreme situations, exacerbation of disease and 

fatality (Dunbar et al. 2008). The high morbidity and mortality caused by MNA lead to estimated 

deaths 125,000 per year and 33% to 69% of medication-related hospital admissions in the United 

States. MNA accounts for $290 billion in preventable annual costs in the United States and 19% 

of all drug-related emergency room visits (Traverso and Langer 2015). Clear alignment exists 

among key stakeholders, including patients, health providers, policymakers, and payers, to 

improve medication adherence. Understanding the reasons for MNA is the premise for 

formulating practical and effective strategies to improve medication adherence.  

In this study, we define the reasons for medication nonadherence (MNA reasons) as patient 

self-described factors leading to his or her nonadherence decision. Our research objective is to 

propose and evaluate an innovative computational approach to understanding MNA reasons for 

given medications.  
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Existing research has investigated MNA behaviors among patients with mental illnesses, 

diabetes, and heart diseases via surveys (Marcum et al. 2013; Offord et al. 2013; Williams et al. 

2014). This approach is impeded by major deficiencies. First, most surveys focus on a single 

medication or a particular disease class. In reality, the majority of patients take multiple 

medications for various medical problems. Given the narrow focus of single disease-driven or 

treatment-driven survey studies, the adherence interventions from survey results are not 

applicable to broader patient population and disease classes. Second, existing surveys and 

adherence interventions are provider-centered, as direct and timely communications from 

patients are difficult to obtain. This provider perspective on MNA per se is not sufficient, 

because providers have little control over the actual adoption of daily medication-taking 

behaviors. Evidence suggests that patients’ perspectives and decision-making are lacking in 

existing medication adherence research (Xie et al. 2017b). 

A recent survey shows that 61% of adults search online for health information, and 59% of 

them have participated in health social media platforms (Pew Internet Research 2013). As more 

patients participate in online health social networks and discussion boards, these platforms offer 

a vast amount of medication experience from patients’ perspectives. Due to the anonymous 

nature of health social media discussions, patients are more willing to elaborate on their reasons 

for adhering to or discontinuing medications (Goh et al. 2016). This large-scale patient self-

reported information creates an unprecedented prospect for studying MNA reasons from 

patients’ decision-making standpoint (Chen et al. 2012). To our best knowledge, no social media 

approach has been taken in MNA studies. 

To understand MNA reasons using social media, researchers still face significant challenges 

despite its enormous potential. Social media users usually describe diseases and symptoms with a 
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wide range of consumer health vocabulary. For instance, rheumatoid arthritis is often described 

as “joint pain” or “joint swelling.” Irrelevant discussions in health social media are abundant, far 

outnumbering those about MNA. Studies show that patients discuss non-ailment topics such as 

TV, family, and school in social media (Paul et al. 2014). Figure 3.1. shows two posts from a 

popular online health community (WebMD.com). The above-mentioned challenges are 

highlighted in the posts.  

 

Figure 3.1. An Example of Technical Challenges in Health Social Media 

 This work is motivated by the critical need for fine-grained social media analytical 

techniques to understand MNA reasons. We propose a computational method – Sentiment-

Enriched DEep Learning (SEDEL) – that addresses patients’ varied health vocabulary, scarce 

MNA-related narratives, and feature sparsity issues. SEDEL extends the state-of-the-art social 

media analytical techniques with a novel sentiment-enriched representation and a new hybrid 
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deep learning architecture. The sentiment-enriched component improves the representation of 

varied patients’ health vocabulary and detects MNA reasons more effectively. Furthermore, the 

deep learning architecture enhances the learning performance in the minority classes through a 

recurrent hierarchical structure. This hierarchical design improves the performance of extracting 

sparse MNA-related narratives. 

Our study makes the following contributions to information systems literature and 

methodology as well as healthcare practice. First, we design a Sentiment-Enriched DEep 

Learning (SEDEL) approach to identifying MNA reasons. In our empirical analyses, we 

analyzed 53,180 reviews for 180 drugs, and MNA reasons were detected with high accuracy. 

Our approach significantly outperforms the baseline methods in detecting MNA reasons from 

health social media text. The performance enhancement is mainly contributed by the sentiment-

enriched component, which accounts for the unique characteristics of MNA-related narratives in 

patient-generated content. The deep learning architecture can enhance the learning performance 

on the limited MNA-related information. Our proposed sentiment-enriched computational 

approach could also be generalized to analyze any other opinionated text, such as product 

reviews, physician reviews, and commentary articles. 

Second, the SEDEL method is implementable in electronic health record systems. This 

method could collect social media data relevant to medication nonadherence in real time. At the 

time of prescription, the method could show the potential medication nonadherence reasons for a 

particular drug and patient group. Understanding those reasons in advance enables proactive 

disease management and interventions. 

Third, our empirical findings complement current behavioral health science research in 

medication nonadherence with comprehensive patient experience data. We discovered nine 
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categories of MNA reasons, including many unreported by prior studies, such as drug switching, 

social influence, and the specific population4. Our findings provide valuable insights for medical 

professionals and insurance companies to understand MNA behaviors from patients’ 

perspectives. Tailored preventive actions and interventions can be taken accordingly to improve 

disease management and reduce healthcare costs. 

3.2. Literature Review 

Our study is related to four research streams: medication nonadherence, social media 

analytics and design science, aspect mining and reason mining , and representation learning and 

deep learning methods. We review relevant work in medication nonadherence in order to design 

an evidence-based framework for improving nonadherence. To formulate our research problem 

and propose a proper design, we survey the literature in social media analytics, design science, 

and aspect mining. Deep artificial neural networks have won numerous contests in machine 

learning and natural language processing. We compactly summarize relevant work in 

representation learning and deep learning to draw inspiration from this advanced research area.  

3.2.1. Medication Nonadherence 

Medication nonadherence has drawn significant interest from clinical practitioners, 

policymakers, and researchers in the past decade. We review the literature on medication 

nonadherence, focusing on the prevalence of MNA, critical factors for nonadherence, and 

potential intervention strategies.   

The adherence rate and MNA outcomes for a particular drug class or among a patient group 

are usually evaluated with surveys. Subject group sizes in these surveys range from 19 to over a 

 
4 Specific population refers to the patients in certain age or disease groups, such as child, pregnant or 

breastfeeding woman, and liver disease patients. These patients may stop medication for other health 

considerations. 
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thousand patients (Weidenbacher et al. 2015). The nonadherence rates in prior studies range 

from 16% among diabetes patients to 40.7% among cardiovascular disease patients (Marcum et 

al. 2013). Harmful outcomes of MNA include re-exacerbation and hospitalization for 

schizophrenia (Offord et al. 2013); treatments and deterioration for liver diseases (Serper et al. 

2015); and irritability, dysphoria, and nausea for anticholinergics (John J. Miller 2013).  

To take proactive interventions to avoid these consequences, medical professionals and 

researchers utilize surveys to understand patients’ reasons for medication nonadherence. A 

summary of evidence-based reasons for nonadherence and corresponding clinical strategies to 

improve adherence is listed in Table 3.1.  

Table 3.1. Medication Nonadherence Reasons and Clinical Strategies in Prior Research 

Reason Type Definition Clinical Strategies to Improve Adherence 

Low health 

literacy 

Low ability to read, understand 

and use information to make 

treatment decisions (Sørensen et 

al. 2012). 

1. Use education to give instructions to patients 

2. Give instructions to a second person 

3. Use community liaisons to reinforce information 

Poor provider-

patient 

communications 

Communication gaps among 

patients, caregivers, and providers 

(Bosworth et al. 2011) 

1. Communication training for clinics and provider staff 

2. Engage patients in using e-health diaries 

3. Avoid overwhelming patients, using jargon, and failing 

assess patient understanding 

Complex 

medication plan 

The complexity of a medication 

regimen and the use of multiple 

medications (Bosworth et al. 2011; 

Hugtenburg et al. 2013) 

1. Simplify the dosing regimen 

2. Alter the administration route  

3. Explore the patient’s preference for dosing schedule 

4. Use electronic adherence aids 

No-fill of first 

prescription 

Failure to fill first-time 

prescriptions (Tamblyn et al. 2014) 

1. Dispense the first week of medications to the patients at 

discharge or in the clinic  

2. Discuss the patient’s willingness to take new drugs 

3. Identify a person to obtain the medication for the patient 

Forgetfulness 

Forgetfulness and not knowing 

exactly how to use medications 

(Bosworth et al. 2011) 

1. Choose drug available in a calendar blister-packaging 

2. Enroll patient in a follow-up program to receive reminder 

triggers from a pharmacist 

3. Include a caregiver in the communication for reminders 

4. Engage patients with an accountability partner of their 

choice 

Cost prohibitive 

for patients 

Financial challenges for patients 

(Gibson et al. 2005; Goldman et al. 

2007). 

1. Select a different medication or a generic  

2. Identify a local low-cost drug program 

3. Identify a payment program for non-generic drugs 

Non-responders 

or medication 

ineffectiveness 

Patients do not respond to specific 

treatments as expected (McHorney 

et al. 2007) 

1. Ask the patient about medication-taking using a validated 

assessment tool 

2. Use a short-term monitor and reevaluate drug response 
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Understanding patient medication nonadherence reasons forms the basis for developing 

effective interventions. Investigations on MNA reasons are still limited in the following aspects. 

First, existing surveys usually focus on one medication at a time, which fall short when patients 

take multiple medications at the same time. Second, patients sometimes are reluctant to reveal 

their real adherence status, and it is time-consuming to obtain research subjects (Krousel-Wood 

et al. 2009). Third, the survey studies only offer a snapshot of the medication nonadherence 

reasons. They cannot profile the nonadherence reasons for newer drugs.  

These limitations lead to a rather low success rate in interventions. Only 36 out of 83 

interventions reported in 70 randomized trials are associated with significant improvement in 

adherence, and only 25 of these trials led to improvement in patient outcomes (Gellad et al. 

2009). To improve the intervention success rate, MNA reason mining requires health data 

sources from a substantial and diverse patient population so that new models can learn from 

various patients and predict MNA reasons for future patients.  

3.2.2. Social Media Analytics and Design Science 

Since the early 2000s, many Web 2.0 applications have created a large amount of user-

generated data on various online social media platforms, such as forums, support groups, Web 

blogs, social network sites, and social multimedia sites (for photos and videos). Powerful 

computational resources combined with the availability of massive social media datasets has 

given rise to a growing body of work that uses a combination of machine learning, natural 

Severe mental 

illness (e.g., 

schizophrenia) 

The presence of coexisting mental 

illness such as depression and 

anxiety (Gellad et al. 2009) 

1. Treat mental health first, then resume other medication 

adherence/interventions and monitoring  

Adverse events 

(e.g., diarrhea, 

weight gain) 

The harmful health outcome 

associated with the use of medical 

products (Bosworth et al. 2011; 

Brown and Bussell 2011) 

1. Attempt to confirm the drug-event relationship 

2. Modify dose 

3. Discontinue medication 

4. Alter medication choice 
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language processing, network analysis, and statistics for the measurement of human behavior and 

population structure at unprecedented scale (Ruths and Pfeffer 2014). 

Health big data from those social media platforms makes innovative projects possible and 

opens opportunities for investigations that can yield insights into and understanding of patient 

decision-making, human motivation, social phenomena, among others (Chen et al. 2012; 

Baesens et al. 2014). Computational methods (e.g., machine learning, natural language 

processing, network analysis, etc.) can be integrated into IT systems to yield more insights from 

the big health data with patients’ vantage point. Information systems literature also stressed the 

value of health social media analytics, as online patient communities provide insights into 

patients’ illnesses and analytics offer the potential to identify adherence to medications. Since 

data being generated is increasingly unstructured and coming from networks of patients, it is 

essential to design more powerful algorithms and better knowledge representation schemes for 

making sense of all this heterogeneous health information. Hevner et al. (2004), Gregor and 

Hevner (2013), and Chen et al. (2012) have emphasized the necessity for such design and 

computational category of IS research and outlined a guideline for design science studies so that 

cutting-edge algorithms can be leveraged to tackle significant problems with societal impact.  

In the meantime, researchers raised concerns that forecasts and analyses being produced from 

social media could misrepresent the real world. Big Data are observational in nature and are 

fraught with many biases such as selection, confounding variables, and lack of generalizability 

(Khoury and Ioannidis 2014). Two major issues in social media analytics contributing to these 

biases are big data hubris and algorithm dynamics (Lazer et al. 2014). “Big data hubris” is the 

implicit assumption that big data are a substitute for, rather than supplement to, traditional data 

collection and analysis. Algorithm dynamics are the changes and design choices made by 
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engineers to improve the service and by consumers in using the service. Empirical research 

stands on a foundation of measurement. It is critical for instrumentation to capture the theoretical 

construct of interest. As a result of algorithm dynamics, measurement might not be stable or 

comparable across cases and over time. To address these issues, Ruths and Pfeffer (2014) an 

provide a guideline to distill the key challenges into operational pieces and particular standards. 

Their recommendations include quantifying the relevant biases from the platform, data, proxy 

population, applying filters for nonhumans in data, and comparing results to existing methods on 

the same data.  

Medication nonadherence is a significant healthcare issue that requires a thorough 

understanding of patients’ motivation and decision-making. Health social media provides a new 

source for researchers to understand the opinions and aspects from the patient perspective. To 

harness the value from social media, we aim to develop fine-grained and scalable text analytical 

methods. Our study is by no means attempting to substitute the survey-based MNA research but 

to enrich the existing knowledge from the provider’s perspective on MNA. We follow the 

guidelines in Ruths and Pfeffer (2014), examine the biases carefully to avoid false conclusion, 

and compare our proposed method with baselines using the same data. 

3.2.3. Aspect Mining and Reason Mining in Social Media 

Extensive literature has developed a fine-grained discipline – aspect mining – to understand 

the factors of various behaviors, such as purchase decision, technology acceptance, among others 

(Zhang and Liu 2014). Table 3.2. shows the recent studies in aspect mining. 

Table 3.2. Recent Studies on Aspect Mining 

Author Year 
Aspect 

Extraction 

Aspect 

Clustering 
Method Data Object Aspect Performance 

Wang et al. (c)  2016 Yes No CRF 3,646 reviews Restaurant Food, price, service F-score: 63% 

Liu et al.  2016 Yes No CRF 5.8m reviews Camera 
Battery life, picture 

quality 
F-score: 73% 

Xiong and Ji  2016 No Yes K-means 1,389 sentences Camera Photo, battery RI: 59% 

Xiong and Ji 2016 No Yes K-means 1,389 sentences Camera Photo, battery Entropy: 1.74 
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Wang et al. (b)  2016 Yes Yes LDA 1,000 reviews Laptop 
Screen, battery, 

usefulness 
Precision: 79% 

Poria et al.  2016 Yes No CNN 7,686 reviews Laptop Battery, camera F-score: 87% 

Fang et al. (b) 2015 Yes Yes LDA 5,632 reviews Tourist spot 
Architecture, park, 

food, museum 
Perplexity: 3,375 

Jeyapriya and 

Selvi  
2015 Yes No Rule-based 100 reviews Camera 

Pictures, resolution, 

memory 
F-score: 80% 

Liu et al.  2015 Yes No RNN 2,358 reviews Laptop Hard disk, screen F-score: 74% 

Li et al.  2015 Yes No CRF 6,847 reviews Mouse 

Durability, 

compatibility, 

sensitivity 

Precision: 65% 

Brisson and 
Torrel  

2015 Yes No CRF 40,160 reviews Smartphone Battery, camera F-score: 68% 

Marrese-Taylor 

et al.  
2014 Yes No CRF 200 reviews Hotel 

Price, food, service, 

pool 
F-score: 73% 

Hai et al.  2014 Yes Yes LDA 10,073 reviews Cellphone 
Screen, battery, fans, 

money 
F-score: 56% 

Patra et al.  2014 Yes No CRF 3,045 sentences Restaurant 
Service, price, food, 

ambiance 
F-score: 72% 

Chen et al.  2014 Yes Yes 
LDA, K-

means 
36k reviews Camera 

Battery, service, 

memory 

Coherence: -

1,450 

 

Products and services of interest in aspect mining include cell phones (Hai et al. 2014), 

cameras (Jeyapriya and Selvi 2015), hotels (Marrese-Taylor et al. 2014), and more. 

The aspects of an object O are defined as its components and attributes (Zhang and Liu 

2014). An aspect expression is an actual phrase that indicates an aspect in the text. Table 3.3. 

shows three examples of aspects and aspect expressions in the cellular phone domain.  

Table 3.3. Aspect and Aspect Expressions of a Cellular Phone 

Aspect Aspect Expressions 

Price Expensive, cannot afford, high price 

Camera High resolution, high-quality picture 

Screen size Big screen, large screen, screen is big 

 

Aspect mining has two subtasks: aspect extraction and aspect clustering (Zhang and Liu 

2014). Aspect extraction aims to identify aspect expressions in texts. As shown in Table 3, it is 

common to use different aspect expressions to describe the same aspect. Aspect clustering 

groups similar aspect expressions and identifies the high-level aspects. Aspect extraction studies 

often utilize topic models such as Latent Dirichlet Allocation (LDA), and sequence learning 

models such as Conditional Random Fields (CRFs) and Recurrent Neural Networks (RNNs) to 

identify the aspect expressions (Liu et al. 2016b; S. Wang et al. 2016b). Topic models learn the 

topic of each word in a document and identify the phrases and topics related to aspects. Sequence 
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models are supervised learning methods that predict the word label (e.g., price, screen size, 

people, time) of each word in a given input document. Aspect clustering adopts clustering 

methods such as k-means and LDA (Wang et al. 2016b; Xiong and Ji 2016). K-means groups the 

aspect expressions into several semantically discrete clusters based on their vector 

representations. LDA can cluster the words in a document into multiple topic clusters. Aspect 

clustering is comparatively easy because the data processed by the aspect extraction step are 

clean and semantically related. Fine-grained aspect extraction still requires more research efforts.  

According to prior literature, MNA reasons could be related to the treatment, patient, or 

patient-provider relationship, among others (Gellad et al. 2011). In our research context, 

unsupervised topic models are not suitable for MNA reason mining for the following reasons. 

First, topic models may generate many topic clusters that are irrelevant to MNA reasons as MNA 

reasons are sparse. It is also difficult to single out one topic cluster about MNA reasons. Second, 

topic models cannot automatically label the specific types of reasons. Third, we need to 

arbitrarily provide the number of topics and assign labels to the topics.  

Conventional sequence learning models (i.e., CRFs) in aspect extraction usually achieve 

good performance in identifying entities of interest in formal text corpora. However, their 

performance is unsatisfying in health social media due to patients’ colloquial and diverse 

expressions about similar medical terms. Conventional sequence learning models rely on 

symbolic representation to label words. With this representation, “joint pain” and “joint 

swelling” are represented as two different features even though they both indicate rheumatoid 

arthritis. Semantic relationships among the varied forms of patients’ expressions on the same 

disease or symptom are neglected. Also, the symbolic representation demands handcrafted 

features that are arbitrary and subjective. Traditional sequence models require balanced data to 
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train parameters. Performance on the minority classes in data is negatively affected. These 

limitations make existing sequence models unable to handle varied patient vocabulary and sparse 

MNA-related information. 

Building on prior work in aspect mining, studies proposed reason mining to understand more 

nuanced user behaviors. Kim and Hovy (2006) first proposed to identify reasons for opinions in 

online product reviews. They defined reason mining as the problem of “What are the reasons that 

authors of this review like or dislike the product?” They designed an approach to extracting 

features of products. Hasan and Ng (2014) designed a Maximum Entropy Markov Model 

(MEMM) to identify reasons in political debates. 

MNA reason mining and aspect mining are similar in the sense that they both identify the 

attributes of objects and that these attributes may affect consumers’ adoption decision. 

Meanwhile, there are differences between these two tasks. First, MNA reasons are not limited to 

attributes of objects. The factors leading to MNA are related to not only medications but also 

patients and patient-provider relationships, which do not fall into the realm of aspect mining. 

Second, patients who do not adhere to their treatment intentionally usually have an unfavorable 

opinion toward the drugs. There is more negative sentiment involved in MNA discussions 

compared to product aspect discussions. While developing our approach to understanding patient 

MNA behaviors, we need to improve upon aspect mining techniques and capture the opinionated 

and sentiment-enriched characteristic of the MNA reason mining problem. 

3.2.4. Representation Learning 

The state-of-the-art data representation learning method for text analysis is distributed 

representations of words (also known as word embedding). Training distributed representations 

of words with neural networks has recently been a primary focus for researchers in the field. 
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Word embedding has resulted in state-of-the-art performance for knowledge discovery and 

application with drug reviews and patient support forum discussions (Cheng et al. 2016). Deep 

learning theory shows that deep nets have two different exponential advantages over classic 

representation learning algorithms that do not use distributed representations (e.g., LSA) (LeCun 

et al. 2015). First, learning a distributed representation enables the generalization to new 

combinations of the values of learned features beyond those seen during training. Second, 

composing layers of representation in a deep net bring the potential for another exponential. 

Word embedding is a vector-based representation learning model that represents a word with 

its neighboring words (Levy and Goldberg 2014). There are two main model families for 

learning word embedding: 1) global matrix factorization such as GloVe and 2) local context 

window methods such as Skip-gram and CBOW. Skip-gram and CBOW are prediction methods. 

They learn the neighboring words of the word of interest within window size across the corpus 

and predicts the most likely neighbors for it. We can adjust the windows size empirically based 

on whether MNA reason has long or short dependency. Skip-gram is superior to CBOW in 

predicting rare cases, such as MNA reasons in our study. Given a word 𝑤𝑡 , the training objective 

of Skip-gram is to maximize the average log probability (Mikolov et al. 2013b): 

                                                      𝐿 =
1

𝑇
∑ ∑ log 𝑝(𝑤𝑡+𝑗|𝑤𝑡)

−𝑐≤𝑗≤𝑐,𝑗≠0

𝑇

𝑡=1

.                                            (3.1) 

Parameter 𝑇 is the number of words in the training corpus. Parameter 𝑐 is the window size of 

the surrounding words. Words that appear within the distant of 𝑐 are considered as the 

surrounding words. Parameters 𝑤𝑡+𝑗  are the words surrounding 𝑤𝑡 .  
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GloVe creates a global co-occurrence matrix of words on the entire corpus. A logistic 

regression is trained on the global word-word co-occurrence counts to predict the neighbors of a 

word of interest. The predicted results will then be the GloVe vector for the word.  

Existing literature has found competing support for both Skip-gram and GloVe. No method 

surpasses the other in all natural language processing tasks (Pennington et al. 2014). We choose 

the Skip-gram in this study as the local context window is more favorable to the MNA reason 

detection task. Social media users do not usually follow formal writing rules. Run-on sentences 

or missing sentence ends will negatively impact the GloVe model. Furthermore, MNA reason 

expressions account for a very small portion of the corpus. Creating a representation with global 

context may dilute the critical characteristics of these MNA reason expressions. 

Standard word embedding is still limited in understanding medication nonadherence. 

Medication nonadherence is often caused by unpleasant medication-taking experience. Sorely 

relying on word embedding is not sufficient to capture the essence of medication nonadherence. 

Learning the sentiment aspect is also critical. Sentiment analysis is the process of 

computationally identifying and categorizing opinions expressed in a piece of text, especially in 

order to determine whether the writer’s attitude toward a particular topic, product, etc. is 

positive, negative, or neural. Human decisions can be viewed as a conduit guided by sentiment. 

Luo et al. (2017) found that sentiment in expert blogs influences the brand perception by 

consumers and enable brands to achieve competitive advantages. Deng et al. (2018) show that 

the influence of social media sentiment on stock returns is both statistically and economically 

significant at the hour level. 

Due to the critical value of sentiment, it has been incorporated in various models to improve 

the performance of text analytics. Output of sentiment analysis such as sentiment polarity, 
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subjectivity, and sentiment valence have been used in feature based text classification tasks (Fu 

et al. 2012; Abbasi et al. 2018). Fu et al. (2012) leveraged sentiment polarity and intensity as 

context-specific features to classify webpages. Abbasi et al. (2018) designed a language-action 

perspective based text analytics framework to support sense-making in online discourse, in 

which sentiment polarity and subjectivity are included as important linguistic features for 

coherence analysis.  

Others try to use probabilistic text models to learn the latent aspects of a document together 

with sentiment. Paul and Dredze (2012) argue that sentiment is an important factor contributing 

to a document’s word choice and that adding sentiment as an additional dimension in topic 

modeling could improve the understanding of latent aspects in documents. Maas et al. (2011) 

extend the probabilistic document model to learn a new word representation for sentence level 

and document level sentiment classification tasks. Wallace et al. (2014) utilized a factorial LDA 

to jointly model sentiment and topics in order to capture latent aspects of care in online physician 

reviews.  

With the recent advances in deep learning, sentiment has been incorporated in various word 

embeddings to improve the performance of sentiment classification. Labutov and Lipson (2013) 

produce task-specific embedding from an existing word embedding by adding document level 

sentiment as a regularizer. Tang et al. (2014) learn a sentiment specific word embedding for 

predicting sentence level sentiment. Their approach incorporates sentence level sentiment 

prediction in the objective function when building the word embedding. 

While recognizing the value of sentiment in understanding text documents, there is very 

limited work in learning a vector representation of word jointly with its sentiment. In this study, 
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we propose to a sentiment enriched word embedding to learn the word sentiment and its vector 

representation at the same time to improve the understanding of MNA reasons in online reviews. 

3.2.5. Deep Learning Methods 

Natural Language processing (NLP) has benefited greatly from the resurgence of deep neural 

networks, due to their high performance and less need for feature engineering. Supervised deep 

learning architectures can be broadly categorized into three types: Convolutional Neural 

Networks, Recurrent Neural Networks, and hybrid networks.  

Convolutional Neural Networks (CNNs) are designed to process data that come in the form 

of multiple arrays, for example, a color image composed of three 2D arrays containing pixel 

intensities in the three color channels. Convolutional neural networks utilize layers with filters to 

extract local features. CNNs have also demonstrated good performance in NLP tasks such as 

sentiment analysis and text classification. 

For tasks that involve sequential inputs, such as speech and text, it is often better to use 

RNNs. An RNN contains a self-connected recurrent unit. At each time step, an RNN takes both 

the last hidden state and the current input to compute the current hidden state. The current hidden 

state is then used to compute the current output. Long Short-Term Memory (LSTM) is a 

variation of RNNs (Tai et al. 2015b). A standard RNN only has a hidden state and an output 

state. An LSTM contains an input gate, a forget gate, an output gate, a memory cell, and a hidden 

state. Since an LSTM uses a memory cell to store the previous information, it can keep useful 

information of each word even though the word is distant from the current time step. RNNs and 

LSTMs have been utilized in various health studies, such as mortality prediction (Aczon et al. 

2017) and activity of daily living prediction (Ordóñez and Roggen 2016).  
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In order to further improve the performance of text mining, researchers have deployed 

innovations into RNN or CNN, or combined these two together. Kalchbrenner et al. (2014) 

developed a dynamic CNN, which can capture long-term dependencies, to model the semantics 

of sentences. Yang et al. (2016) apply an attention mechanism to extract important words and 

sentences that are important to the classification tasks and assign them higher weights in RNN 

based Hierarchical Attention Networks.  

Others attempted to combine RNN and CNN. A large part of RNN-CNN cooperation 

algorithms feed convolutional or pooling layer into LSTM or simply recurrent (bidirectional or 

not) layer output (Zhou et al. 2016), or feed LSTM or a recurrent layer into convolutional or 

pooling layer output (Wang et al. 2016). Such architectures and others also integrated additional 

techniques to better improve performance. The recurrent structure can capture the contextual 

information to the greatest extent possible and preserve a larger range of the word ordering when 

learning the word representation. Adding a max-pooling or convolutional layer can automatically 

judges which features play key roles in the fulfilling the learning objective and capture the key 

components in the text. Tang et al. (2015) averages the outputs from pooling layers with 

different sizes when using CNN to compute continuous representations of sentences with 

semantic composition, and feed the aggregated result to a Gated RNN for document 

representation. Hierarchically combining deep neural networks, researchers found that RNN, and 

CNN together can better understand sentences.  

As a separate track to the progress of deep learning techniques, probabilistic graphical 

models have been developed as effective methods to enhance the accuracy of deep learning 

models. In particular, Markov Random Fields (MRFs) and its variant Conditional Random Fields 

(CRFs) have observed widespread success in this area (Zheng et al. 2015). Chen et al. (2017) 
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apply BLSTM-CRF (BLSTM with conditional random fields) to original text and find out how 

many opinion targets are in the text (none, one, or many), then employ CNN on these three 

groups independently. The key idea of adding a CRF layer is to formulate the opinion target 

detection problem as a probabilistic inference problem. The prediction of whether a word in text 

is part of opinion target can be inferred from the neighboring words. In this work, we aim to 

design a new hybrid network that integrates multiple advantages to extract scarce medication 

nonadherence information. 

3.3. MNA Reason Mining Problem and Approach 

The literature review reveals multiple challenges and opportunities that remain to be 

addressed. First, it is essential to understand MNA reasons from patients’ perspective. Health 

social media, a previously untapped data source for MNA, holds the potential to uncover patient 

perspectives of MNA. Second, existing methods fail to identify user opinions from social media 

with high performance. Recent developments in deep learning methods can effectively address 

the technical challenges in processing social media data. Third, research in psychology, 

neuroscience, and economics has recognized the impact of sentiment on decision-making, which 

motivates us to incorporate sentiment to assist the understanding of patients’ medication 

nonadherence decision.  

Based on these observations, we aim to design an information system with a vector 

representation and a hybrid deep architecture, while accounting for sentiment information in 

health social media. We first formulate the MNA reason mining problem and then detail our 

proposed method to discover MNA reasons. 
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3.3.1. MNA Reason Mining Problem Formulation 

Let 𝑃 denote a set of 𝑛 patients 𝑝𝑖 in the online health community (𝑝𝑖 ∈ 𝑃, 𝑖 = 1,2, … , 𝑛). Let 

𝐷 denote a set of drugs 𝑑𝑖 used by patients in 𝑃. A patient 𝑝𝑖 taking drug 𝑑𝑗 would post reviews 

𝑣𝑖𝑗 (integrate all reviews of patient 𝑝𝑖 taking drug 𝑑𝑗) about his or her medications in social 

media. A review 𝑣𝑖𝑗 contains 𝑚 sentences 𝑠𝑘 (𝑘 = 1,2, … , 𝑚). Each sentence 𝑠𝑘 is denoted as 

(𝑤𝑘1, 𝑤𝑘2,…, 𝑤𝑘𝑡), where 𝑤𝑘𝑡 is a word in 𝑠𝑘. If a patient 𝑝𝑖 taking drug 𝑑𝑗 decides to 

discontinue the medication, this patient would be likely to describe the MNA reasons in the 

review 𝑣𝑖𝑗. The MNA reasons of patient 𝑝𝑖 taking drug 𝑑𝑗 are denoted as 𝑟𝑖𝑗
1 , 𝑟𝑖𝑗

2 , … , 𝑟𝑖𝑗
𝑞
 (𝑞 is the 

number of MNA reasons). An MNA reason 𝑟𝑖𝑗
𝑘 can be a single word 𝑤𝑘, a multi-word phrase 

(𝑤𝑘1, 𝑤𝑘2, … 𝑤𝑘𝑚), or a part of a sentence (𝑤𝑘1, 𝑤𝑘2, … 𝑤𝑘𝑛). We summarize the major notations 

in Table 3.4. 

Table 3.4. Problem Notation 

𝑃 = set of patients 𝑝𝑖 = patient, 𝑝𝑖 ∈ 𝑃 

𝐷 = set of drugs 𝑑𝑖 = drug, 𝑑𝑖 ∈ 𝐷 

𝑣𝑖𝑗 = post of patient 𝑝𝑖 with drug 𝑑𝑗 𝑠𝑘 = the 𝑘𝑡ℎ sentence in a post 

𝑤𝑘𝑡 = the 𝑡𝑡ℎ  word in sentence 𝑠𝑘 𝑟𝑖𝑗
𝑞
 = the 𝑞𝑡ℎ MNA reason for patient 𝑝𝑖 with drug 𝑑𝑗 

 

We define the MNA reason mining problem as follows: in an online health community, we 

observe a set of patients taking drugs in a drug set. The input is a social media drug review 𝑣𝑖𝑗 

for a patient 𝑝𝑖 taking drug 𝑑𝑗. The objective for the MNA reason mining problem is two-fold. 

First, we aim to discover MNA reasons 𝑟𝑖𝑗
1 , 𝑟𝑖𝑗

2 , … , 𝑟𝑖𝑗
𝑞
 for each patient 𝑝𝑖 taking a particular drug 

𝑑𝑗. Second, we propose to cluster the identified MNA reasons based on their semantic meaning. 

The output is the MNA reason types summarizing 𝑟𝑖𝑗
1 , 𝑟𝑖𝑗

2 , … , 𝑟𝑖𝑗
𝑞
 for each drug and patient. 
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3.3.2. The Sentiment-Enriched Deep Learning Approach for MNA Reason Mining 

Consistent with the two steps – aspect extraction and aspect clustering – in aspect mining 

(Zhang and Liu 2014), our approach is composed of MNA reason extraction and MNA reason 

clustering. MNA reason extraction identifies patient self-described MNA reasons in phrases. 

MNA reason clustering groups similar MNA reason expressions together to identify the reason 

types. The process of the MNA reason mining is depicted in Figure 3.2. 

 

Figure 3.2. The Sentiment-Enriched Deep Learning Approach for MNA Reason Mining 

The proposed MNA reason mining approach takes a sentence from social media as the input. 

The sentiment-enriched word embedding converts the input sentence to a vector-based 

embedding sequence. This sequence of vectors is passed to the SEDEL model to identify the 

MNA reason expressions. Sentiment-enriched word embedding vectors of terms recognized as 

MNA reason expressions are extracted and analyzed in the reason clustering step. K-means is 

utilized to cluster those embedding vectors into the meaningful categories of MNA reasons. We 

elaborate on the details of our proposed deep learning approach to understanding MNA reasons 

in the following subsections. 
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3.3.3. MNA Reason Extraction  

We propose the Sentiment-Enriched DEep Learning model (SEDEL) to extract the 

expressions about MNA reasons in health social media text. We extend the state-of-the-art deep 

learning model with a novel sentiment-enriched word embedding and a new deep learning 

architecture. Our approach addresses two technical challenges: interpreting varied patient health 

vocabulary and extracting sparse MNA relevant terms from a large amount of texts.  

3.3.3.1. Sentiment-Enriched Word Embedding Layer 

According to prior literature, word embedding can represent the semantics of a focal word by 

learning from its neighboring words. Hence it can capture the semantic meaning in the varied 

patient vocabulary of medical terms. For this reason, we build upon word embedding when 

designing our word representation. Patients’ medication adherence decision is associated with 

the sentiment in their expressions. Motivated by the theories in sentiment and decision-making, 

we propose a new representation: sentiment-enriched word embedding. We incorporate a new 

sentiment aspect to signal expressions relevant to medication adherence. The sentiment-enriched 

word embedding represents each word’s sentiment along with the likelihood of co-occurrence of 

common words. Figure 3.3. shows the structure of the sentiment-enriched word embedding. 

 

Figure 3.3. Sentiment-Enriched Word Embedding 
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Different from the standard word embedding that only learns the semantic context of words 

(Mikolov et al. 2013a), the sentiment-enriched word embedding considers both the semantic 

context and the sentiment of words. Many MNA reasons are associated with negative sentiment. 

The new sentiment aspect in the sentiment-enriched word embedding effectively distinguishes 

MNA reasons from other words in similar contexts. For instance, patients may discuss cost of 

medications in many drug reviews. The semantic context of the discussions on cost is similar, 

thus having similar standard word embedding. Cost could be an MNA reason as some patients 

cannot afford the medication. These patients may show negative sentiment to the medications in 

the discussions related to MNA, while other regular discussions on the cost of medications may 

exhibit neutral sentiment. The sentiment-enriched word embedding could identify the MNA 

reasons with the sentiment-enriched component.  

Let S be a training sequence (𝑤1, 𝑤2,…,𝑤𝑇). Variable 𝑤𝑖  denotes the 𝑖-th word in the 

sequence. The training objective is to minimize the objective function 𝐿𝑠 in Equation 3.2.  

                            𝐿𝑠 = − log 𝑝(𝑤𝑂,𝑐𝑜𝑛𝑡, 𝑤𝑂,𝑠𝑒𝑛𝑡𝑖|𝑤𝐼) = 𝛼𝐿𝑐𝑜𝑛𝑡 + (1 − 𝛼)𝐿𝑠𝑒𝑛𝑡𝑖 .                       (3.2) 

Variable 𝑤𝐼  is the focal word. Variable 𝑤𝑂,𝑐𝑜𝑛𝑡  is the neighboring words of the focal word. We 

use a window size of five for the neighboring words, as it is the most commonly used and 

effective size for social media text (Baroni et al. 2014; Goldberg and Levy 2014). Variable 

𝑤𝑂,𝑠𝑒𝑛𝑡𝑖  is the sentiment of the focal word. We design a decreasing function 
1

𝑒𝑠𝑒𝑛𝑡𝑖 to compute the 

sentiment, where 𝑠𝑒𝑛𝑡𝑖 is the sentiment score of the focal word. We use the sentiment of the 

focal word instead of the neighboring words, because the sentiment of the neighboring words 

may drift from that of the focal word. For instance, in the sentence “the drug is too expensive,” 

“expensive” is the MNA reason expression of interest. Its neighboring words do not share the 
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same sentiment. Parameter 𝛼 is the weighting factor. Function 𝐿𝑐𝑜𝑛𝑡 is the loss of the 

neighboring words. Function 𝐿𝑠𝑒𝑛𝑡𝑖  is the loss of the sentiment. 

The updating rule of the sentiment-enriched word embedding is: 

                                          𝒙𝑤𝐼

(𝑛𝑒𝑤)
= 𝒙𝑤𝐼

(𝑜𝑙𝑑)
− 𝜂

𝜕𝐿𝑠

𝜕𝑤𝑘,𝑖
= 𝒗𝑤𝐼

(𝑜𝑙𝑑)
− 𝜂

𝜕𝐿𝑠

𝜕ℎ𝑖
∙

𝜕ℎ𝑖

𝜕𝑤𝑘,𝑖
.                             (3.3) 

Variable 𝒙𝑤𝐼
 is the vector representation of the input word 𝑤𝐼 . Parameter 𝜂 is the learning rate. 

Variable 𝑤𝑘,𝑖 is the weight between the input layer and the hidden layer. Variable ℎ𝑖 is the output 

of the hidden layer. The terms 
𝜕𝐿𝑠

𝜕ℎ𝑖
 and 

𝜕ℎ𝑖

𝜕𝑤𝑘,𝑖
 can be further computed as follows: 

                                                                    
𝜕ℎ𝑖

𝜕𝑤𝑘,𝑖
= 𝑥𝑘 .                                                                           (3.4) 

Variable 𝑥𝑘 is the input. Using Equation 3.2, the term 
𝜕𝐿𝑠

𝜕ℎ𝑖
 can be calculated as: 

             
𝜕𝐿𝑠

𝜕ℎ𝑖
= 𝛼

𝜕𝐿𝑐𝑜𝑛𝑡

𝜕ℎ𝑖
+ (1 − 𝛼)

𝜕𝐿𝑠𝑒𝑛𝑡𝑖

𝜕ℎ𝑖
= 𝛼 ∑

𝜕𝐿𝑐𝑜𝑛𝑡

𝜕𝑢𝑗

𝑉

𝑗=1

∙
𝜕𝑢𝑗

𝜕ℎ𝑖
+ (1 − 𝛼)

𝜕𝐿𝑠𝑒𝑛𝑡𝑖

𝜕𝑢𝑠
∙

𝜕𝑢𝑠

𝜕ℎ𝑖
.     (3.5) 

Variables 𝑢𝑗 and 𝑢𝑠 are the values of the output layer. Therefore 

                                        
𝜕𝐿𝑐𝑜𝑛𝑡

𝜕𝑢𝑗
=

𝜕(
1
2 (𝑡 − 𝑦)2)

𝜕𝑦
= 𝑦 − 𝑡 = 𝑒𝑗;                                                      (3.6) 

                                                              
𝜕𝑢𝑗

𝜕ℎ𝑖
= 𝑤𝑖𝑗

′ .                                                                                   (3.7) 

Variable 𝑡 is the true output value. Variable 𝑦 is the output. Variable 𝑒𝑗 is the learning error. 

Parameter 𝑤𝑖𝑗
′  is the weight between the hidden layer and the output layer. Similarly, 

                                                              
𝜕𝐿𝑠𝑒𝑛𝑡𝑖

𝜕𝑢𝑠
= 𝑒𝑠;                                                                               (3.8) 

                                                                 
𝜕𝑢𝑠

𝜕ℎ𝑖
= 𝑤𝑠

′.                                                                                 (3.9) 
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Variable 𝑒𝑠 is the learning error of the sentiment component. Parameter 𝑤𝑠
′ is the weight for the 

sentiment between the hidden and the output layer. Combining Equations 3.5-3.9: 

                        
𝜕𝐿𝑠

𝜕ℎ𝑖
= 𝛼 ∑ 𝑒𝑗 ∙ 𝑤𝑖𝑗

′

𝑉

𝑗=1

+ (1 − 𝛼)𝑒𝑠𝑤𝑠
′ = 𝛼E𝑐𝑜𝑛𝑡,𝑖 + (1 − 𝛼)E𝑠𝑒𝑛𝑡𝑖,𝑖 .                   (3.10) 

Variable E𝑐𝑜𝑛𝑡,𝑖 is the sum of the output vectors of all words weighted by the prediction error. 

Variable E𝑠𝑒𝑛𝑡𝑖,𝑖 is the output of sentiment weighted by the prediction error. The updating rule of 

the sentiment-enriched word embedding is shown in Equation 3.11. 

                                          𝒙𝑤𝐼

(𝑛𝑒𝑤)
= 𝒙𝑤𝐼

(𝑜𝑙𝑑)
− 𝜂(𝛼E𝑐𝑜𝑛𝑡,𝑖 + (1 − 𝛼)E𝑠𝑒𝑛𝑡𝑖,𝑖).                               (3.11)  

We use the Skip-gram model as the base method to build the sentiment-enriched word 

embedding, as it performs better than other models (e.g., CBOW) in predicting rare words 

(Mikolov et al. 2013b). MNA reasons are also sparse expressions. The sentiment-enriched word 

embedding is generated from the entire corpus. For each unique word in the dataset, all the 

sentences containing the word will be used to learn the likelihood of the focal word’s 

neighboring words. Each word has one unique vector representation which is used to represent 

the focal word across all the occurrences in the corpus.  

The resulting model obtains an array of vectors with 300 dimensions. We set the dimension 

to be 300 because this dimension size has been successfully tested in multiple deep learning 

studies (Garten et al. 2015; Ma and Hovy 2016).  

Compared with existing studies leveraging sentiment in representations of words, these 

studies generate embedding according to specific tasks and applications, for instance, sentiment 

classification. Therefore, they leveraged sentence level or document level sentiment when 

creating the embedding. Our objective is to determine whether a given word in a drug review 

belongs to an MNA reason expression. In drug reviews, the sentiment at the review or sentence 
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level is negative in general. Hence, sentence level or document level sentiment offers little by 

way of capturing the nuances in MNA reason expression detection. A novel way to incorporate 

sentiment at a finer granularity is needed. Unlike prior work (Tang et al. 2014), we include the 

sentiment polarity prediction at word level in the objective function when creating our sentiment 

enriched word embedding. Unlike Maas (2011) and Paul and Dreze (2012), we develop neural 

networks to learn the word embedding. Unlike Labutov and Lipson (2013), we learn the 

sentiment-enriched word embedding from scratch. 

3.3.3.2. Convolutional Layer 

The sentiment-enriched word embedding is fed into the convolutional layer. This layer is 

designed to extract salient features from the 300-dimentional embedding. Relevant information 

about MNA could be enhanced, thus addressing the sparse MNA-related information challenge. 

The information extraction method in the convolutional layer is shown in Equation 3.12. 

                                                  𝒙𝑐𝑜𝑛𝑣,𝑖,𝑗 = 𝒃 + ∑ ∑ 𝒘𝑝,𝑞𝒙𝑖+𝑝,𝑗+𝑞

𝑄

𝑞=0

𝑃

𝑝=0

.                                            (3.12) 

Variable 𝒙𝑐𝑜𝑛𝑣,𝑖,𝑗 is the output vector. Variable 𝒃 is the bias. Parameter 𝒘𝑝,𝑞 is the filter weight 

matrix to extract salient features. Variable 𝒙𝑖+𝑝,𝑗+𝑞  is the sentiment-enriched word embedding. 

3.3.3.3. Bidirectional Long Short-Term Memory Layer 

To effectively extract sparse MNA-related information and enable sequence learning, we 

utilize a bidirectional-LSTM deep learning architecture. We use the bidirectional structure 

because a sentence follows semantic and syntactic rules. Words in different locations in the 

sentence may exhibit semantic dependency regardless of the word order (Crain and Nakayama 

1987). The bidirectional structure could capture such a dependency from both directions. 
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  In our model, we devise an element-wise multiplier 𝜷 to modify the input vector. This 

multiplier allows the weight on each dimension of the vector to adjust according to its relevance 

to MNA reasons. The multiplier also addresses the challenge of sparse MNA relevant terms by 

strengthening useful information and degrading irrelevant information in the learning process. 

The LSTM unit takes the output from the convolutional layer as the input. The computational 

process in the LSTM unit is summarized in Equations 3.13-3.18. 

                                𝒙𝑙𝑠𝑡𝑚
(𝑡)

= 𝜷⨀𝒙𝑐𝑜𝑛𝑣
(𝑡)

= (𝛽1𝑥𝑐𝑜𝑛𝑣,1
(𝑡)

, 𝛽2𝑥𝑐𝑜𝑛𝑣,2
(𝑡)

, … , 𝛽300𝑥𝑐𝑜𝑛𝑣,300
(𝑡)

);                 (3.13) 

                                𝒊(𝑡) = 𝑠𝑖𝑔𝑚(𝑾𝑖𝒙𝑙𝑠𝑡𝑚
(𝑡)

+ 𝑼𝑖𝒉
(𝑡−1) + 𝒃𝑖);                                                       (3.14) 

                                𝒇(𝑡) = 𝑠𝑖𝑔𝑚(𝑾𝑓𝒙𝑙𝑠𝑡𝑚
(𝑡)

+ 𝑼𝑓𝒉(𝑡−1) + 𝒃𝑓);                                                    (3.15) 

                                𝒐(𝑡) = 𝑠𝑖𝑔𝑚(𝑾𝑜𝒙𝑙𝑠𝑡𝑚
(𝑡)

+ 𝑼𝑜𝒉(𝑡−1) + 𝒃𝑜);                                                    (3.16) 

                                 𝒄(𝑡) = 𝑡𝑎𝑛ℎ(𝑾𝑢𝒙𝑙𝑠𝑡𝑚
(𝑡)

+ 𝑼𝑢𝒉(𝑡−1) + 𝒃𝑢);                                                   (3.17) 

                                𝒉(𝑡) = 𝒐(𝑡)⨀𝑡𝑎𝑛ℎ(𝒊(𝑡)⨀𝒄(𝑡) + 𝒇(𝑡)⨀𝒄(𝑡−1)).                                                (3.18) 

Variable 𝒙𝑙𝑠𝑡𝑚
(𝑡)

 is the current input. Variable 𝒙𝑐𝑜𝑛𝑣
(𝑡)

 is the output vector of the convolutional layer. 

Variable 𝒉(𝑡−1) is the previous hidden state. Parameters 𝑾, 𝑼, and 𝒃 are weight parameters with 

values between 0 and 1. The gates (𝒊(𝑡), 𝒇(𝑡), and 𝒐(𝑡)) and memory cell 𝒄(𝑡) take 𝒙𝑙𝑠𝑡𝑚
(𝑡)

 at time 

step 𝑡 and information in the last hidden state 𝒉(𝑡−1). This mechanism allows useful information 

from previous time steps to persist and learn useful information in new inputs.  

The 𝜷 parameter is learned through the training process in the LSTM unit. The 𝜷 parameter 

assigns different weights to different dimensions in the input vector according to its relevance to 
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the learning objective. Parameters 𝑾, 𝑼, and 𝒃 assign different weights to different input 

vectors. Such a difference is facilitated by using different computation: the computation between 

𝜷 and 𝒙𝑐𝑜𝑛𝑣
(𝑡)

 is element-wise multiplication ⨀, thus allowing weight adjusting within the input 

embedding vector. The computation between 𝑾 and 𝒙𝑙𝑠𝑡𝑚
(𝑡)

 is matrix multiplication, thus enabling 

weight adjusting on the vector level. 

The LSTM units learn to decrease the weight when the input 𝒙𝑙𝑠𝑡𝑚
(𝑡)

 is not relevant to our 

learning target and increase the weight when 𝒙𝑙𝑠𝑡𝑚
(𝑡)

 is our target (MNA reasons). Since the 

bidirectional structure has two reversed LSTM layers, the output of this step is the concatenation 

of the forward hidden state 𝒉(𝑡) and backward hidden state 𝒉(𝑡)′ . 

Each forward or backward hidden state has 128 dimensions, complying to prior studies 

(Chan and Lane 2015; Rao et al. 2015). The optimization method is Adam. The learning rate is 

0.1. The dropout rate in BLSTM is 0.2.  

3.3.3.4. Conditional Random Field Layer 

In order to classify the word type (MNA reason or not) for each word in the input sentence, 

we design a Conditional Random Field (CRF) layer. The CRF layer also complements the 

BLSTM layer by considering the dependency between class labels. 

Given input sequence (𝒐1, … , 𝒐𝑇) (the output sequence of the BLSTM layer), we aim to 

predict the class labels (𝑠1, … , 𝑠𝑇) (MNA reason or not). The CRF layer aims to maximize the 

following function: 

                                                      𝑝(𝑠|𝒐, 𝒘) =
exp (𝒘 ∙ Φ(𝒐, 𝑠))

∑ exp (𝒘 ∙ Φ(𝒐, 𝑠′))𝑠′
.                                          (3.19) 

Parameter 𝒘 is the weight vector. Function Φ(𝒐, 𝑠) is a scoring function that evaluate how well 

the class label sequence fits the given input sequence. we define the Φ(𝒐, 𝑠) as: 
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                                                Φ(𝒐, 𝑠) = ∑ 𝑾𝑠(𝑡−1),𝑠(𝑡) ∙ 𝒐(𝑡)

𝑡

+ 𝒃𝑠(𝑡−1),𝑠(𝑡) .                                  (3.20) 

Parameters 𝑾𝑠(𝑡−1),𝑠(𝑡) and 𝒃𝑠(𝑡−1),𝑠(𝑡) are the weight matrix and bias corresponding to the 

transition from 𝑠(𝑡−1) to 𝑠(𝑡). Variable 𝒐(𝑡) is the output of the BLSTM layer at time step 𝑡. 

A graphical illustration of the overall architecture of the SEDEL model is shown in Figure 

3.4. 

 

Figure 3.4. SEDEL Architecture 

The input to the SEDEL model is a sentence from the research corpus. The sentiment-

enriched word embedding learns the semantic meaning and sentiment of the words and generates 
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a vector representation. A convolutional layer extracts salient local features from the sentiment-

enriched word embedding. Two reversed LSTM layers process the subsequent sequence from 

two different directions: forward and backward. Finally, a CRF layer is stacked to predict the 

word type (MNA reason or not). 

3.3.4. MNA Reason Clustering  

The SEDEL model extracts the reason expressions in text. As many expressions describe the 

same reason type, it is necessary to utilize a clustering method to identify the major types of 

MNA reasons. As sentiment-enriched word embedding represents the semantic meaning of 

words in patient-generated content, we use sentiment-enriched word embedding as the features 

for the clustering model. Each unique reason expression extracted in the previous step is an 

instance for clustering. If an MNA reason expression contains multiple words, the vector of this 

expression will be generated with an element-wise computation for all the words in it. In the 

element-wise computation, we average over each dimension of the sentiment-enriched word 

embedding of those words. This element-wise average for phrase representation is commonly 

used in various text mining studies (Mikolov, Sutskever, et al. 2013). Each MNA reason 

expression obtains a single vector representation which is used in MNA reason clustering. 

A salient number of studies utilized k-means for aspect clustering (Saboo et al. 2016; Xiong 

and Ji 2016). We, therefore, use k-means as the clustering method to group MNA reason 

expressions based on their semantic meanings. 

3.4. Empirical Analyses 

3.4.1. Data Preparation 

Our research testbed is collected from a leading health IT platform: WebMD. Contents on 

WebMD range from pharmacy information and drug reviews to physicians blogs. WebMD 
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attracts a large number of patients to write drug reviews and share their medication-taking 

experiences. We collected all the drug reviews from the start of WebMD in January 2005 to 

October 2016. The dataset encompasses 233,325 sentences from 53,180 reviews about 180 

drugs. WebMD does not require a username, email, or any personally identifiable information 

when users are submitting reviews for privacy protection. Each review is considered 

independent. These drug reviews contain retrospective evaluation to the drugs that the users have 

taken. These reviews are categorized by drug name. Figure 3.5. shows an example of a drug 

review. The metadata of each review include the drug name, the condition of disease, the review 

time, reviewer ID, reviewer age, reviewer treatment duration, ratings about the effectiveness, 

medication ease of use and satisfaction, the number of users who find this review helpful, and the 

review content. Figures 3.6 and 3.7 show the gender and age distributions of these patients, 

indicating good representativeness of all patient groups. 

 

Figure 3.5. An Example of WebMD Drug Reviews 
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Figure 3.6. Gender Distribution of Patients in the Corpus 

 

Figure 3.7. Age Distribution of Patients in the Corpus 

Drug reviews in WebMD cover a wide range of topics, including drug effectiveness, 

satisfaction, adverse events, and more. Some users reveal their nonadherence decision in the 

reviews. We extract the reviews that indicate MNA using a BLSTM model, the state-of-the-art 

method in text classification (Liang and Zhang 2016). The parameter dimension setup (300-

dimensional sentiment-enriched word embedding and 128-dimensional forward and backward 

hidden size) is consistent with previous studies (Ma and Hovy 2016; Rao et al. 2015). A total of 

200 undergraduate students read 10,000 drug reviews and annotated if the reviews indicate 



 

 67 

medication nonadherence or not. We train the BLSTM text classification model on 8,000 

annotated reviews and test the performance on the remaining reviews. The BLSTM text 

classification model achieved an accuracy of 84.18% in the test data (precision for MNA class: 

84.16%; recall for MNA class: 81.58%), indicating good performance. We applied the BLSTM 

model on the entire corpus and generated 20,977 reviews that are used for MNA reason 

extraction and clustering. 

From the 20,977 reviews indicating MNA, we randomly selected 4,500 reviews and 

annotated them for MNA reason extraction model training and evaluation. Five expert annotators 

with a bioinformatics background independently read the reviews and tagged MNA reasons in 

five batches. The IOB labeling scheme is used to assign tags for each word in the sentence. Each 

word has a label suggesting if it is inside (I), outside (O), or the beginning (B) of an MNA reason 

expression. Figure 3.8. shows an example of the annotation for MNA reason extraction. We label 

“gained” as the beginning of the MNA reason (B), and “too,” “much,” and “weight” as inside of 

the MNA reason (I). In the annotated data set, 11.3% words are MNA reasons.  

 

Figure 3.8. An Example of Annotation 

After we annotate the MNA reasons for the 4,500 reviews, we segment the reviews into 

sentences with the sentence boundary detection package from NLTK (Hao et al. 2014). A total of 

5,400 sentences were generated. We chose 4,500 sentences as the training set for the reason 

extraction model, and the remaining 900 sentences were used for testing. This size of training 

and test sets have been successfully tested in many information systems studies (Abbasi and 

Chen 2008; Arazy et al. 2016; Zhang et al. 2016a). 
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The sixth expert annotator independently annotated the same 4,500 reviews to test inter-

annotator reliability. The kappa value is 0.98 for the MNA reason annotation, indicating 

excellent reliability (Blackman and Koval 2000). The seventh expert annotator reviewed all 

disagreements and made the final judgment. 

3.4.2. Evaluation of MNA Reason Mining 

Four classes of baseline methods are selected: discriminative machine learning model 

(SVM), sequence learning model (CRF), state-of-the-art deep learning models (CNN, RNN, 

LSTM, and BLSTM), and state-of-the-art hybrid networks (Chiu and Nichols 2016; Lample 

2016; Ma and Hovy 2016).  

SVM has achieved satisfying performance in various studies (Abbasi et al. 2010, 2012; Fang 

et al. 2013). We use SVM-Light (Joachims 2003) as the implementation for SVM because it has 

been used as a strong baseline model in many studies (Eickholt et al. 2011; Faisal et al. 2013; 

Sun et al. 2011). The SVM classifier predicts whether a phrase is a reason for MNA or not, given 

a set of features of the containing words. Consistent with previous studies (Asif Ekbal 2010; 

Björne et al. 2013; Ju et al. 2011; Lee et al. 2004), four groups of features are selected: 

1. Lexicon features: The lexicon feature is a binary variable indicating whether a word is 

included in the lexicon. The lexicon indexes the top-10,000 frequent words in the GENIA 

corpus (2,000 abstracts of articles from the MEDLINE database) (Kim et al. 2003) 

2. Suffix features: The suffix feature is a binary indicator to show whether a word contains 

the suffix in a pre-defined set (Lee et al. 2004). These suffixes are parts of complex 

medical terms and are helpful for identifying words related to medications. (-acting, -

activated, -activating, -activation, -active, -affinity, -associated, -based, -binding, -bound, 

-box, -cell, -chain, -containing, -coupled, -deficient, -dependent, -depleted, -derived, -
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encoded, -encoding, -endothelial, -enhancer, -erythroid, -exposed, -expressing, -factor, -

family, -fold, -forming, -free, -function, -gene, -helix, -independent, -induced, -inducer, -

inducible, -inducing, -infected, -initiated, -labeled, -linked, -luciferase, -lymphoid, -

macrophage, -mediated, -myb, -negative, -onset, -phase, -positive, -producing, -

promoting, -protein, -proximal, -reactive, -receptor, -regulated, -regulating, -regulatory, -

related, -resistant, -response, -reponsive, -restricted, -selectin, -sensitive, -shift, -site, -

specific, -stimulated, -stimulating, -stimulation, -term, -terminal, -terminus, -transformed, 

-treated, -tropic, -tumor, -type). 

3. POS features: The POS feature is the part-of-speech tag of a word. 

4. Context features: The context features are the previous and next words for the word of 

interest. 

Conditional Random Fields (CRFs) are the most popular machine learning sequence labeling 

models (Lau et al. 2012; Sun et al. 2011; Zhou et al. 2007). Salient prior research in aspect 

mining adopted CRFs (Fang et al. 2015b; Liu et al. 2016; Marrese-Taylor et al. 2014; Wang et 

al. 2016b). We, therefore, benchmark our proposed method against CRFs. We use CRFSuite as 

the implementation for the CRFs due to its outstanding performance and efficiency (Okazaki 

2007; Turian et al. 2010). CRFSuite is able to generate features automatically given training and 

test text. The annotation scheme and data for CRF are the same as used in SEDEL. 

Furthermore, we benchmark the proposed SEDEL model against four standard deep learning 

models: Convolutional Neural Network (CNN), Recurrent Neural Network (RNN), Long Short-

Term Memory (LSTM), and Bidirectional Long Short-Term Memory (BLSTM). All the four 

baseline models are implemented with the Keras library (Chollet 2017). The standard word 

embedding contains 300 dimensions, and the hidden layers contain 128 nodes. 
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We adopt common text mining evaluation metrics: precision, recall, and F1 score to assess 

the performance. Precision assesses how many MNA reasons that the model retrieved are 

correct. Recall measures how many MNA reasons in the research testbed the model can identify. 

The F1 score is an integration of precision and recall. Precision and recall evaluate different 

aspects of a model. Researchers usually weight one over another based on specific objectives. In 

our study, we aim to extract as many MNA reasons as possible. Extracting more MNA reasons 

could comprehend more effective and complete set of intervention strategies. Such improved 

understanding of MNA and comprehensive interventions could prevent unnecessary medical 

consequences caused by MNA and significantly reduce patient mortality and morbidity rate. 

Therefore, recall is more important than precision in our study. 

We evaluate our model on the annotated dataset, with 4,500 sentences as the training set and 

900 sentences as the test set. The training set contains 9,610 unique word tokens. We use a 

vocabulary size of 5,000 to train the sentiment-enriched word embedding to capture the frequent 

word tokens. To avoid overfitting, we use 10% of the training set as the validation set to help 

adjust hyper parameters in each epoch. We repeat the training procedure for each model 20 times 

and report the average performance in Table 3.5. The experiments are performed on a 

Macintosh, with 2.7 GHz Intel Core i7, 16 GB of memory, and Radeon Pro 455 2 GB graphic 

card. 

Table 3.5. Evaluation of MNA Reason Mining 

Method Precision Recall F1 Score Training Time 

SVM 29.30% 53.60% 37.90% 0.83 s 

CRF 94.00% 46.30% 62.04% 19.55 s 

CNN 84.97% 81.95% 83.40% 66.34 s 

RNN 77.71% 77.95% 77.69% 34.55 s 

LSTM 83.06% 79.06% 80.93% 92.76 s 

BLSTM 84.80% 82.36% 83.49% 161.15 s 

Chiu and Nichols (2015) 87.27% 85.65% 86.45% 149.53 s 

Lample (2016) 87.08% 82.88% 84.78% 155.78 s 
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Ma and Hovy (2016) 87.86% 84.64% 86.22% 162.51 s 

SEDEL (Ours) 89.25% 88.48% 88.86% 162.09 s 

 

Our proposed SEDEL model achieves the highest recall (88.48%) and F1 score (88.86%). 

Our SEDEL model has the most salient advantage in the recall. The recall is 34.88% higher than 

SVM, 42.18% higher than CRF, 6.53% higher than CNN, 10.53% higher than RNN, 9.42% 

higher than LSTM, and 6.12% higher than BLSTM. While SEDEL reaches the most impressive 

performance, the training time of SEDEL only increases minimally (0.94 s more than BLSTM). 

We also compare our model with state-of-the-art hybrid networks (Chiu and Nichols 2016; 

Lample 2016; Ma and Hovy 2016). Our SEDEL model still outperforms these methods. The 

CRF model achieves a relatively higher precision than SEDEL because it aims to maximize the 

probability of generating the observations. Considering recall is more important and SEDEL also 

reaches a reasonably high precision, SEDEL is the best method for MNA reason mining. 

Our proposed SEDEL improves the state-of-the-art model (BLSTM) in recall by 6.12%. The 

improved recall enables SEDEL to extract 1,520 more MNA reason expressions than BLSTM. 

These MNA reasons impact an extra of 895 patients in our dataset, accounting for 4.3% patients 

with MNA intentions. The significant improvement of SEDEL sheds profound implications to 

the healthcare systems. As MNA results in $290 billion preventable annual costs in the U.S., 

awareness of the additional 4.3% patients’ MNA reasons can save up to $12.5 billion in annual 

costs, given proper interventions are taken accordingly (assuming the success rate of 

interventions is 100%).  

 To test the significance of the performance improvement of SEDEL, we repeat the training 

and testing procedures for each model 20 times and conduct t-tests to compare the performance 

of SEDEL against baseline models. The results indicate that our proposed SEDEL model 

significantly outperforms all the baseline models (p < 0.05). Table 3.6. shows the t-test results. 
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Table 3.6. Pairwise T-tests for SEDEL against the Baseline Models 

Method Pair Precision Recall F1 Score 

SEDEL vs SVM < 0.001*** < 0.001*** < 0.001*** 

SEDEL vs CRF (< 0.001***) < 0.001*** < 0.001*** 

SEDEL vs CNN < 0.001*** < 0.001*** < 0.001*** 

SEDEL vs RNN < 0.001*** < 0.001*** < 0.001*** 

SEDEL vs LSTM < 0.001*** < 0.001*** < 0.001*** 

SEDEL vs BLSTM < 0.001*** < 0.001*** < 0.001*** 

SEDEL vs Chiu and Nichols (2015) 0.214 0.047* < 0.001*** 

SEDEL vs Lample (2016) 0.127 0.043* 0.029* 

SEDEL vs Ma and Hovy (2016) 0.452 < 0.001*** < 0.001*** 

*: p < 0.05; **: p < 0.01; ***: p < 0.001; (·): SEDEL < baseline 

SEDEL significantly outperforms all the baseline models because of the sentiment-enriched 

word embedding and the hybrid architecture. SEDEL is capable of extracting semantically 

related and low-density MNA reasons. For instance, SEDEL can retrieve semantically related 

MNA reasons such as “anxious” and “restless,” both of which indicate anxiety disorder caused 

by the medication. These MNA reasons are associated with negative sentiment, which can be 

captured by SEDEL to enrich the semantics. SEDEL also retrieved scarce MNA reasons from 

our research data, such as medication ineffectiveness (0.35% among all MNA reasons) and 

specific population (0.04% among all MNA reasons), and varied forms of MNA reasons. 

3.4.3. Ablation Study 

3.4.3.1. Impact of Sentiment-Enriched Word Embedding 

The sentiment-enriched word embedding is a major contribution of this study. We test the 

impact of this new component by replacing it with standard word embedding. We also add the 

sentiment component to other baseline models to test its influence on the baseline models. The 

performance is shown in Table 3.7., and the significance test is shown in Table 3.8. 

Table 3.7. Impact of Sentiment 

Method Precision Recall F1 Score 

SVM 29.30% 53.60% 37.90% 

SVM + Sentiment 17.22% 76.28% 28.10% 
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CRF 94.00% 46.30% 62.04% 

CRF + Sentiment 86.84% 64.71% 74.16% 

CNN 84.97% 81.95% 83.40% 

CNN + Sentiment 84.64% 82.96% 83.75% 

RNN 77.71% 77.95% 77.69% 

RNN + Sentiment 78.19% 78.26% 78.22% 

LSTM 83.06% 79.06% 80.93% 

LSTM + Sentiment 82.37% 82.14% 82.16% 

BLSTM 84.80% 82.36% 83.49% 

BLSTM + Sentiment 86.41% 82.90% 84.60% 

SEDEL - Sentiment 87.86% 84.64% 86.22% 

SEDEL 89.25% 88.48% 88.86% 

 
Table 3.8. Pairwise T-tests for Impact of Sentiment 

Method Pair Precision Recall F1 Score 

SVM vs SVM + Sentiment (< 0.001***) < 0.001*** (< 0.001***) 

CRF vs CRF + Sentiment (< 0.001***) < 0.001*** < 0.001*** 

CNN vs CNN + Sentiment 0.961 0.125 0.022* 

RNN vs RNN + Sentiment 0.708 0.876 0.378 

LSTM vs LSTM + Sentiment 0.617 0.082 0.014* 

BLSTM vs BLSTM + Sentiment 0.106 0.661 0.007** 

SEDEL - Sentiment vs SEDEL 0.452 < 0.001*** < 0.001*** 

*: p < 0.05; **: p < 0.01; ***: p < 0.001; (·): sentiment-enriched model < original model 

The comparison between SEDEL and SEDEL - Sentiment shows the impact of the 

sentiment-enriched word embedding. The sentiment-enriched component improved the recall by 

3.84% (p < 0.001) and F1 score by 2.64% (p < 0.001). Adding sentiment also effectively 

improved the performance of CRF, CNN, LSTM, and BLSTM. 

As the sentiment and decision-making literature suggests that sentiment plays a significant 

role in patient medical nonadherence decision-making, our model leverages the sentiment to 

understand patient MNA decision-making and improves the performance. Our results support 

prior literature and demonstrate the relevance of sentiment to judgment and decision-making. 

3.4.3.2. Impact of Convolutional Layer 

The SEDEL model utilizes the convolutional layer to extract salient local features. We 

remove the convolutional layer to test its influence. Table 3.9. shows the performance. 

Table 3.9. Impact of Convolutional Layer 
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Method Precision Recall F1 Score 

SEDEL - Convolution 87.08% 82.88% 84.78% 

SEDEL 89.25% 88.48% 88.86% 

P-value 0.127 0.043* 0.029* 

*: p < 0.05; **: p < 0.01; ***: p < 0.001 

 The convolutional layer improves recall by 5.6% (p < 0.05) and F1 score by 4.08% (p < 

0.05). This improvement shows the successful design of the convolutional layer, which could 

address the sparse MNA-related information challenge. 

3.4.3.3. Impact of BLSTM Layer 

The BLSTM layer is utilized in the SEDEL model for sequence learning. We show the 

individual effect of the BLSTM in Table 3.10. 

Table 3.10. Impact of BLSTM Layer 

Method Precision Recall F1 Score 

SEDEL - BLSTM 14.23% 36.63% 13.72% 

SEDEL 89.25% 88.48% 88.86% 

P-value < 0.001*** < 0.001*** < 0.001*** 

*: p < 0.05; **: p < 0.01; ***: p < 0.001 

 The BLSTM layer plays a vital role in the SEDEL model. Removing this layer significantly 

hampers precision, recall, and F1 score. 

3.4.3.4. Impact of CRF Layer 

The SEDEL model utilizes the CRF layer as the classifier. We test its effectiveness by 

replacing it with other classifiers, such as the Softmax classifier. Table 3.11. shows the results. 

Table 3.11. Impact of CRF Layer 

Method Precision Recall F1 Score 

SEDEL - CRF 87.27% 85.65% 86.45% 

SEDEL 89.25% 88.48% 88.86% 

P-value 0.214 0.047* < 0.001*** 

*: p < 0.05; **: p < 0.01; ***: p < 0.001 

 The CRF layer significantly improved recall (2.83% increase) and F1 score (2.41% increase). 
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3.4.3.5. Impact of Beta 

We devise a 𝜷 parameter to adjust the input to the BLSTM layer. Table 3.12. shows its 

influence. 

Table 3.12. Impact of Beta 

Method Precision Recall F1 Score 

SEDEL - Beta 85.91% 81.26% 83.47% 

SEDEL 89.25% 88.48% 88.86% 

P-value < 0.001*** < 0.001*** < 0.001*** 

*: p < 0.05; **: p < 0.01; ***: p < 0.001 

 The 𝜷 parameter significantly improves all three metrics. 

3.4.3.6. Adding the Attention Mechanism 

One disadvantage of encode-decoder deep learning architecture is incapability of 

remembering long sentences. The attention mechanism was invented to resolve this problem first 

in machine translation. We test the additive attention mechanism in SEDEL (on top of the 

BLSTM layer). The architecture of the attention-based SEDEL is shown in Figure 3.9. Table 

3.13. shows the performance of the attention mechanism. 

Table 3.13. Influence of Attention Mechanism 

Method Precision Recall F1 Score 

SEDEL + Attention 88.57% 86.92% 87.71% 

SEDEL 89.25% 88.48% 88.86% 

P-value 0.284 0.039* < 0.001*** 

*: p < 0.05; **: p < 0.01; ***: p < 0.001 
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Figure 3.9. Architecture of Attention-Based SEDEL 

The performance of attention-based SEDEL is lower than that of SEDEL. Attention 

mechanisms are used to address the long-term dependency issue in deep learning model. Our 

learning objective is to learn the class label (MNA reason or not) for each word. When the input 

sequence is not very long, the benefit of attention is not significant. Therefore, we do not include 

the attention mechanism in our model. 
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3.4.3.7. Using Different Representations 

We compare our sentiment-enriched word embedding with other commonly adopted 

representation methods. GloVe has achieved good performance in many text mining studies 

(Pennington et al. 2014). We compare our method with GloVe. Representation richness 

components, such as POS and suffix features, have also been used to enrich the representation 

(Popov 2016; Wang et al. 2015). We add representation richness (POS and suffix features) into 

our model to test its influence. The POS features are generated by the NLTK package. The suffix 

features are the same with those used in SVM. We design two approaches to incorporate 

representation richness: single view and multi view. The single view model concatenates the 

sentiment-enriched word embedding and representation richness features. The multi view model 

has two separate branches that process sentiment-enriched word embedding and representation 

richness independently. We replace the sentiment-enriched representation with Glove and two 

representation richness methods. Table 3.14. shows the comparison result. Table 3.15. shows the 

significance tests. 

Table 3.14. Using Different Representations 

Method Precision Recall F1 Score 

SEDEL + Glove 87.86% 85.41% 86.56% 

SEDEL + Representation Richness (Single View) 87.31% 87.45% 87.32% 

SEDEL + Representation Richness (Multi View) 84.72% 85.83% 85.15% 

SEDEL 89.25% 88.48% 88.86% 

 
Table 3.15. Pairwise T-tests for Different Representations 

Method Pair Precision Recall F1 Score 

SEDEL vs SEDEL + Glove 0.114 0.003** < 0.001*** 

SEDEL vs SEDEL + Representation 

Richness (Single View) 
0.032* 0.287 < 0.001*** 

SEDEL vs SEDEL + Representation 

Richness (Multi View) 
0.042* 0.029* 0.009** 

*: p < 0.05; **: p < 0.01; ***: p < 0.001 
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 SEDEL with the sentiment-enriched word embedding outperforms all other representations, 

indicating successful design of the sentiment-enriched representation. 

3.4.3.8. Using Different Sentiment Methods 

The sentiment score of each word in the sentiment-enriched word embedding is computed 

using VaderSentiment (Hutto and Gilbert 2014), a pre-trained sentiment analysis tool that is 

attuned to sentiments expressed in social media (Horne and Adali 2017). We also tested two 

other commonly adopted sentiment packages: SentiWordNet (Baccianella et al. 2010) and 

Textblob (TextBlob 2017). The performance of each sentiment package is shown in Table 3.16. 

The significance test is shown in Table 3.17. 

Table 3.16. Using Different Representations 

Method Precision Recall F1 Score 

SentiWordNet 88.18% 86.64% 87.39% 

Textblob 88.39% 87.26% 87.80% 

VaderSentiment 89.25% 88.48% 88.86% 

 
Table 3.17. Pairwise T-tests for Different Representations 

Method Pair Precision Recall F1 Score 

VaderSentiment vs SentiWordNet 0.079 0.005** < 0.001*** 

VaderSentiment vs Textblob 0.174 0.075 0.003* 

*: p < 0.05; **: p < 0.01; ***: p < 0.001 

 VaderSentiment outperforms other sentiment methods, suggesting successful design choice. 

3.4.4. MNA Reason Clustering 

The SEDEL model identifies 24,832 MNA reason expressions from the entire research data. 

These reason expressions are the actual phrases that patients used in health social media. In line 

with the second step of aspect mining, we group similar reason expressions using k-means to 

interpret the reason expressions comprehensively. We use the Calinski-Harabaz index, a 

commonly adopted clustering evaluation measurement, to help identify the number of clusters 

(Maulik and Bandyopadhyay 2002). The Calinksi-Harabaz index is defined as the ratio of the 
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between-clusters dispersion mean and the within-cluster dispersion. The ideal clustering results 

should have a reasonably high Calinski-Harabaz index. As shown in Table 3.18., the Calinski-

Harabaz index monotonously decreases as cluster number increases. This is because the MNA 

reasons are closely related, though they differ in medical practice.  

Table 3.18. Clustering Evaluation 

Number of Clusters Calinski-Harabaz Index 

2 1646.794 

3 1241.946 

4 970.196 

5 833.974 

6 758.822 

7 640.090 

8 583.821 

9 539.384 

10 484.750 

 

To identify the optimal number of clusters, a medical expert panel, including a pharmacist, a 

medical doctor, and a bioinformatics researcher, examined the clusters for medical relevance. 

The bioinformatics researcher first interpreted the content in nine clusters and labeled them into 

nine types of MNA reasons.5 Table 3.19. shows the MNA reason types. The medical expert 

panel discussed and confirmed the nine types of reasons. To further evaluate the reliability of the 

nine clusters, an independent pharmacist manually read a random sample of 400 MNA reasons 

and labeled the reason types. Among these 400 manually labeled reasons, 346 (86.5%) share the 

same reason type as labeled by the clustering model, indicating good reliability. 

Table 3.19. Types of Medication Nonadherence Reasons 

Reason Type Description Percentage Examples 

Adverse 

event 

The medication has adverse events or leads to 

complications. 
56.76% 

It caused a rash on my face. 

Need to stop. 

 
5 As we obtained users’ ratings of drug effectiveness, we tested the Pearson correlation between the 

effectiveness ratings and the MNA reasons, as shown in Table 3.20. The correlation is not strong 

(correlation coefficient < 0.01). This is because many patients may experience improved health conditions 

at first, but due to various reasons they have to discontinue the medication at a later stage. 



 

 80 

Drug 

switching 

The patient switches to another medications 

by his/herself. 
15.21% 

Stopping Abilify. Switching 

to Geodon. 

Complex 

medication 

plan 

The medication regimen is complicated. The 

patient does not like the complicated 

procedure or forget to take the medication. 

13.98% 

It’s so annoying to take this 

drug three time a day. I’m 

not gonna do it. 

Social 

influence 

The patient stops the medication because 

his/her peers/caregivers/friends/professionals 

encourage the patient to stop. 

7.67% 
My mom told me that I 

should quit this drug. 

Cost 

prohibitive 

for patient 

The price of the drug is too high, or insurance 

does not cover. The patient cannot afford. 
0.93% 

I can’t afford this expensive 

drug anymore. 

Medication 

ineffectivenes

s 

The medication is ineffective, so the patient 

stops it. 
0.09% 

The drug does not help at 

all! I’m not taking it. 

Low health 

literacy 

The patient discontinues the medication 

because of low health literacy. 
0.04% 

They give me too much of 

it! Don’t want to risk my 

life. 

Specific 

population 

The patient stops/reduces the medication 

because the patient is pregnant/is a child/has 

liver disease and more. 

0.02% 
I'm pregnant and had to 

stop. 

Others Others 5.30% 

This is absolutely a 

nightmare! Stop and get 

better! 

 
Table 3.20. Correlation Between Effectiveness Ratings and MNA Reasons 

Reason Type 
Drug Effectiveness 

Rating 

Drug Ease of Use 

Rating 

User Satisfaction 

Rating 

Adverse event 0.052 -0.008 -0.006 

Drug switching 0.050 0.017 0.051 

Low health literacy 0.126 0.055 0.110 

Social influence -0.018 -0.029 -0.015 

Cost prohibitive for patient 0.031 0.028 0.042 

Complex medication plan 0.040 0.013 0.029 

Medication ineffectiveness 0.071 0.068 0.080 

Specific population 0.034 0.011 0.024 

Others 0.117 0.075 0.118 

All 0.090 0.024 0.051 

 

The results shed valuable insights to understanding patients’ intentional medication 

nonadherence behavior. Adverse drug events are the most common type of reason for patients to 

discontinue medications. Not only have adverse drug events resulted in medical injuries among 

patients, they also significantly affect patients’ adherence decision and indirectly hamper disease 
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management. Healthcare providers and pharmaceutical companies should be aware of the 

leading adverse drug events associated with nonadherence and provide alternatives timely.  

Apart from adverse drug events, we identify common types of reasons, including drug 

switching, low health literacy, cost, complex medication plan, and medication ineffectiveness, 

which are consistent with the findings in prior survey studies (Table 1). In addition, social 

influence and specific population have not been noted by prior survey studies. These additional 

findings may be attributed to the unique advantage of social media where social influence is a 

remarkable impact on patients. Some previously known MNA reasons, such as poor 

communication between providers and patients, did not appear in our dataset. This is because 

WebMD advices patients to emphasize review about the drugs instead of health providers.  

We further evaluate the proposed sentiment-enriched component on the reason-type level. 

We use the accuracy measure to assess the model performance. The accuracy for a particular 

reason type measures the proportion of the interested type of reason entities that the model can 

retrieve. Table 3.21. shows the effectiveness of the sentiment-enriched component. 

Table 3.21. The Effectiveness of the Sentiment-Enriched Component by Reason Type 

Reason Type BLSTM SEDEL Reason Percentage 

Adverse event 92.51% 93.87% 56.76% 

Drug switching 91.20% 93.96% 15.21% 

Complex medication plan 99.06% 99.08% 13.98% 

Social influence 91.53% 94.12% 7.67% 

Cost prohibitive for patient 9.77% 9.95% 0.93% 

Medication ineffectiveness 99.73% 98.57% 0.09% 

Low health literacy 97.75% 99.41% 0.04% 

Specific population 50.00% 100.00% 13.98% 

Others 94.73% 95.56% 7.67% 

 

The sentiment-enriched component helps improve the performance on most of the reason 

types. Adverse event, drug switching, cost prohibitive for the patient, and complex medication 

plan are associated with negative sentiment. Therefore, sentiment information could improve the 
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performance of MNA reason mining. Low health literacy and social influence reflect patients’ 

attitudes. Adding sentiment could also help retrieve these reasons. The performance on the cost 

prohibitive reason type is low because the percentage of this type of reasons is very low (0.93%). 

Misclassifying just one instance could skew the performance metrics. 

3.4.5. Error Analysis 

We selected the false positive and false negative expressions from the test set. False positive 

expressions are irrelevant words that the model misclassified as MNA reasons. False negative 

expressions are MNA reasons that the model misclassified as irrelevant words. Of the 13,765 

words in the test set, 218 of them are false positive (1.58%), and 111 are false negative (0.81%). 

We categorized the likely sources of errors as shown in Table 3.22. 

Table 3.22. Error Analysis 

False Positive 

Source Percentage Example Description 

Modifier for reason 

entities 
67.43% Lots of 

The modifier “lots of” before 

“headache” is also classified as 

nonadherence reason 

Non-reason adverse 

event/drug 
17.43% Anxiety Anxiety is an indication of a drug 

Prepositions and 

conjunctions 
6.42% Of “of” has no meaning 

Others 8.72% Take Not relevant 

False Negative 

Source Percentage Example Description 

Misclassify part of the 

reason 
35.14% Headache and nausea 

The model just retrieves “headache” but 

misses “nausea.” 

Lack of context 

information 
32.34% 

I have headache and 

anxiety 

Context words are “I have” and “and”: 

little information 

Vague 20.72% Noise Noise is not due to a medication 

Few training instances 9.91% Insurance “insurance” appeared just once 

Fail to identify drug 

names 
1.89% Abilify 

Patients want to switch to Abilify, but 

the model fails to identify “Abilify.” 

 

SEDEL was able to extract 1,520 more MNA reason expressions than BLSTM. Some of 

these examples include: “anxiety is worse,” “body just felt awful,” “extremely worried about 

being addicted to it,” “moods worsened,” “scary dreams,” and more. These expressions not only 
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indicate MNA but they signal negative sentiment as well. The SEDEL model is capable of 

learning such sentiment associated with the MNA decision. Therefore, SEDEL has a higher 

recall than other baseline models. 

3.4.6. Empirical Findings about Heterogeneities of Drugs and Patients 

Medication nonadherence is a complex medical issue due to the heterogeneity of patients and 

drugs. Table 3.23. shows that MNA reasons differ across drug classes. The bold numbers are the 

highest percentage in each column. For instance, treatments for arthritis patients include 

nonsteroidal anti-inflammatory drugs, steroids, analgesics, narcotics, and immunosuppressive 

drugs. Since this patient group has to take multiple medications for an extended period of time, 

complex medication plan is the leading MNA reason for arthritis patients (3.35%). Drug 

switching is prevalent among diabetes patients (10.59%). Since there are ample diabetes 

medications, patients usually switch medications for a better treatment option. 

Table 3.23. Differed Medication Nonadherence Reasons by Drug Class 

Drug Class 
Adverse 

Event 

Drug 

Switching 

Low Health 

Literacy 

Social 

Influence 

Cost 

Prohibitive 

Complex 

Medication Plan 

Medication 

Ineffectiveness 

Specific 

Population 
Others 

Diabetes 59.25% 10.59% 12.66% 2.22% 0.49% 2.18% 0.81% 0.02% 11.78% 

High blood 

pressure 
64.24% 8.41% 9.45% 1.87% 1.56% 2.33% 0.99% 0.01% 11.13% 

Infectious 64.76% 7.17% 8.48% 2.26% 0.44% 2.45% 1.11% 0.04% 13.29% 

Mental health 57.83% 7.26% 10.79% 2.42% 0.68% 3.25% 1.62% 0.05% 16.10% 

Respiratory 60.65% 7.18% 10.77% 2.52% 0.90% 2.88% 1.07% 0.04% 13.99% 

Allergic 58.09% 10.15% 8.65% 1.65% 2.03% 3.08% 2.23% 0.09% 14.02% 

Arthritis 59.75% 8.21% 9.54% 2.36% 0.69% 3.35% 1.63% 0.02% 14.46% 

Seizure 60.32% 7.25% 10.04% 2.50% 0.91% 2.98% 1.33% 0.05% 14.63% 

Cancer 62.16% 6.68% 10.43% 2.40% 0.53% 3.01% 1.04% 0.06% 13.69% 

Heart 62.58% 6.55% 10.37% 2.21% 0.99% 3.05% 1.05% 0.04% 13.17% 

Kidney 63.76% 7.00% 9.63% 2.26% 0.40% 2.92% 1.28% 0.05% 12.70% 

 

The MNA reasons are also diverse for individual drugs. Table 3.24. shows the differences in 

MNA reasons for individual drugs. The top-five discontinued drugs for each reason type are 

reported. Varied MNA reasons across drug classes and individual drugs shed insights on drug-

specific analysis on medication nonadherence. For instance, Opana is an opioid narcotic that can 
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treat moderate to severe pain. It has high risk for addiction and dependence. A most common 

discontinuing reason for Opana is drug switching. Patients may switch to other medication 

options to avoid drug dependence and other severe outcomes. Vyvanse is a central nervous 

system stimulant to treat attention deficit hyperactivity disorder (ADHD), but it can also produce 

increased energy, euphoria, and suppress appetite. Many people abuse Vyvanse for recreational, 

academic, or weight loss reasons6. Vyvanse users often discontinue the medication due to social 

influence from family members, friends, and caregivers. Valtrex is an enhanced anti-viral drug. 

It is more effective but expensive. The cost per dose for Valtrex ranges from $12.30 to $15.6. A 

30-day course of Valtrex as a preventive measure will cost around $370 to $470, almost four 

times as much as the competing drugs, such as Zovirax and Trifluridine. Patients may stop 

Valtrex due to the high cost and low insurance coverage. 

Table 3.24. Differed Medication Nonadherence Reasons Across Specific Drugs 

Reason Type Top-five Discontinued Drugs for Each Reason 

Adverse event Cialis, Levaquin, Lisinopril, Avelox, Bactrim DS  

Drug switching Opana, Roxicodone, Valium, Cymbalta, Coumadin 

Low health literacy Cialis, Opana, Gabapentin, Lisinopril, Actos 

Social influence Risperdal, Digoxin, Namenda, Vyvanse, Roxicodone 

Cost prohibitive for patient Valtrex, Bystolic, Protonix, Lopressor, Phenergan 

Complex medication plan Valium, Diazepam, Oxycontin, Gabapentin, Roxicodone 

Medication ineffectiveness Gabapentin, Opana, Vyvanse, Valium, Promethazine 

Specific population Vistaril, Valtrex, Loratadine, Furosemide, Zofran 

Others Vyvanse, Cialis, Effexor XR, Adderall, Paxil 

 

Once medication nonadherence reasons are detected for individual drugs, key stakeholders 

can infer targeted intervention strategies to improve adherence and disease management for 

different drugs. For instance, for medications that are costly, providers need to consider the 

generic form of the medications to achieve optimal treatment effect. The payers also need to 

conduct a cost-benefit analysis for including these medications in the plan considering the 

 
6 https://www.drugabuse.gov/publications/drugfacts/stimulant-adhd-medications-methylphenidate-

amphetamines 
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potential cost of MNA. For medications that have adverse effects, providers should engage 

patients in health communication in order to improve patient health literacy, identify medication 

ineffectiveness and server adverse events timely, and conduct necessary interventions. 

 MNA reasons also vary among different patient groups. Table 3.25. shows the distinct MNA 

reasons for different gender groups. Table 3.26. shows the varied MNA reasons for different age 

groups. The bold numbers are the highest percentage in each column. 

Table 3.25. Different Medication Nonadherence Reasons by Gender 

Gender 
Adverse 

Event 

Drug 

Switching 

Low Health 

Literacy 

Social 

Influence 

Cost 

Prohibitive 

Complex 

Medication Plan 

Medication 

Ineffectiveness 

Specific 

Population 
Others 

Female 60.50% 7.28% 14.74% 2.33% 0.75% 3.02% 1.39% 0.05% 9.94% 

Male 59.42% 7.93% 13.93% 2.30% 0.82% 3.23% 1.49% 0.00% 10.88% 

Unknown 60.77% 7.23% 14.46% 2.48% 0.72% 3.24% 1.35% 0.00% 9.76% 

 

As shown in Table 3.25., female patients are more likely to discontinue medications due to 

constrained use among specific populations (i.e., pregnancy and breastfeeding). Male patients are 

more likely to discontinue medications because of drug switching and cost. 

Table 3.26. Different Medication Nonadherence Reasons by Age 

Age 
Adverse 

Event 

Drug 

Switching 

Low Health 

Literacy 

Social 

Influence 

Cost 

Prohibitive 

Complex 

Medication Plan 

Medication 

Ineffectiveness 

Specific 

Population 
Others 

0-2 54.62% 10.08% 20.17% 7.56% 0.00% 0.00% 5.04% 2.52% 0.00% 

3-6 58.34% 6.34% 20.20% 7.41% 0.00% 0.29% 6.05% 1.27% 0.10% 

7-12 58.44% 7.99% 18.69% 8.12% 0.05% 0.36% 4.54% 1.81% 0.00% 

13-18 64.46% 7.42% 19.88% 2.71% 0.04% 0.28% 3.26% 1.94% 0.00% 

19-24 66.27% 7.38% 18.98% 1.61% 0.10% 0.47% 3.19% 1.90% 0.10% 

25-34 66.27% 7.46% 17.95% 2.20% 0.12% 0.51% 3.52% 1.84% 0.13% 

35-44 66.20% 8.22% 16.98% 2.69% 0.15% 0.63% 3.42% 1.67% 0.05% 

45-54 67.52% 8.44% 15.73% 2.51% 0.22% 0.68% 3.38% 1.51% 0.01% 

55-64 58.95% 7.73% 12.28% 2.41% 0.26% 0.68% 2.98% 1.15% 0.00% 

65-74 69.35% 9.29% 12.96% 2.90% 0.27% 0.88% 3.15% 1.20% 0.00% 

Unknown 67.47% 8.58% 14.33% 3.37% 0.23% 0.96% 3.87% 1.20% 0.00% 

 

 The MNA reasons show significant variance among different age groups. For instance, 

patient aged 65 and over are more likely to discontinue medications due to adverse events. This 

is because senior citizens may suffer from multiple chronic diseases and weakened immune 

system. They are more vulnerable to the adverse drug events. The infant group (aged 0-2) may 
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stop medications because of specific population reason. This is because some parents stop giving 

their infants medications due to the age precaution. 

 MNA reasons are not static. The type and proportion of MNA reasons fluctuate over time. 

Figure 3.10. shows an example of the trend of two MNA reasons: adverse event and medication 

ineffectiveness. The blue line is the trend of the average number of adverse event reasons per 

drug review7, and the gray line is the trend of the average number of medication ineffectiveness 

reasons per drug review. The two dashed lines are the regressed trending lines. While adverse 

event reasons have been rising steadily over the years, medication ineffectiveness reasons have 

been increasingly fluctuating. 

 

Figure 3.10. Medication Nonadherence Reasons Vary Over Time 

 
7 Average number of adverse event reasons per drug review = number of reported adverse event reasons 

monthly/number of drug reviews monthly 
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3.5. Discussions 

3.5.1. Relevance to IS Literature 

In line with the design science research guidelines (Hevner et al. 2004), our study provides 

identification and precise description of a relevant healthcare IT problem: medication 

nonadherence reason mining. We demonstrated that no adequate solutions exist in the prior 

literature. We developed and presented a novel information system that mines health social 

media to understand patient decision-making on medication adherence. We conducted 

comprehensive evaluations of the information system and assessed its utility. In addition, we 

articulated how the extracted patient MNA reasons can add value to existing knowledge of 

medication nonadherence and lead to better and more effective interventions.  

 This study also fits in the computational genre of design science research, as stressed by Rai 

(2017). The computational design science paradigm emphasizes an “interdisciplinary approach 

in developing novel data representations, computational algorithms, business intelligence, and 

analytics methods” (Rai 2017). Our study develops an interdisciplinary approach that involves a 

novel computational algorithm and an analytical solution to a major healthcare problem, thus 

holding great potential for generating IS research with significant societal impact. Such impact 

includes the capability of advancing the understanding of medication nonadherence issues from 

patients’ perspective and discovering useful information from multi-scale biomedical data to 

support healthcare delivery. 

3.5.2. Methodological Implications 

In this study, we formulate the MNA reason mining problem. The MNA reason mining 

problem can be generalized to understand the reasons for various decision-makings, such as 

consumer retention, technology adoption, and crowdfunding project investment. To approach 
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this problem, we develop the SEDEL model to process patient-generated medication experience 

and innovatively incorporate sentiment into word embedding representation. Both the deep 

learning architecture and sentiment-enriched word embedding contribute to the improved MNA 

reason mining performance. The SEDEL model can identify the relevant information from a 

large amount of user-generated content with high performance. Sentiment-enriched word 

embedding effectively represents the varied vocabularies in user-generated content and 

sentiments that may impact decision-making. Incorporating sentiment in word embedding 

improves the MNA reason mining performance. It can be generalized to analyze any other 

opinionated user-generated content and understand consumer decision-making in various 

domains including healthcare, online reviews, crowdfunding, video games, mobile apps, and 

more. Table 3.27. shows the specific implications for those domains. 

Table 3.27. Methodological Implications for Other Information Systems Research 

Domain Data Implications Using SEDEL 

Healthcare Health social media Extract reasons for medication nonadherence 

Online reviews Product review Extract reasons for purchasing products 

Crowdfunding Crowdfunding project review Extract reasons for invest in crowdfunding projects 

Video games Game review Extract reasons for playing/giving up video games 

Mobile apps Mobile app review Extract reasons for adopting mobile apps 

 

3.5.3. Practical Implications 

This study is the first to explore social media to understand patient medication nonadherence. 

The findings provide valuable implications for various stakeholders in the healthcare sector 

including patients, healthcare providers, hospitals, pharmaceutical companies, and insurers.  

Patients’ health belief, health literacy, and knowledge of the regimen play a significant role 

in adherence. The availability of patient medication nonadherence reasons not only provides 

patients with social support and information support but also empowers them to participate more 
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in health communication with physicians. Such information can indirectly benefit patients by 

improving other stakeholders’ awareness of the elements crucial to patients’ adherence.  

Nonadherence may complicate healthcare providers’ clinical decision-making, as they 

assume that their patients have taken the prescribed medications while adherence rate is low. 

Such practice may lead to inappropriate medication and/or dosage changes, which can result in 

complications and negative health outcomes. Relatedly, patients are at risk of new illness due to 

nonadherence or drug withdrawal effect. Our findings provide healthcare providers with a better 

understanding of key factors leading to nonadherence. Knowing those factors could facilitate 

empathic communications from providers involving a thorough understanding of patient’s 

perspectives. Health providers can also offer proper patient education and encourage more 

participation from patients in their health decision-making.  

Hospitals can implement our method in their electronic health record system. Our method 

can collect data from health social media in real time and analyze the potential nonadherence 

reasons for a drug and a patient group at the time of prescription. Therefore, the hospitals could 

take proactive intervention strategies to avoid negative consequences. 

The pharmaceutical industry loses tens of billions in worldwide sales each year due to 

nonadherence. A significant percentage of patients decide not to fill prescriptions as they don’t 

respond to the medications or experience serious side effects. Drug companies are now interested 

in discovering drug non-respondents and severe adverse drug events during the post-marketing 

phase. For instance, GlaxoSmithKline and Merck have turned to social media to listen to 

patients’ voice on their products (Harding 2015). Our findings provide comprehensive insights 

for drug companies about underlying issues in their products and invite research attention to 

problems such as drug ineffectiveness and serious adverse drug events. 
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Insurance plan design can encourage or discourage adherence. Patients with high-deductible 

health plans are more likely to be nonadherent because they shoulder more of the cost of their 

medications. In contrast, value-based insurance design may encourage adherence by reducing or 

eliminating copayments and deductibles for drugs with proven benefits. Understanding cost-

prohibitive nonadherence and consequential cost can help insurers make better decisions when 

designing their health plans. 

Our findings have many business opportunities as well. Pill reminder mobile apps could 

address forgetfulness reason by sending mobile notifications. As our findings suggest, many 

other reason besides forgetfulness could lead to medication nonadherence. Our findings shed 

light on further directions for feature designs to address other nonadherence reasons. For 

instance, social influence is a new finding in this study. Social influence could also be utilized to 

improve adherence. Pill reminder apps could design social interaction features that allow users to 

invite friends, peers, and caregivers on the app to motivate each other to improve adherence. 

3.5.4. Limitations and Future Directions 

Our study has several limitations and areas for improvements. First, our sentiment-enriched 

representation only considers sentiment scores while patient-generated content contains rich 

textual features such as hot topics and multi-scale emotions. In the future, we plan to extend the 

sentiment-enriched representation with a more comprehensive set of textual features.  

Second, we tested our approach on drug reviews from WebMD. The WebMD drug review 

platform commends users to review drugs that they have a first-hand experience with8. In rare 

cases, users can rate a medication that their elderly patients or their children use. Although most 

of the drug reviews are genuine, it is possible that our data exhibits some false informers and 

 
8 https://www.webmd.com/drug-reviews-faq 
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personal biases. However, these noises may not influence the major categories of MNA reasons, 

which are evaluated by medical experts. False information and collective biases in this 

community may affect the distribution of reason types for a drug. For future research, we could 

extend the scope of analyses to other major platforms such as DailyStrength, PatientsLikeMe, 

and Drugs.com, in order to alleviate the influence of biases and false information. 

Third, the social media approach may partially reflect the general patient population, because 

not all patients share their opinions in social media. This issue is minimized as the social media 

user base is already significantly larger than the patient cohorts in survey studies. Our research 

data also represent a diverse range of gender and age groups. These advantages of social media 

approach effectively complement existing survey approaches in data representativeness. 

Nevertheless, medication nonadherence is a rather complicated behavior. No single approach is 

sufficient to reveal the complete scope of this problem. A combination of social media approach 

and surveys could provide a more comprehensive understanding towards this issue. 

Fourth, although our designed approach can be a generalizable framework to understand 

individual’s decision-making, we did not test the efficacy of our approach in other research 

contexts. To extend this line of research, future studies could use this framework to understand 

reasons for consumer retentions, technology adoption, crowdfunding project investment, and 

more. For instance, we could leverage users’ reviews for an information technology and apply 

our proposed framework to extract the reasons for technology adoption expressed in the text.  

3.6. Conclusion 

Nonadherence to medications exacerbates the health conditions of patients. Our research 

objective was to understand why patients do not adhere to their medications. We designed a data 

analytical framework to collect relevant data from health social media, extract the medication 
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nonadherence (MNA) reasons, and analyze the types of reasons. Consistent with design science 

research methodology, we performed a series of empirical analyses to test the components of our 

framework rigorously and to compare it with the state-of-the-art methods. Evaluation results 

show that our SEDEL model outperforms all the baseline models in recognizing relevant MNA 

reasons. The SEDEL model has significant improvement in recall and F1 score compared to the 

baseline models. Our proposed MNA detection framework can be utilized by various studies to 

extract information in the text.  

We design the sentiment-enriched deep learning approach for MNA reason detection. We are 

among the first to analyze MNA reasons in large-scale health social media, involving 180 drugs 

and 53,180 patients. Many of these reasons have not been noted by previous studies, which 

further proved the value of health social media data in MNA management. The MNA reasons 

detected by our framework have direct implications for the stakeholders, including physicians, 

patients, caregivers, pharmaceutical companies, insurers, and healthcare systems. These 

stakeholders can gain insight from patients’ perspective and understand the patients’ thoughts 

about medications. Knowing the precise reasons for individual patients and drugs, proactive 

measures and early preventions can be applied to avoid harmful outcomes caused by MNA. 
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4. ESSAY III: DISCOVERING BARRIERS TO OPIOID ADDICTION TREATMENT 

FROM SOCIAL MEDIA: A SIMILARITY NETWORK-BASED DEEP LEARNING 

APPROACH 

4.1. Introduction 

The United States is in the throes of an opioid epidemic, which affects not only public health 

but also social and economic welfare. It was estimated that in 2016, 11.8 million Americans 

misused prescription opioids or used illicit opioids (SAMHSA 2017). Among them, 2.1 million 

suffered from opioid addiction. The opioid crisis is still expected to worsen in the next decade, 

largely attributed to the substantial increase of illicit drug use and the infiltration of synthetic 

opioids and Fentanyl (Chen et al. 2019). 

Opioid use disorder (OUD) causes serious medical and financial consequences for patients 

and healthcare systems. On average, 130 Americans die every day from opioid overdose (NIH 

2018). The ramifications of OUD go well beyond the healthcare realm. The Council of 

Economic Advisors at the White House estimated that in 2015, the cost of OUD was $504 

billion, or 2.8 percent of the GDP that year (White House 2017). The economic costs of OUD are 

manifested in healthcare, lost productivity, treatment for substance use disorder, and the criminal 

justice system (Florence et al. 2016). Many medical studies show that OUD treatments are 

effective and could prevent further ramifications. The Support for Patients and Community Act 

expands access to treatment for substance use disorder. However, only 17.5% of patients with 

OUD receive treatment (NIDA 2018). Such a low adoption rate is due in part to significant 

access barriers to treatments, such as the fear of job loss, limited insurance coverage, social 

stigma, and treatment programs located in limited areas with long waitlists (Oliva et al. 2011).  
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 Understanding these barriers forms the premise to decrease overdose mortality, reduce the 

transmission of infectious diseases, and lower health costs (Robeznieks 2018). Existing studies 

employed surveys to understand the barriers to OUD treatment (Hassamal et al. 2017; McKenna 

2017). These studies are challenged by the narrow patient population, as individuals struggling 

with OUD are difficult to reach if they are not actively under treatment. User-generated content 

in social media can bridge this gap. Studies show that 59% of adults participate in health social 

media platforms, which offer a vast amount of patient narratives about their medication-taking 

behavior (Pew Internet Research 2013). Social media has also been previously used as an IT 

application to provide new insights on various urgent health issues (Capurro et al. 2014).  

In drug forums, in particular, patients share their experience of taking prescription and illicit 

opioids. Due to the anonymous nature of these forums, patients are willing to elaborate on their 

real decision-making on OUD treatments (e.g., Figure 4.1.). This large-scale patient self-reported 

information creates an unprecedented potential to study the barriers to OUD treatment from the 

patient decision-making standpoint (Chen et al. 2012) and facilitate analyses on heterogeneous 

patient groups in real time. To our best knowledge, no social media analytical approach has been 

taken in OUD treatment research. 

 

Figure 4.1. Examples of Patient Narratives about OUD Treatment 

Significant challenges still linger to understand patient perspectives from drug forums despite 

their enormous potential. First, the barriers to OUD treatment are sensitive to real-time events, 

causing them to vary over time. To facilitate effective and real-time surveillance for OUD 
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treatment barriers, proactive and fine-grained automated models are required. Second, patients 

use vocabulary different from that of health professionals (Smith and Wicks 2008). Only 43% of 

symptom terms in online social media platforms are presented as exact or synonymous with 

terms in the professional medical language. Patients prefer to use a wide variety of morphs (fake 

alternative names) to describe drugs and treatment options in order to avoid censorship and 

surveillance, entertain readers, or use personal writing styles. In patient-generated contents, 

morphs of Oxycodone include Oxy, O.C., Oxycet, Oxycontin, and more. Morphs of OUD 

treatments, such as meth, MMT, and chocolate chip cookies, are commonly used in patient 

discussions as well. The literal meanings of the morphs are distant from their contextual 

meanings. The drift between the literal and contextual meanings of morphs poses a significant 

challenge to understand the discussion. Fortunately, the patient-generated morphs, like other 

community-specific languages, can be learned by representation learning and knowledge 

construction.  

Motivated by the critical need for fine-grained and automated techniques to understand OUD 

treatment barriers in drug forums, we propose a novel computational method: SImilarity 

Network-based DEep Learning (SINDEL). We define the barriers to OUD treatment as patient 

self-described factors leading to the absence of OUD treatment. SINDEL extends the state-of-

the-art text mining models with a similarity network-based component and deep learning 

architecture. The similarity network-based component bridges the literal and contextual 

semantics of morphs and detects OUD treatment barriers accurately. The deep learning 

architecture enhances the learning performance on sparse OUD-related narratives through a 

recurrent and parallel hierarchical structure. 
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Our study makes the following contributions to information systems literature, data analytical 

methodology, and healthcare practice. First, we develop a deep learning framework (SINDEL) to 

extract OUD treatment barriers from drug forums. Our proposed approach significantly 

outperforms the baseline models. The performance enhancement is attributed to our model’s 

capability to capture the similarity network of words and interpret the semantics of morphs 

accurately. SINDEL can be generalized to extract information from many other text genres 

containing specialized morphs, such as hacker forums, health social media, and product reviews. 

Second, our study falls into the category of computational design science research that aims 

to design analytical solutions to problems with social impact (Rai 2017). We provide an 

automated framework to understand patient decision-making. Our empirical findings 

complement current behavioral health science research on OUD treatments with comprehensive 

patient experience data. We discover 13 types of OUD treatment barriers, including lack of 

motivation, lack of medical literacy, social stigma, concerns about job loss, withdrawal reactions 

and side effects, and more. Many of the OUD treatment barriers that we discover have not been 

noted by prior survey studies, such as side effects of treatment, concerns about buprenorphine or 

methadone addiction, poor patient-physician relationship, and depressed mental status.  

Our findings involve the heterogeneity among patients and open a window to understanding 

illicit drug users’ behavior. We provide valuable implications for medical professionals and 

policymakers to understand individual opioid-taking behavior and the real treatment barriers 

faced by patients. Tailored intervention measures can be taken accordingly to prevent medical 

and financial ramifications, improve OUD management, and reverse the opioid crisis. 
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4.2. Literature Review 

Our study is related to three research areas. First, we survey the literature on opioid use 

disorder treatments to understand the existing research approaches in this area. Second, we 

review opinion mining in social media to bring in design principles for our study. Third, we 

investigate prior work in morphology and deep learning in order to propose a method that can 

address the technical challenges to understanding morphs in drug forums. 

4.2.1. Understanding the Barriers to OUD Treatments 

Opioid use disorder (OUD) has drawn attention from clinical practitioners, policymakers, 

and researchers in the past decade. These stakeholders attempt to understand and remove the 

treatment barriers to OUD. Table 4.1. shows the recent studies on OUD treatment barriers. 

Table 4.1. Recent Studies on OUD Treatment Barriers 

Author Year Method Sample Size OUD Treatment Barriers 

Livingston et 

al.  

2018 Interview 20 participants Access to methadone expertise, professional support 

Hassamal et 

al.  

2017 Review 5 studies Financial, administrative, policy, lack of information 

McKenna  2017 Survey 4,100 

participants 

Financial  

Stumbo et al.  2017 Interview 283 participants Fear of uncontrolled pain, stigma of addiction 

Andrilla et al.  2017 Survey 1,124 

participants 

Lack of physician’s DEA waiver 

Sharma et al.  2017 Review NA Financial, regulatory, geographic, attitudinal, logistic 

Bojko et al.  2016 Interview 86 participants Unclear treatment goal, provider and societal negative 

attitude, legislation 

Hutchinson 

et al.  

2014 Interview 92 participants Physician’s lack of institutional support 

Oliva et al.  2011 Review NA Government and insurance policies, provider perceptions 

and concerns, lack information 

Knudsen et 

al.  

2011 Interview 250 participants Regulatory prohibitions due to lack of medical staff, funding 

barriers, lack of access to medical personnel 
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Raven et al.  2010 Survey 50 participants Homelessness, brief lengths of stay complicating discharge 

planning, patient ambivalence regarding long-term 

treatment, and inadequate detox-to-rehab transfer resources 

Wolfe et al.  2010 Review NA Stigmatization of IDUs, medical treatment separated by 

specialties, bans on treatment of active IDUs, hidden or 

collateral fees, multiple requirements for treatment initiation 

or modification 

 

Surveys or interviews are commonly used to investigate the barriers to OUD treatment, with 

subject sample sizes ranging from 20 patients to over 4,000 patients (McKenna 2017). The 

barriers to OUD treatment identified in these studies can be categorized into three categories: 1) 

System-related: the factors related to healthcare systems and regulations, such as government 

and insurance policies and funding barriers (Knudsen et al. 2011); 2) Provider-related: the factors 

related to health providers, such as lack of DEA waiver, lack of institutional support, lack of 

resources, and geographic constraints (Sharma et al. 2017); 3) Patient-related: patient-specific 

factors, such as the fear of pain and lack of information on treatments (Hassamal et al. 2017). 

 Understanding the barriers to OUD treatment forms the basis for developing effective 

interventions. Current studies investigated the barriers to OUD treatment via surveys and 

interviews (Hassamal et al. 2017; McKenna 2017; Stumbo et al. 2017), which offer only cursory 

descriptions of some well-known and hypothesized barriers, lacking depth and 

comprehensiveness (Larochelle et al. 2016). The surveys only capture a snapshot of barriers. In 

reality, many patient-level barriers are complicated by patient characteristics and policy changes, 

causing them to vary over time. Hence, surveys are unlikely to offer a comprehensive 

understanding of treatment barriers. Moreover, survey studies are provider-centric, lacking 

understanding from the patients’ perspective. This dominant provider perspective poses a 

significant challenge to translating these treatment barriers into real-world settings as providers 

have little control over patient decision-making on OUD treatments. Furthermore, patients are 
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reluctant to disclose their issues with OUD treatments, especially illicit drug users. Some patients 

intentionally avoid being connected to OUD treatments due to the social stigma around opioid 

use. 

 Innovative approaches are needed to understand barriers to OUD treatments, patient 

behaviors, and potential measures that can deliver the care to patients in need. Health big data 

from social media platforms makes innovative projects possible and opens opportunities for 

investigations that can yield insights into and understanding of issues such as patient decision-

making, human motivation, and social phenomena (Baesens et al. 2014). Because of the 

anonymous nature of social media, many patients, including illicit drug users, actively share their 

drug-taking experience with their peers.  

Since the early 2000s, many social media applications have efficiently gathered a large 

volume of real-time and self-reported experience from a diverse patient population (Chen et al. 

2012). This patient self-reported experience not only provides real-time and dynamic information 

but also covers an unprecedent scale of the patient population with heterogeneous characteristics. 

Yet, no social media analytical approach has been taken in OUD treatment studies. 

4.2.2. Opinion Mining and Social Media Analytics 

The barriers to OUD treatment include factors related to treatment, patient, insurance, among 

others (Oliva et al. 2011). Extensive literature has developed a fine-grained discipline, opinion 

mining, to understand the factors of various behaviors, such as purchase decision, technology 

acceptance, and more (Zhang and Liu 2014). Sentiment, affection state, subjectivity, aspect, and 

opinion holder have long been topics of interest in opinion mining research. Among them, 

patient sentiment, affection state, or aspects of treatments could be barriers to OUD treatments. 

To formulate proper techniques to understand the barriers to OUD treatment from social media, 
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we survey recent literature on opinion mining in social media. Table 4.2. shows the recent 

studies in opinion mining and social media analytics. 

Table 4.2. Recent Studies on Opinion Mining in Social Media 

Author Year Data Method 
Opinion 

Category 
Opinion of Interest Performance 

Salas-Zárate 

et al.  

2017 News Ontology-

based 

Sentiment Sentiment on 

financial market 

F1 score: 0.65 

Poria et al.  2017 Video LSTM Sentiment Sentiment on videos Accuracy: 0.56 

Zadeh et al.  2017 Video LSTM Sentiment Sentiment on videos F1 score: 0.77 

Liu et al.  2016 Product 

review 

CRF Feature/aspect Features of camera F1 score: 0.73 

Poria et al.  2016 Product 

review 

CNN Feature/aspect Functions of laptops F1 score: 0.87 

Wu and Ester  2015 Product 

review 

LDA Feature/aspect Features of products Perplexity: 

590.46 

Brisson and 

Torrel  

2015 Product 

review 

CRF Feature/aspect Functions of 

cellphones 

F1 score: 0.68 

Liu et al.  2015 Product 

review 

RNN Feature/aspect Functions of laptops F1 score: 0.74 

Marrese-

Taylor et al.  

2014 Hotel review Rule-based Feature/aspect Characteristics of 

hotels 

F1 score: 0.36 

Patra et al.  2014 Restaurant 

review 

CRF Feature/aspect Restaurant 

conditions 

F1 score: 0.72 

Kim et al.  2014 News Ontology-

based 

Sentiment Opinion on stock 

price 

F1 score: 0.73 

Guzman and 

Maalej 

2014 App review LDA Affect Sentiment on apps F1 score: 0.55 

 

The opinions of interest include product functions (Poria et al. 2016), sentiment (Zadeh et al. 

2017), investment preference (Salas-Zárate et al. 2017), and more. The methods include four 

categories: ontology-based methods (Kim et al. 2014; Salas-Zárate et al. 2017), rule-based 

methods (Marrese-Taylor et al. 2014), conventional machine learning methods (i.e., Conditional 

Random Fields and Latent Dirichlet Allocation) (Liu et al. 2016a; Wu and Ester 2015), and deep 

learning methods (e.g., Convolutional Neural Networks and Recurrent Neural Networks) (Poria 

et al. 2017; Zadeh et al. 2017). 
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While traditional text mining models, including ontology-based methods, rule-based 

methods, and conventional machine learning methods, achieve satisfying performance in formal 

text genres, they fall short in processing patient narratives in drug forums. Unlike the data used 

in existing opinion mining studies, drug forums have unique features. When describing OUD 

treatments, patients use many morphs (fake alternative names) to represent drugs and treatment 

options. This is because users attempt to avoid censorship and surveillance or use them as 

idiomatic expressions. For instance, heroin can be referred to as H, hero, and China white by 

different users. Traditional text mining methods are not capable of interpreting the real semantics 

of the morphs. While some studies adopt deep learning to capture the semantic meaning of words 

to process unstructured data (product reviews), the existing deep learning approaches do not 

consider the interconnected relationships among the morphs. For instance, H, hero, and China 

white are closely related, because they are derived from the same origin (heroin). 

4.2.3. Morphology and Deep Learning 

In order to address the challenges in opinion mining in drug forums, we draw insights from 

morphology and deep learning studies. Morphology is the study of words, how they are formed, 

and their relationship to other words in a language. In drug forums, users invent new slang and 

idiomatic expressions to describe their experience. Related work in morphology aims to address 

the challenges of understanding slang, synonyms, and other types of word variations in 

unstructured text and hence can help us to understand OUD-related expressions in drug forums. 

Table 4.3. shows the recent literature in morphology. 

Table 4.3. Recent Studies in Morphology 

Author Year Data Method Morphs of Interest Performance 

Simpson et al.  2018 Tweets Word 

embedding 

Emerging drug terms Accuracy: 0.58 



 

 102 

Yao et al.  2018 News articles Word 

embedding 

Word changes over time F1 score: 0.75 

Qu et al.  2017 Wikipedia Word 

embedding 

Entity synonyms in Wikipedia F1 score: 0.592 

Huang et al.  2017 WSJ articles BLSTM Synonyms in news articles Accuracy: 0.73 

Sha et al.  2017 Tweets Character-level 

embedding 

Internet morphs in Twitter Accuracy: 0.87 

He et al.  2016 Search query Optimization Attribute synonyms in search 

queries 

Precision: 0.88-1.0 

Nguyen et al.  2016 Web pages Word 

embedding 

Antonym and synonym in text Precision: 0.66-

0.76 

Zhang et al.  2016 NYT articles Word 

embedding 

Semantically similar terms in 

articles 

Precision: 0.51-

0.75 

Zhang et al.  2015 Tweets Auto encoder Internet slang in Twitter F1 score: 0.82 

Hu et al.  2015 Web pages CRF Synonyms in web pages F1 score: 0.84 

Ren and Cheng  2015 Search logs Graph model Synonyms in search logs Precision: 0.81 

Huang et al.  2013 Tweets Graph model Internet slangs in censored data Accuracy: 0.54 

 

Similar to the drug morphs and patient idiomatic expressions in drug forums, morphology 

studies tackle internet slang (Huang et al. 2017; Sha et al. 2017), synonyms (He et al. 2016; Qu 

et al. 2017), and semantically similar terms (Yao et al. 2018; Y. Zhang et al. 2016). The main 

body of literature in morphology utilizes distributed representation and deep learning methods, 

such as word embedding and BLSTM, to interpret the semantics of morphs. 

Deep learning is the class of computational models containing multiple processing layers to 

learn representations of data. Deep learning methods have dramatically boosted the analytical 

capability in text mining, computer vision, drug discovery, and more.  

Word embedding is a vector-based representation of words commonly used in deep learning 

models for natural language processing. Skip-gram and CBOW are the most common word 

embedding models (Levy and Goldberg 2014). They learn the neighboring words of a focal word 

within a window size across the corpus and predict its most likely neighbors. We can adjust the 

window size based on empirical evidence that OUD treatment barriers have a long or short 
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dependency. Skip-gram learns the representation better than CBOW for words with low 

occurrence in the vocabulary. Given a word 𝑤𝑡 , the training objective of Skip-gram is to 

maximize the average log probability: 

                                                    𝐿 =
1

𝑇
∑ ∑ log 𝑝(𝑤𝑡+𝑗|𝑤𝑡)

−𝑐≤𝑗≤𝑐,𝑗≠0

𝑇

𝑡=1

.                                            (4.1) 

Parameter 𝑇 is the number of unique words in the training corpus. Parameter 𝑐 is the window 

size of the surrounding words. Words that appear within a distance of 𝑐 are considered as the 

surrounding words. Parameters 𝑤𝑡+𝑗  are the words surrounding 𝑤𝑡 .  

The state-of-the-art deep learning models to process text data are recurrent neural networks 

(RNNs) and Long Short-Term Memory (LSTM). An RNN contains a self-connected recurrent 

unit. At each time step, an RNN takes both the last hidden state and the current input to compute 

the current hidden state. The current hidden state is then used to compute the current output. 

LSTMs are a variant of RNNs. A standard RNN only has a hidden state and an output state. An 

LSTM contains an input gate, a forget gate, an output gate, a memory cell, and a hidden state. 

The LSTM unit computes the output by iterating the following equations: 

                                              𝒊(𝑡) = 𝜎(𝑾𝑖𝒙
(𝑡) + 𝑼𝑖𝒉

(𝑡−1) + 𝒃𝑖);                                                (4.2) 

                                              𝒇(𝑡) = 𝜎(𝑾𝑓𝒙(𝑡) + 𝑼𝑓𝒉(𝑡−1) + 𝒃𝑓);                                             (4.3) 

                                              𝒐(𝑡) = 𝜎(𝑾𝑜𝒙(𝑡) + 𝑼𝑜𝒉(𝑡−1) + 𝒃𝑜);                                             (4.4) 

                                              𝒖(𝑡) = 𝑡𝑎𝑛ℎ(𝑾𝑢𝒙(𝑡) + 𝑼𝑢𝒉(𝑡−1) + 𝒃𝑢);                                     (4.5) 

                                              𝒄(𝑡) = 𝒊(𝑡) ∘ 𝒖(𝑡) + 𝒇(𝑡) ∘ 𝒄(𝑡−1);                                                     (4.6) 

                                              𝒉(𝑡) = 𝒐(𝑡) ∘ 𝑡𝑎𝑛ℎ(𝒄(𝑡)).                                                                   (4.7) 

Variable 𝒙(𝑡) is the input at time step 𝑡. Symbol ∘ denotes element-wise multiplication. 

Parameters 𝑾, 𝑼, and 𝒃 are the weight vectors of the gate parameters. The forget gate controls 
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the extent to which the previous memory cell is forgotten, the input gate controls how much each 

unit is updated, and the output gate controls the exposure of the internal memory state. Since an 

LSTM uses a memory cell to store the previous information, it can keep useful information of 

each word even though the word is distant from the current time step. 

 It is still challenging for standard deep learning methods to tackle morphology, which is 

exacerbated by online social media platforms and the nature of OUD discussions. The morphs9 

of drugs and treatment options are often used in OUD discussions. Usually, the literal meaning 

of these morphs is distant from their contextual meaning. Morphs for drugs in the same class are 

semantically closer than those across drug classes. Each opioid class has a unique effect, 

regimen, and instruction, leading to varying semantic context in OUD discussions. Oxycodone is 

a semi-synthetic opioid, the morphs of which include Oxy, O.C., Oxycet, Oxycontin, and more. 

The morphs of heroin include H, China white, and more. Oxy and O.C. are not simply morphs of 

opioid drugs, but they represent the same drug class (oxycodone) as well. Therefore, Oxy and 

O.C. are more closely related than Oxy and China white. Although standard deep learning could 

capture the semantic meaning of the words, the interconnected relationships within the same 

opioid class are neglected. 

The vector representation of words enables deep learning methods to demonstrate 

outstanding performance in various natural language understanding tasks. It models the semantic 

context of words using the neighboring words of the focal word. However, in addition to the 

semantic relatedness to local neighboring words, key entities of interest, such as drug names and 

treatment effects, are related due to the medical context. Therefore, we are motivated to propose 

 
9 In this study, we define morphs as any derived terms other than the generic medical term. 
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a new deep learning architecture that incorporates the vector representation of words and 

semantic similarity in a network to extract OUD treatment barriers from drug forums. 

4.3. Research Method  

4.3.1. OUD Treatment Barrier Mining Problem Formulation 

Let 𝑃 denote a set of 𝑛 patients 𝑝𝑖 in the drug forum (𝑝𝑖 ∈ 𝑃, 𝑖 = 1,2, … , 𝑛). Let 𝑂 denote a 

set of opioids 𝑜𝑖 used by patients in 𝑃. A patient 𝑝𝑖 taking opioid 𝑜𝑗 would post reviews 𝑣𝑖𝑗 

(integrate all reviews of patient 𝑝𝑖 with opioid 𝑜𝑗) about his or her drug-taking experience in drug 

forums. A review 𝑣𝑖𝑗 contains 𝑚 sentences 𝑠𝑘 (𝑘 = 1,2, … , 𝑚). Each sentence 𝑠𝑘 is denoted as 

[𝑤𝑘
(1)

, 𝑤𝑘
(2)

,…,𝑤𝑘
(𝑛)

], where 𝑤𝑘
(𝑡)

 is a word in 𝑠𝑘. If a patient 𝑝𝑖 taking opioid 𝑜𝑗 decides not to 

seek treatment, he or she would be likely to describe the barriers to OUD treatment in the review 

𝑣𝑖𝑗. The barriers to OUD treatment of patient 𝑝𝑖 taking opioid 𝑜𝑗 are denoted as 𝑏𝑖𝑗
1 , 𝑏𝑖𝑗

2 , … , 𝑏𝑖𝑗
𝑞

 (𝑞 

is the number of barriers). A barrier 𝑏𝑖𝑗
𝑘  can be a word [𝑤𝑘

(𝑡)
], a phrase [𝑤𝑘

(1)
, 𝑤𝑘

(2)
,…,𝑤𝑘

(𝑚)
], or 

part of a sentence [𝑤𝑘
(1)

, 𝑤𝑘
(2)

,…,𝑤𝑘
(𝑡)

]. We summarize the important notations used in this paper 

in Table 4.4. Given a collection of posts 𝑣𝑖𝑗 from a patient 𝑝𝑖 regarding opioid 𝑜𝑗 as the input, the 

proposed approach summarizes the OUD treatment barrier types 𝑏𝑖𝑗
1 , 𝑏𝑖𝑗

2 , … , 𝑏𝑖𝑗
𝑞

 as the output. 

Table 4.4. Problem Notation 

𝑃 = set of patients 𝑝𝑖 = patient, 𝑝𝑖 ∈ 𝑃 

𝑂 = set of opioids 𝑜𝑖 = opioid, 𝑜𝑖 ∈ 𝑂 

𝑣𝑖𝑗 = posts about opioid 𝑜𝑗 from patient 𝑝𝑖 𝑠𝑘 = the 𝑘𝑡h sentence in a posting 

𝑤𝑘
(𝑡)

 = the 𝑡𝑡h word in sentence 𝑠𝑘 𝑏𝑖𝑗
𝑞

 = the 𝑞𝑡h treatment barrier for patient 𝑝𝑖 with opioid 𝑜𝑗 

 

4.3.2. A Similarity Network-Based Deep Learning Approach 

The OUD treatment barrier mining problem has two objectives: barrier extraction and barrier 

clustering. Barrier extraction identifies patient self-described OUD treatment barriers 

𝑏𝑖𝑗
1 , 𝑏𝑖𝑗

2 , … , 𝑏𝑖𝑗
𝑞

 for each patient 𝑝𝑖 taking a particular opioid 𝑜𝑗. Since patients use different 
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expressions to describe the same type of barrier, barrier clustering groups the identified OUD 

treatment barriers based on their semantic meaning. The process of the OUD treatment barrier 

mining is shown in Figure 4.2. The novelty of our approach is highlighted in red. 

The proposed OUD treatment barrier mining approach receives a sentence from drug forums 

as the input. Two parallel representation models represent the sentence with two vectors. Branch 

1 utilizes word embedding to generate semantic vectors for each word. Branch 2 creates a 

similarity network of words and generates a network representation for each word. The two 

representations are concatenated in the hidden layers which further recognize the OUD treatment 

barriers in the sentence. A clustering model is utilized to cluster the extracted barriers into 

meaningful categories of OUD treatment barriers. We elaborate on the details of our proposed 

deep learning approach in the following subsections. 

 

Figure 4.2. The OUD Treatment Barrier Mining Framework 

4.3.2.1. The Similarity Network-Based Representation 

The proposed similarity network-based representation contains two parallel representations. 

The first representation is a word embedding representation to capture the semantic meaning of 

words, so that morphs can be interpreted as their intended meaning. Let 𝑆 be a training sequence 
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[𝑤1, 𝑤2,…,𝑤𝑇]. Variable 𝑤𝑖  denotes word 𝑖 in the sequence. The training objective is to 

maximize the objective function in Equation 1. Parameter 𝑇 denotes the number of training 

words. Parameter 𝑐 is the window size (the words that appear within a distance of 𝑐 words). 

Variables 𝑤𝑡+𝑗 are the words surrounding 𝑤𝑡 . We use the Skip-gram method to build the word 

embedding model, as it performs better than other models (e.g., CBOW) in predicting rare 

words. OUD treatment barriers are also sparse expressions. The resulting model obtains an array 

of semantic vectors with 300 dimensions. We set the window size as five and the dimension to 

be 300 in this study, as both of them are successfully tested in multiple deep learning studies and 

effective for social media text (Baroni et al. 2014; Goldberg and Levy 2014). 

 The second representation aims to construct a network of words in order to capture the 

interconnected relationships. In this network 𝐺 = (𝑉, 𝐸), each node 𝑉 is a word, and the edge 𝐸 

is the semantic similarity between words. As such, each word is linked to a set of words that are 

closely related. For instance, Oxy will be linked with O.C. and Oxycet, because they are the most 

similar morphs. Oxy will not be linked with China white, because they represent different drug 

classes. This word similarity network is capable of addressing the limitation of word embedding 

by considering the semantic relationships among entities of interests. Instead of using the 

representation of the focal word, we use similar words that are connected to the focal word as the 

second representation for the focal word. Figure 4.3. shows an example. 

 

Figure 4.3. An Example of a Word Similarity Network 
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 In the simple example in Figure 4.3., Oxycodone (𝑤(1)) is linked to Oxy, O.C., Oxycet, and 

Oxycontin, because they belong to the same drug class. We use 𝑤(2), 𝑤(3), 𝑤(4), and 𝑤(5) to 

represent 𝑤(1). Likewise, China white, H, and hero are linked to heroin. We use 𝑤(7), 𝑤(8), and 

𝑤(9) to represent 𝑤(6). In our corpus, we construct a similarity network for all words and 

compute the similarity between each pair of words. We select a set of most similar words for 

each word and link them together. The number of similar words is determined in the empirical 

analyses with the highest performance. Word similarity is computed using the cosine similarity 

of word embedding as shown in Equation 4.8.  

                                                                  𝑠𝑖𝑚𝑖𝑗 =
𝒙(𝑖) ∙ 𝒙(𝑗)

∥ 𝒙(𝑖) ∥∥ 𝒙(𝑗) ∥
.                                                     (4.8) 

Variables 𝒙(𝑖) and 𝒙(𝑗) are the word embedding of word 𝑤(𝑖) and 𝑤(𝑗). Given word 𝑤, let 

𝑤(1), 𝑤(2), … , 𝑤(10) be the top ten words that are the most similar to word 𝑤. Let 

𝑠𝑖𝑚(1), 𝑠𝑖𝑚(2), … , 𝑠𝑖𝑚(10) be the similarity between word 𝑤 and the other ten words. Let 

𝒙(1), 𝒙(2), … , 𝒙(10) be the word embedding for 𝑤(1), 𝑤(2), … , 𝑤(10). The similarity network 

representation of word 𝑤 is defined in Equation 4.9. 

                                                                         𝒙𝑠 = ∑ 𝑠𝑖𝑚(𝑖)𝒙(𝑖)

10

𝑖=1

.                                                      (4.9) 

4.3.2.2. A Deep Learning Architecture 

To effectively extract the barriers to OUD treatment, we utilize a bidirectional long short-

term memory (BLSTM) architecture. A sentence follows its semantic and syntactic rules. Words 

in different locations in a sentence may exhibit semantic dependency regardless of the word 

order (Crain and Nakayama 1987). The bidirectional structure could capture such dependency 

from both directions. We devise a multi-view BLSTM model that processes the word embedding 
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representation and the similarity network representation in parallel. The multi-view BSLTM 

model contains two branches. Each branch has independent BLSTM layers that contain LSTM 

units. Our model is called SImilarity Network-based DEep Learning (SINDEL). 

 The LSTM units in branch one take the word embedding as the input, and the LSTM units in 

branch two take the similarity network representation as the input. The computational process for 

branch two is shown in Equations 4.10-4.15. The computational process in the first branch is the 

same, except that the input at each time step is word embedding 𝒙(𝑡) instead of similarity 

network representation 𝒙𝑠
(𝑡)

. 

Similarity network-based input gate: 𝒊𝑠
(𝑡)

= 𝜎(𝑾s𝑖𝒙𝑠
(𝑡)

+ 𝑼s𝑖𝒉𝑠
(𝑡−1)

𝒃s𝑖);                      (4.10)  

Similarity network-based forget gate: 𝒇𝑠
(𝑡)

= 𝜎(𝑾s𝑓𝒙𝑠
(𝑡)

+ 𝑼s𝑓𝒉𝑠
(𝑡−1)

+ 𝒃s𝑓);            (4.11) 

Similarity network-based output gate: 𝒐𝑠
(𝑡)

= 𝜎(𝑾s𝑜𝒙𝑠
(𝑡)

+ 𝑼s𝑜𝒉𝑠
(𝑡−1)

+ 𝒃s𝑜);            (4.12) 

Similarity network-based cell state: 𝒖𝑠
(𝑡)

= 𝜎(𝑾s𝑢𝒙𝑠
(𝑡)

+ 𝑼s𝑢𝒉𝑠
(𝑡−1)

+ 𝒃s𝑢);               (4.13) 

Similarity network-based memory cell: 𝒄𝑠
(𝑡)

= 𝒊𝑠
(𝑡)

∘ 𝒖𝑠
(𝑡)

+ 𝒇𝑠
(𝑡)

∘ 𝒄𝑠
(𝑡−1)

;                       (4.14) 

Similarity network-based hidden state: 𝒉𝑠
(𝑡)

= 𝒐𝑠
(𝑡)

∘ 𝑡𝑎𝑛h(𝒄𝑠
(𝑡)

).                                      (4.15) 

Variable 𝒙𝑠
(𝑡)

 is the current input, and 𝒉𝑠
(𝑡−1)

 is the previous hidden state. Parameters 𝑾, 𝑼, 

and 𝒃 are weight parameters with values between 0 and 1. The gates (𝒊𝑠
(𝑡)

, 𝒇𝑠
(𝑡)

, and 𝒐𝑠
(𝑡)

) and 

memory cell 𝒄𝑠
(𝑡)

 take the similarity network representation 𝒙𝑠
(𝑡)

 at time step 𝑡 and information 

from previous time steps in the last hidden state 𝒉(𝑡−1). This mechanism allows useful 

information from previous time steps to persist and learn useful information in new inputs.  

Each forward or backward hidden state has 128 dimensions. We condense useful information 

from the 300-dimensional 𝒙(𝑡) to 128 dimensions in the LSTM cell, following prior studies 



 

 110 

(Chan and Lane 2015; Rao et al. 2015). The learning rate in gradient descent is 0.1. The dropout 

rate is 0.2. 

 The above computation is processed independently for the word embedding branch and the 

similarity network branch. Each branch obtains a hidden state in the last time step. The final 

hidden states of branch one and two are further concatenated as an integrated model. Figure 4.4. 

shows a graphic illustration of the model architecture. The red part indicates the innovation of 

this study. 

The input to the SINDEL model is a sentence from the research corpus. The sentence is 

represented with word embedding and the similarity network representation. Two BLSTM layers 

process these two representations in parallel. Finally, a Softmax layer (Equation 4.16) is stacked 

on the top to predict the word type (OUD treatment barrier or not). 

                                                            𝑝(𝑦 = 𝑗|𝒙) =
𝑒𝒙T𝒘𝑗

∑ 𝑒𝒙T𝒘𝑘𝐾
𝑘=1

.                                                     (4.16) 

Variable 𝑦 is the predicted word type. Variable 𝒙 is the input to the Softmax layer. Parameter 

𝒘 is the weight parameter. The Softmax function is a frequently used method in multiclass 

classification (Ma and Hovy 2016; Xie et al. 2017a). It is a generalization of the logistic function 

that maps 𝑛-dimensional real-valued inputs 𝒙 to 𝑘-dimensional real-valued desired output 𝑦 with 

a value between 0 and 1. In our model, the Softmax function takes the output of the merged 

BLSTM layers 𝒙 as the input and produces the probability of word type 𝑗 (OUD treatment barrier 

or not) given this input 𝒙 (𝑝(𝑦 = 𝑗|𝒙)). 
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Figure 4.4. Similarity Network-Based Deep Learning Architecture 

4.3.2.3. OUD Treatment Barrier Clustering 

The SINDEL model extracts the OUD treatment barrier expressions in drug forums. Many 

OUD treatment barriers may describe the same barrier type. For instance, “expensive” and 

“cannot afford the treatment” both refer to the cost of treatment. We utilize a clustering method 

to identify the major types of OUD treatment barriers. As word embedding could represent the 

semantic meaning of words in drug forums, we use word embedding as the features for the 

clustering model. Each unique OUD treatment barrier extracted in the previous step is an 

instance for clustering. Given a treatment barrier containing 𝑡 words: [𝑤(1), 𝑤(2), … , 𝑤(𝑡)], the 

word embedding of each word is [𝒙(1), 𝒙(2), … , 𝒙(𝑡)]. The representation of this treatment barrier 

is the element-wise average over each dimension of the word embedding of those words, as 

shown in Equation 4.17. This element-wise average for phrase representation is well-received 

and applied in various text mining studies (Mikolov, Sutskever, et al. 2013).  
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                                                                       𝒙𝑏 =
1

𝑡
(∑ 𝒙(𝑖)

𝑡

𝑖=1

).                                                        (4.17) 

A salient number of studies utilized k-means for clustering. We, therefore, use k-means as 

the clustering method to group OUD treatment barriers based on their semantic meanings. 

4.4. Empirical Analyses 

4.4.1. Data Preparation 

The research testbed comes from a leading health IT platform (Drugs-Forum.com), which 

contains a large collection of patient discussions about drug use and recovery. This platform 

allows opioid users to interact with peers without being judged. Because of the anonymity and 

the specificity of the platform, opioid users elaborate on their drug use, addiction, and treatment 

experience. This platform also allows illicit drug users to share their experience with illicit drugs, 

such as heroin, cocaine, and fentanyl. The research data contains narratives from the OUD 

patients’ perspective about illicit drugs and creates an unprecedented opportunity to extend the 

investigation on opioid addiction to an underrepresented population. 

We collected the posts from Drugs-Forum related to drug use (i.e., Buprenorphine, 

Methadone, and Opiate & Opioid addiction) from the start of Drugs-Forum to September 1, 

2018. The raw dataset encompasses 27,154 posts, involving prescription and illicit drugs such as 

cocaine, MDMA, ethnobotanicals, GHB, LSD, magic mushrooms, buprenorphine, hydrocodone, 

morphine, codeine, heroin, oxycodone, methadone, and tramadol.  

We randomly sampled 3,000 posts related to OUD treatment. Four expert annotators 

reviewed these sampled posts and annotated the OUD treatment barriers for model training 

purposes. The IOB labeling scheme is adapted to assign tags for each word in a sentence. Each 
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word has a label suggesting if it is inside (I), outside (O), or the beginning (B) of an expression 

of OUD treatment barriers. Figure 4.5. shows an example of the annotation.  

 

Figure 4.5. Annotation Example 

To test inter-annotator reliability, we leverage Cohen’s Kappa. The Kappa value for the OUD 

treatment barrier annotation is 0.92, indicating excellent reliability. A fifth expert annotator 

reviewed disagreements and made the final judgment. We further segmented the posts into 

sentences with the sentence boundary detection package from NLTK. A total of 40,917 

sentences were generated. We chose 70% of the annotated data as the training set, 10% as the 

validation set, and the remaining 20% as the test set. 

4.4.2. Baseline Models for Extracting OUD Treatment Barriers 

Two classes of baseline methods are selected: conventional machine learning methods and 

deep learning methods. The conventional machine learning methods include Support Vector 

Machine (SVM), Logistic Regression (LR), Naïve Bayesian (NB), and Conditional Random 

Fields (CRFs). To use SVM, LR, and NB for extracting OUD treatment barriers, we first use 

word embedding to represent each word as a feature vector and then feed the feature vectors into 

these classifiers respectively. In our study, we use the word2vec model with 300 dimensions. 

These methods are implemented with the commonly adopted machine learning library scikit-

learn. CRFs are the most popular machine learning sequence labeling models. We use CRFSuite 

as the implementation for the CRFs due to its outstanding performance and efficiency (Okazaki 

2007; Turian et al. 2010). CRFSuite is able to generate features automatically given training and 

test text. 
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As our SINDEL model modifies standard deep learning models, we also benchmark SINDEL 

with three state-of-the-art deep learning models: Recurrent Neural Network (RNN), Long Short-

Term Memory (LSTM), and Bidirectional Long Short-Term Memory (BLSTM). The deep 

learning baseline models are implemented with the Keras10 deep learning library in Python. 

4.4.3. Evaluation Metrics 

Three common evaluation metrics in text mining, precision, recall, and F1 score, are adopted 

in this study to assess the performance. Precision assesses how many OUD treatment barriers 

that the model retrieves are correct. Recall measures how many OUD treatment barriers in the 

research testbed the model can identify. F1 score is the harmonic average of precision and recall.  

Precision, recall, and F1 score evaluate different aspects of a model. Researchers usually 

weight one over another based on specific objectives. In our study, we aim to extract as many 

OUD treatment barriers as possible and make sure the extracted barriers are correct at the same 

time. Extracting more correct OUD treatment barriers could help with a more effective and 

complete set of intervention strategies. Such improved understanding of OUD treatment barriers 

can form the basis for comprehensive interventions to prevent unnecessary medical 

consequences. Therefore, F1 score is more important than precision and recall in our study. 

4.4.4. Evaluation of Extracting OUD Treatment Barriers 

We evaluate our model on the annotated dataset, with 70% for training, 10% for validation, 

and 20% for testing. To avoid overfitting, the validation set helps adjust hyper-parameters in 

each epoch. We repeat the training procedure for each model 20 times and report the average 

performance in Tables 4.5. and 4.7.  

 
10 https://keras.io/ 
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As shown in Table 4.5., our SINDEL model outperforms the conventional machine learning 

methods (SVM, LR, NB, and CRF) by a very large margin in F1 score and precision. CRF 

achieves the highest precision (78.46%) among the common baseline methods. SINDEL 

outperforms CRF in precision by 6.85%. LR has the highest F1 score (50.01%) among the 

baseline methods. SINDEL still outperforms LR in F1 score by 53.91%. NB achieves the highest 

recall, because it recognizes most instances as OUD treatment barriers (very low precision), 

which is not feasible for practical use. Since F1 score is the most important in this study, 

SINDEL is the best model for OUD treatment barrier mining. 

Table 4.5. Evaluation of SINDEL against the Conventional Machine Learning Methods 

Method Precision Recall F1 score 

SVM 58.10% 40.09% 47.40% 

LR 45.25% 61.15% 50.01% 

NB 22.54% 95.50% 36.47% 

CRF 78.46% 36.59% 49.90% 

SINDEL (Ours) 85.31% 70.14% 76.97% 

 

To test the statistical significance of the performance improvement of the SINDEL model, 

we repeat the training and testing procedures for each model 20 times and conduct t-tests to 

compare the performance of SINDEL against the conventional machine learning baseline 

models. The t-test results summarized in Table 4.6. indicate that our proposed SINDEL 

significantly outperforms all the baseline models (p < 0.001).  

Table 4.6. Pairwise T-tests for SINDEL against the Conventional Machine Learning Methods 

Method Pair Precision Recall F1 score 

SINDEL vs SVM < 0.001*** < 0.001*** < 0.001*** 

SINDEL vs LR < 0.001*** < 0.001*** < 0.001*** 

SINDEL vs NB < 0.001*** < 0.001*** < 0.001*** 

SINDEL vs CRF < 0.001*** < 0.001*** < 0.001*** 

*: p < 0.05; **: p < 0.01; ***: p < 0.001 

We also compare our SINDEL model with state-of-the-art deep learning methods. The 

results in Table 4.7. show that SINDEL outperforms RNN, LSTM, and BLSTM in all three 
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evaluation metrics. BLSTM achieves the best results among the deep learning baseline methods 

due to the advantages of the bidirectional architecture. SINDEL improves upon BLSTM in 

precision by 4.15%, recall by 11.96%, and F1 score by 8.44%. In Table 4.8., the pairwise t-tests 

for SINDEL against the deep learning methods indicate the performance improvement of our 

SINDEL is statistically significant. The superior performance of SINDEL against all the baseline 

methods in Table 4.5. and Table 4.7. demonstrates the effectiveness of the proposed similarity 

network-based deep learning in extracting OUD treatment barriers. 

Table 4.7. Evaluation of SINDEL against the Deep Learning Models 

Method Precision Recall F1 score 

RNN 75.19% 48.49% 58.80% 

LSTM 71.90% 54.48% 61.77% 

BLSTM 81.91% 62.65% 70.98% 

SINDEL (Ours) 85.31% 70.14% 76.97% 

 

Table 4.8. Pairwise T-tests for SINDEL against the Deep Learning Models 

Method Pair Precision Recall F1 score 

SINDEL vs RNN < 0.001*** < 0.001*** < 0.001*** 

SINDEL vs LSTM < 0.001*** < 0.001*** < 0.001*** 

SINDEL vs BLSTM < 0.001*** < 0.001*** < 0.001*** 

*: p < 0.05; **: p < 0.01; ***: p < 0.001 

In order to check the robustness of SINDEL’s advantages over other deep learning methods, 

we conduct the experiments with varying key parameters (the output dimension of the 

embedding layer and the output dimension of the LSTM layer in Figure 4.4.) in SINDEL and 

other baseline models. We choose the commonly adopted parameter combinations (see Table 

4.9. for details) to show the performance changes of SINDEL and the deep learning baseline 

methods. Figures 4.6., 4.7., and 4.8. depict the performance curves of their precision, recall, and 

F1 score when the key parameters vary. The results in the figures show SINDEL is robust and 

significantly outperforms BLSTM, LSTM, and RNN in three evaluation metrics in all parameter 

combinations. 
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Figure 4.6. Precision of SINDEL and Deep Learning Methods with Varying Parameters 

 

Figure 4.7. Recall of SINDEL and Deep Learning Methods with Varying Parameters 

 

Figure 4.8. F1 Score of SINDEL and Deep Learning Methods with Varying Parameters 

Table 4.9. Performances of SINDEL and Deep Learning Models with Varying Parameters 

No. Embedding, 

Output 

SINDEL BLSTM LSTM RNN 

P R F P R F P R F P R F 
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1 32, 32 0.828 

(0.019) 

0.583 

(0.032) 

0.684 

(0.022) 

0.763 

(0.034) 

0.522 

(0.042) 

0.618 

(0.030) 

0.727 

(0.044) 

0.276 

(0.050) 

0.397 

(0.055) 

0.690 

(0.030) 

0.301 

(0.036) 

0.418 

(0.036) 

2 32, 64 0.819 

(0.027) 

0.617 

(0.063) 

0.701 

(0.033) 

0.769 

(0.035) 

0.548 

(0.061) 

0.637 

(0.027) 

0.688 

(0.059) 

0.331 

(0.062) 

0.443 

(0.061) 

0.689 

(0.036) 

0.345 

(0.038) 

0.458 

(0.034) 

3 32, 128 0.817 

(0.019) 

0.618 

(0.035) 

0.703 

(0.023) 

0.769 

(0.033) 

0.584 

(0.049) 

0.662 

(0.029) 

0.726 

(0.047) 

0.385 

(0.042) 

0.501 

(0.036) 

0.707 

(0.048) 

0.425 

(0.049) 

0.530 

(0.047) 

4 32, 256 0.800 

(0.021) 

0.638 

(0.030) 

0.709 

(0.018) 

0.739 

(0.026) 

0.590 

(0.024) 

0.656 

(0.019) 

0.715 

(0.051) 

0.454 

(0.068) 

0.551 

(0.049) 

0.686 

(0.041) 

0.447 

(0.050) 

0.540 

(0.042) 

5 32, 512 0.785 

(0.027) 

0.620 

(0.026) 

0.692 

(0.019) 

0.737 

(0.019) 

0.579 

(0.027) 

0.647 

(0.016) 

0.684 

(0.036) 

0.542 

(0.052) 

0.602 

(0.025) 

0.666 

(0.032) 

0.462 

(0.054) 

0.543 

(0.039) 

6 32, 1024 0.783 

(0.019) 

0.631 

(0.017) 

0.698 

(0.010) 

0.726 

(0.021) 

0.553 

(0.026) 

0.627 

(0.018) 

0.632 

(0.028) 

0.516 

(0.048) 

0.566 

(0.023) 

0.656 

(0.040) 

0.467 

(0.106) 

0.537 

(0.081) 

7 64, 32 0.817 

(0.029) 

0.605 

(0.027) 

0.694 

(0.017) 

0.774 

(0.037) 

0.456 

(0.032) 

0.572 

(0.022) 

0.718 

(0.031) 

0.311 

(0.052) 

0.432 

(0.051) 

0.641 

(0.031) 

0.291 

(0.029) 

0.399 

(0.030) 

8 64, 64 0.824 

(0.016) 

0.602 

(0.025) 

0.696 

(0.017) 

0.784 

(0.028) 

0.506 

(0.044) 

0.613 

(0.027) 

0.725 

(0.035) 

0.409 

(0.069) 

0.519 

(0.052) 

0.682 

(0.039) 

0.357 

(0.040) 

0.468 

(0.040) 

9 64, 128 0.823 

(0.029) 

0.619 

(0.031) 

0.706 

(0.017) 

0.778 

(0.029) 

0.540 

(0.044) 

0.635 

(0.023) 

0.732 

(0.028) 

0.461 

(0.071) 

0.561 

(0.054) 

0.691 

(0.037) 

0.380 

(0.040) 

0.489 

(0.038) 

10 64, 256 0.817 

(0.018) 

0.628 

(0.024) 

0.710 

(0.014) 

0.743 

(0.019) 

0.566 

(0.019) 

0.642 

(0.012) 

0.729 

(0.032) 

0.514 

(0.057) 

0.600 

(0.033) 

0.685 

(0.038) 

0.407 

(0.044) 

0.509 

(0.040) 

11 64, 512 0.813 

(0.018) 

0.641 

(0.014) 

0.717 

(0.013) 

0.713 

(0.017) 

0.567 

(0.009) 

0.631 

(0.006) 

0.682 

(0.038) 

0.542 

(0.064) 

0.601 

(0.034) 

0.661 

(0.023) 

0.455 

(0.035) 

0.538 

(0.028) 

12 64, 1024 0.808 

(0.010) 

0.651 

(0.019) 

0.721 

(0.012) 

0.690 

(0.012) 

0.540 

(0.021) 

0.605 

(0.015) 

0.622 

(0.024) 

0.519 

(0.039) 

0.565 

(0.023) 

0.646 

(0.045) 

0.474 

(0.082) 

0.541 

(0.051) 

13 128, 32 0.810 

(0.016) 

0.634 

(0.032) 

0.711 

(0.019) 

0.791 

(0.019) 

0.516 

(0.049) 

0.623 

(0.033) 

0.713 

(0.031) 

0.375 

(0.047) 

0.489 

(0.040) 

0.711 

(0.016) 

0.342 

(0.044) 

0.460 

(0.040) 

14 128, 64 0.835 

(0.015) 

0.611 

(0.025) 

0.705 

(0.017) 

0.811 

(0.015) 

0.539 

(0.023) 

0.647 

(0.016) 

0.722 

(0.029) 

0.449 

(0.082) 

0.548 

(0.054) 

0.702 

(0.026) 

0.376 

(0.034) 

0.489 

(0.032) 

15 128, 128 0.834 

(0.020) 

0.649 

(0.044) 

0.728 

(0.019) 

0.797 

(0.029) 

0.560 

(0.024) 

0.657 

(0.013) 

0.725 

(0.033) 

0.525 

(0.076) 

0.604 

(0.047) 

0.718 

(0.029) 

0.404 

(0.031) 

0.516 

(0.029) 

16 128, 256 0.843 

(0.016) 

0.658 

(0.016) 

0.739 

(0.011) 

0.790 

(0.021) 

0.586 

(0.031) 

0.672 

(0.018) 

0.721 

(0.027) 

0.536 

(0.058) 

0.612 

(0.038) 

0.719 

(0.024) 

0.421 

(0.031) 

0.531 

(0.028) 

17 128, 512 0.828 

(0.012) 

0.667 

(0.014) 

0.739 

(0.011) 

0.768 

(0.011) 

0.597 

(0.011) 

0.671 

(0.008) 

0.694 

(0.030) 

0.567 

(0.041) 

0.623 

(0.024) 

0.713 

(0.027) 

0.453 

(0.037) 

0.554 

(0.031) 

18 128, 1024 0.8270 

(0.013) 

0.665 

(0.014) 

0.737 

(0.010) 

0.746 

(0.010) 

0.572 

(0.016) 

0.647 

(0.012) 

0.650 

(0.037) 

0.538 

(0.065) 

0.585 

(0.032) 

0.706 

(0.030) 

0.470 

(0.056) 

0.562 

(0.043) 

19 256, 32 0.831 

(0.018) 

0.638 

(0.017) 

0.722 

(0.012) 

0.803 

(0.020) 

0.562 

(0.047) 

0.659 

(0.032) 

0.706 

(0.021) 

0.377 

(0.042) 

0.490 

(0.036) 

0.711 

(0.021) 

0.365 

(0.063) 

0.480 

(0.058) 

20 256, 64 0.840 

(0.018) 

0.648 

(0.022) 

0.732 

(0.012) 

0.823 

(0.015) 

0.569 

(0.032) 

0.673 

(0.024) 

0.715 

(0.028) 

0.462 

(0.047) 

0.559 

(0.032) 

0.740 

(0.026) 

0.419 

(0.037) 

0.534 

(0.031) 

21 256, 128 0.852 

(0.015) 

0.663 

(0.013) 

0.745 

(0.009) 

0.830 

(0.015) 

0.584 

(0.007) 

0.686 

(0.007) 

0.716 

(0.025) 

0.504 

(0.045) 

0.590 

(0.029) 

0.744 

(0.032) 

0.433 

(0.036) 

0.547 

(0.034) 

22 256, 256 0.853 

(0.013) 

0.686 

(0.021) 

0.760 

(0.014) 

0.824 

(0.015) 

0.613 

(0.019) 

0.703 

(0.012) 

0.718 

(0.018) 

0.545 

(0.046) 

0.618 

(0.028) 

0.758 

(0.019) 

0.457 

(0.022) 

0.570 

(0.020) 

23 256, 512 0.852 

(0.009) 

0.695 

(0.013) 

0.766 

(0.009) 

0.796 

(0.021) 

0.614 

(0.024) 

0.693 

(0.015) 

0.708 

(0.021) 

0.574 

(0.038) 

0.633 

(0.022) 

0.739 

(0.024) 

0.467 

(0.048) 

0.571 

(0.035) 

24 256, 1024 0.852 

(0.011) 

0.685 

(0.013) 

0.760 

(0.009) 

0.775 

(0.014) 

0.598 

(0.027) 

0.675 

(0.018) 

0.682 

(0.031) 

0.554 

(0.048) 

0.610 

(0.028) 

0.732 

(0.036) 

0.531 

(0.077) 

0.612 

(0.054) 

25 512, 32 0.831 

(0.019) 

0.652 

(0.019) 

0.730 

(0.012) 

0.795 

(0.018) 

0.568 

(0.035) 

0.662 

(0.022) 

0.706 

(0.033) 

0.405 

(0.050) 

0.512 

(0.041) 

0.733 

(0.020) 

0.408 

(0.053) 

0.522 

(0.049) 

26 512, 64 0.852 

(0.017) 

0.652 

(0.016) 

0.738 

(0.011) 

0.822 

(0.021) 

0.592 

(0.018) 

0.688 

(0.013) 

0.701 

(0.021) 

0.501 

(0.055) 

0.582 

(0.036) 

0.732 

(0.015) 

0.449 

(0.038) 

0.556 

(0.030) 

27 512, 128 0.856 

(0.016) 

0.666 

(0.016) 

0.749 

(0.009) 

0.840 

(0.013) 

0.603 

(0.020) 

0.702 

(0.015) 

0.720 

(0.023) 

0.503 

(0.054) 

0.590 

(0.035) 

0.749 

(0.016) 

0.461 

(0.031) 

0.571 

(0.024) 

28 512, 256 0.848 

(0.009) 

0.685 

(0.018) 

0.757 

(0.011) 

0.823 

(0.013) 

0.615 

(0.018) 

0.704 

(0.009) 

0.723 

(0.022) 

0.534 

(0.043) 

0.613 

(0.025) 

0.747 

(0.012) 

0.463 

(0.028) 

0.571 

(0.022) 

29 512, 512 0.849 

(0.006) 

0.703 

(0.018) 

0.769 

(0.011) 

0.805 

(0.016) 

0.620 

(0.012) 

0.701 

(0.012) 

0.720 

(0.021) 

0.542 

(0.059) 

0.616 

(0.041) 

0.746 

(0.016) 

0.482 

(0.045) 

0.584 

(0.032) 

30 512, 1024 0.851 

(0.008) 

0.692 

(0.015) 

0.763 

(0.010) 

0.788 

(0.014) 

0.599 

(0.013) 

0.680 

(0.009) 

0.689 

(0.018) 

0.562 

(0.036) 

0.619 

(0.025) 

0.743 

(0.029) 

0.516 

(0.075) 

0.605 

(0.051) 

31 1024, 32 0.832 

(0.017) 

0.661 

(0.024) 

0.736 

(0.012) 

0.795 

(0.020) 

0.577 

(0.036) 

0.668 

(0.025) 

0.704 

(0.024) 

0.406 

(0.062) 

0.512 

(0.052) 

0.726 

(0.017) 

0.409 

(0.042) 

0.522 

(0.034) 
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32 1024, 64 0.851 

(0.012) 

0.650 

(0.018) 

0.737 

(0.013) 

0.834 

(0.015) 

0.591 

(0.024) 

0.691 

(0.014) 

0.725 

(0.020) 

0.465 

(0.051) 

0.565 

(0.038) 

0.737 

(0.014) 

0.438 

(0.045) 

0.548 

(0.037) 

33 1024, 128 0.852 

(0.014) 

0.666 

(0.019) 

0.747 

(0.013) 

0.843 

(0.012) 

0.605 

(0.028) 

0.704 

(0.017) 

0.726 

(0.026) 

0.507 

(0.037) 

0.596 

(0.025) 

0.749 

(0.017) 

0.461 

(0.038) 

0.570 

(0.033) 

34 1024, 256 0.849 

(0.012) 

0.684 

(0.018) 

0.757 

(0.012) 

0.823 

(0.013) 

0.624 

(0.022) 

0.710 

(0.011) 

0.720 

(0.023) 

0.553 

(0.041) 

0.625 

(0.026) 

0.751 

(0.015) 

0.457 

(0.032) 

0.568 

(0.025) 

35 1024, 512 0.853 

(0.010) 

0.701 

(0.016) 

0.770 

(0.011) 

0.819 

(0.018) 

0.627 

(0.015) 

0.710 

(0.012) 

0.719 

(0.025) 

0.545 

(0.054) 

0.618 

(0.032) 

0.752 

(0.022) 

0.485 

(0.043) 

0.588 

(0.029) 

36 1024, 1024 0.854 

(0.009) 

0.689 

(0.011) 

0.762 

(0.009) 

0.785 

(0.015) 

0.602 

(0.019) 

0.681 

(0.015) 

0.684 

(0.026) 

0.575 

(0.054) 

0.623 

(0.031) 

0.741 

(0.027) 

0.504 

(0.075) 

0.596 

(0.053) 

Note: the first and second parameters of the second column indicate the output dimension of the Embedding layer and the output 

dimension of the LSTM layer in Figure 4 respectively. For each method, “P”, “R”, and “F” denote precision, recall, and F1 score 

respectively. 

 

The SINDEL model utilizes word embedding and the similarity network as the 

representation. We utilize the word2vec model to generate word embedding in the previous 

analyses. We further test the robustness of our model by using other commonly adapted word 

embedding models including a locally-trained Skip-gram model and GloVe. Table 4.10. shows 

the performance of these embedding models. Table 4.11. shows the significance of the 

performance comparison. 

Table 4.10. Evaluation of SINDEL Using Different Word Embeddings 

Method Precision Recall F1 score 

SINDEL with Skip-gram 80.09% 68.56% 73.87% 

SINDEL with GloVe 83.84% 59.14% 69.33% 

SINDEL (Ours) 85.31% 70.14% 76.97% 

 

Table 4.11. Pairwise T-tests for SINDEL Using Different Word Embeddings 

Method Pair Precision Recall F1 score 

SINDEL (Ours) vs SINDEL with Skip-gram < 0.001*** < 0.01** < 0.001*** 

SINDEL (Ours) vs SINDEL with GloVe < 0.05* < 0.001*** < 0.001*** 

*: p < 0.05; **: p < 0.01; ***: p < 0.001 

The word2vec model reaches the best performance among all word embedding models. The 

locally-trained Skip-gram achieves lower performance because the word embedding training size 

is smaller than that of word2vec. GloVe also has lower performance because many of the 

discussions in the entire dataset drift from OUD treatment. The global representation induces 

noisy information. We further test the performance of SINDEL with various embedding models 
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in different hyper-parameter settings (the output dimension of the embedding layer and the 

output dimension of the LSTM layer in Figure 4). Figures 4.9., 4.10., and 4.11. depict the 

performance curves of their precision, recall, and F1 score when the key parameters vary. The 

hyper-parameter description and statistics are shown in Table 4.12.  

 

Figure 4.9. Precision of SINDEL Using Different Word Embeddings with Varying Parameters 

 

Figure 4.10. Recall of SINDEL Using Different Word Embeddings with Varying Parameters 
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Figure 4.11. F1 Score of SINDEL Using Different Word Embeddings with Varying Parameters 

Table 4.12. Performances of SINDEL Using Varying Parameters 

No. Embedding, 

Output 

SINDEL (Ours) SINDEL (Skip-gram) SINDEL (GloVe) 

P R F P R F P R F 

1 32, 32 0.828 

(0.019) 

0.583 

(0.032) 

0.684 

(0.022) 

0.793 

(0.018) 

0.643 

(0.026) 

0.709 

(0.015) 

0.799 

(0.034) 

0.447 

(0.034) 

0.572 

(0.028) 

2 32, 64 0.819 

(0.027) 

0.617 

(0.063) 

0.701 

(0.033) 

0.790 

(0.032) 

0.647 

(0.057) 

0.708 

(0.024) 

0.821 

(0.042) 

0.488 

(0.046) 

0.610 

(0.027) 

3 32, 128 0.817 

(0.019) 

0.618 

(0.035) 

0.703 

(0.023) 

0.808 

(0.020) 

0.634 

(0.027) 

0.710 

(0.014) 

0.786 

(0.028) 

0.514 

(0.033) 

0.621 

(0.023) 

4 32, 256 0.800 

(0.021) 

0.638 

(0.030) 

0.709 

(0.018) 

0.802 

(0.017) 

0.636 

(0.034) 

0.709 

(0.018) 

0.750 

(0.031) 

0.542 

(0.026) 

0.629 

(0.016) 

5 32, 512 0.785 

(0.027) 

0.620 

(0.026) 

0.692 

(0.019) 

0.784 

(0.020) 

0.662 

(0.021) 

0.718 

(0.014) 

0.709 

(0.039) 

0.544 

(0.033) 

0.614 

(0.017) 

6 32, 1024 0.783 

(0.019) 

0.631 

(0.017) 

0.698 

(0.010) 

0.786 

(0.012) 

0.655 

(0.019) 

0.714 

(0.010) 

0.670 

(0.031) 

0.561 

(0.031) 

0.610 

(0.012) 

7 64, 32 0.817 

(0.029) 

0.605 

(0.027) 

0.694 

(0.017) 

0.779 

(0.016) 

0.680 

(0.021) 

0.726 

(0.012) 

0.824 

(0.019) 

0.482 

(0.025) 

0.608 

(0.021) 

8 64, 64 0.824 

(0.016) 

0.602 

(0.025) 

0.696 

(0.017) 

0.801 

(0.018) 

0.656 

(0.033) 

0.721 

(0.017) 

0.838 

(0.025) 

0.502 

(0.030) 

0.627 

(0.022) 

9 64, 128 0.823 

(0.029) 

0.619 

(0.031) 

0.706 

(0.017) 

0.802 

(0.017) 

0.666 

(0.023) 

0.727 

(0.010) 

0.801 

(0.026) 

0.551 

(0.027) 

0.652 

(0.017) 

10 64, 256 0.817 

(0.018) 

0.628 

(0.024) 

0.710 

(0.014) 

0.799 

(0.014) 

0.676 

(0.024) 

0.732 

(0.012) 

0.764 

(0.038) 

0.564 

(0.035) 

0.647 

(0.019) 

11 64, 512 0.813 

(0.018) 

0.641 

(0.014) 

0.717 

(0.013) 

0.782 

(0.014) 

0.686 

(0.015) 

0.731 

(0.011) 

0.737 

(0.017) 

0.562 

(0.023) 

0.638 

(0.013) 

12 64, 1024 0.808 

(0.010) 

0.651 

(0.019) 

0.721 

(0.012) 

0.779 

(0.015) 

0.691 

(0.010) 

0.732 

(0.009) 

0.711 

(0.035) 

0.578 

(0.033) 

0.636 

(0.017) 

13 128, 32 0.810 

(0.016) 

0.634 

(0.032) 

0.711 

(0.019) 

0.783 

(0.019) 

0.668 

(0.028) 

0.720 

(0.014) 

0.860 

(0.022) 

0.477 

(0.021) 

0.613 

(0.015) 

14 128, 64 0.835 

(0.015) 

0.611 

(0.025) 

0.705 

(0.017) 

0.795 

(0.016) 

0.657 

(0.022) 

0.719 

(0.014) 

0.843 

(0.022) 

0.489 

(0.025) 

0.618 

(0.021) 

15 128, 128 0.834 

(0.020) 

0.649 

(0.044) 

0.728 

(0.019) 

0.804 

(0.015) 

0.668 

(0.026) 

0.729 

(0.014) 

0.858 

(0.019) 

0.515 

(0.030) 

0.643 

(0.022) 

16 128, 256 0.843 

(0.016) 

0.658 

(0.016) 

0.739 

(0.011) 

0.791 

(0.020) 

0.666 

(0.031) 

0.722 

(0.014) 

0.812 

(0.026) 

0.550 

(0.028) 

0.655 

(0.015) 

17 128, 512 0.828 

(0.012) 

0.667 

(0.014) 

0.739 

(0.011) 

0.793 

(0.013) 

0.682 

(0.018) 

0.733 

(0.007) 

0.763 

(0.019) 

0.567 

(0.020) 

0.650 

(0.013) 

18 128, 1024 0.8270 

(0.013) 

0.665 

(0.014) 

0.737 

(0.010) 

0.782 

(0.015) 

0.682 

(0.012) 

0.729 

(0.009) 

0.750 

(0.029) 

0.558 

(0.025) 

0.639 

(0.016) 
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19 256, 32 0.831 

(0.018) 

0.638 

(0.017) 

0.722 

(0.012) 

0.781 

(0.017) 

0.680 

(0.028) 

0.727 

(0.016) 

0.847 

(0.020) 

0.504 

(0.034) 

0.631 

(0.029) 

20 256, 64 0.840 

(0.018) 

0.648 

(0.022) 

0.732 

(0.012) 

0.801 

(0.017) 

0.652 

(0.014) 

0.718 

(0.011) 

0.872 

(0.017) 

0.508 

(0.028) 

0.641 

(0.021) 

21 256, 128 0.852 

(0.015) 

0.663 

(0.013) 

0.745 

(0.009) 

0.811 

(0.013) 

0.659 

(0.016) 

0.727 

(0.009) 

0.866 

(0.016) 

0.539 

(0.021) 

0.664 

(0.016) 

22 256, 256 0.853 

(0.013) 

0.686 

(0.021) 

0.760 

(0.014) 

0.804 

(0.018) 

0.670 

(0.012) 

0.731 

(0.006) 

0.850 

(0.016) 

0.559 

(0.029) 

0.674 

(0.022) 

23 256, 512 0.852 

(0.009) 

0.695 

(0.013) 

0.766 

(0.009) 

0.796 

(0.015) 

0.684 

(0.011) 

0.736 

(0.007) 

0.820 

(0.014) 

0.588 

(0.018) 

0.684 

(0.011) 

24 256, 1024 0.852 

(0.011) 

0.685 

(0.013) 

0.760 

(0.009) 

0.793 

(0.012) 

0.691 

(0.012) 

0.738 

(0.009) 

0.816 

(0.020) 

0.568 

(0.029) 

0.669 

(0.018) 

25 512, 32 0.831 

(0.019) 

0.652 

(0.019) 

0.730 

(0.012) 

0.787 

(0.013) 

0.673 

(0.022) 

0.726 

(0.012) 

0.859 

(0.016) 

0.507 

(0.033) 

0.637 

(0.027) 

26 512, 64 0.852 

(0.017) 

0.652 

(0.016) 

0.738 

(0.011) 

0.808 

(0.013) 

0.658 

(0.016) 

0.725 

(0.008) 

0.870 

(0.018) 

0.525 

(0.035) 

0.654 

(0.025) 

27 512, 128 0.856 

(0.016) 

0.666 

(0.016) 

0.749 

(0.009) 

0.808 

(0.012) 

0.665 

(0.019) 

0.730 

(0.010) 

0.876 

(0.020) 

0.533 

(0.028) 

0.662 

(0.021) 

28 512, 256 0.848 

(0.009) 

0.685 

(0.018) 

0.757 

(0.011) 

0.809 

(0.009) 

0.668 

(0.013) 

0.732 

(0.007) 

0.862 

(0.017) 

0.562 

(0.028) 

0.680 

(0.018) 

29 512, 512 0.849 

(0.006) 

0.703 

(0.018) 

0.769 

(0.011) 

0.797 

(0.008) 

0.684 

(0.018) 

0.736 

(0.010) 

0.837 

(0.021) 

0.576 

(0.020) 

0.682 

(0.014) 

30 512, 1024 0.851 

(0.008) 

0.692 

(0.015) 

0.763 

(0.010) 

0.795 

(0.013) 

0.679 

(0.016) 

0.732 

(0.012) 

0.811 

(0.017) 

0.578 

(0.018) 

0.675 

(0.013) 

31 1024, 32 0.832 

(0.017) 

0.661 

(0.024) 

0.736 

(0.012) 

0.787 

(0.015) 

0.676 

(0.020) 

0.727 

(0.012) 

0.850 

(0.016) 

0.507 

(0.035) 

0.634 

(0.027) 

32 1024, 64 0.851 

(0.012) 

0.650 

(0.018) 

0.737 

(0.013) 

0.800 

(0.014) 

0.665 

(0.017) 

0.726 

(0.012) 

0.876 

(0.015) 

0.520 

(0.025) 

0.652 

(0.022) 

33 1024, 128 0.852 

(0.014) 

0.666 

(0.019) 

0.747 

(0.013) 

0.806 

(0.010) 

0.672 

(0.016) 

0.733 

(0.010) 

0.884 

(0.018) 

0.555 

(0.021) 

0.681 

(0.016) 

34 1024, 256 0.849 

(0.012) 

0.684 

(0.018) 

0.757 

(0.012) 

0.807 

(0.013) 

0.671 

(0.017) 

0.733 

(0.011) 

0.864 

(0.021) 

0.558 

(0.027) 

0.677 

(0.019) 

35 1024, 512 0.853 

(0.010) 

0.701 

(0.016) 

0.770 

(0.011) 

0.801 

(0.015) 

0.686 

(0.014) 

0.739 

(0.012) 

0.838 

(0.025) 

0.591 

(0.017) 

0.693 

(0.015) 

36 1024, 1024 0.854 

(0.009) 

0.689 

(0.011) 

0.762 

(0.009) 

0.790 

(0.008) 

0.680 

(0.009) 

0.731 

(0.006) 

0.817 

(0.018) 

0.573 

(0.021) 

0.673 

(0.013) 

Note: the first and second parameters of the second column indicate the output dimension of the Embedding layer and the output 

dimension of the LSTM layer in Figure 4 respectively. For each method, “P”, “R”, and “F” denote precision, recall, and F1 score 

respectively. 

 

The results indicate that the word2vec model is the best embedding model for SINDEL. The 

performance is also robust in various parameter settings. We, therefore, choose word2vec as the 

embedding model in SINDEL. 

The SINDEL model incorporates a word similarity network to address the challenge of 

various morphs of drugs and treatments. The word similarity network representation for each 

word consists of a set of semantically similar words. We perform sensitivity analysis to select the 

optimal number of similar words in the similarity network representation. Figure 4.12. an Table 

4.13. summarize the sensitivity analysis results. We observe that the performance of SINDEL 
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gradually improves when the number of similar words ranges from 1 to 3. Its performance 

stabilizes from 3 to 8 with minor changes. The performance decreases at 9 due to over-complex 

model specifications.  

 

Figure 4.12. SINDEL’s Performance with Varying Number of Similar Words 

Table 4.13. SINDEL Performance with Varying Number of Similar Words 

No. of Similar Words Precision Recall F1 score 

1 0.8285 (0.0099) 0.6715 (0.0122) 0.7417 (0.0086) 

2 0.8451 (0.0086) 0.6949 (0.0110) 0.7626 (0.0073) 

3 0.8622 (0.0106) 0.7002 (0.0148) 0.7727 (0.0085) 

4 0.8511 (0.0082) 0.6966 (0.0134) 0.7660 (0.0081) 

5 0.8512 (0.0106) 0.7020 (0.0190) 0.7693 (0.0112) 

6 0.8563 (0.0119) 0.7019 (0.0131) 0.7714 (0.0099) 

7 0.8624 (0.0121) 0.7057 (0.0132) 0.7761 (0.0071) 

8 0.8608 (0.0084) 0.7064 (0.0138) 0.7759 (0.0093) 

9 0.8530 (0.0090) 0.6902 (0.0132) 0.7630 (0.0098) 

 

Figure 4.12. shows that the performance of SINDEL is the highest when the number of 

similar words in the similarity network representation is 3, 7, or 8. To select the best number of 

similar words in the similarity network representation, we conduct t-tests to show their pairwise 

performance differences. The t-test results in Table 4.14. indicate the performance has no 

significant change when the number of similar words is 3, 7, or 8. Therefore, we select 3 similar 

words in the similarity network representation because the computational complexity is the 

lowest and performance is the highest. 
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Table 4.14. P-Value of Pairwise T-tests for the Results with Different Similar Words 

Pairwise T-tests P value (Precision) P value (Recall) P value (F1 score) 

3 similar words vs 7 similar words 0.953 0.234 0.188 

3 similar words vs 8 similar words 0.669 0.196 0.271 

7 similar words vs 8 similar words 0.648 0.888 0.946 

 

The similarity network representation captures the interconnected relationships among 

similar morphs, thus identifying more morphs of OUD treatment barriers together with the 

original term. In Table 4.15., we show examples of the additional morphs that the similarity 

network could capture. 

Table 4.15. Examples of Morphs Captured by the Similarity Network Representation 

Original Term Similar Morphs Captured by the Similarity Network 

Heroin Dopesick, H, chinawhite 

Ache Achey, sore, bites 

Methadone Meth, M, MMT 

 

In addition to heroin, the similarity network could capture dopesick, H, and chinawhite. 

Therefore, OUD treatment barriers mentioned together with dopesick, H, and chinawhite could 

be identified as well. Ache is a withdrawal reaction after treatment, which can be a barrier that 

prevents patients from receiving treatment. Other types of barrier symptoms (achey, sore, bites) 

are also extracted by the similarity network. Methadone is an OUD treatment medication. 

Patients may mention it when describing treatment barriers, such as methadone addiction and 

withdrawal. Morphs of methadone, such as meth, M, and MMT, are extracted together to 

improve the model performance. 

4.4.5. Clustering OUD Treatment Barriers 

The SINDEL model could extract the OUD treatment barriers from the research data. These 

barriers are the actual expressions that patients used in the drug forums. Many expressions may 

indicate the same type of treatment barrier. We, therefore, cluster the extracted treatment barriers 

to identify the general types. We use k-means as the clustering method. 
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 To choose the optimal number of clusters, a medical expert panel, including two biomedical 

researchers, examined the clusters for medical relevance. Thirteen clusters are identified by the 

expert panel. Table 4.16. shows the types of OUD treatment barriers. 

Table 4.16. Types of OUD Treatment Barriers 

Type Description Percentage Examples 

Lack of motivation The patient does not have motivation to 

quit opioids 
24.67% Don't have the time to go 

to a methadone clinic, 

CANT stop, doesn't want 

to quit 

Lack of medical literacy The patient lacks knowledge of 

consequences of addiction 
21.88% A waste of time, dying of 

boredom, don't have any 

desire to be clean 

Concerns about social 

stigma and job 

opportunities 

The patient is concerned about social 

stigma or afraid of losing jobs 
12.67% Fails a pre employment 

drug screen, new job 

training that requires no 

drug or medication use 

Afraid of withdraw 

reactions 
The patient is afraid of the withdrawals 

after quitting 
12.35% Hate withdrawals, 

precipitated withdrawals 

Side effects of treatment The patient is concerned about the side 

effects of treatment 
9.13% Headaches, migraines, 

insomnia 

Reliance because of 

chronic pain/fatigue 
The patient cannot stop opioids because 

of chronic pain 
5.64% I'm sick in pain, chronic 

pain flares up 

Concerns about 

buprenorphine/methadone 

addiction 

The patient is concerned about 

buprenorphine or methadone addiction 
3.85% Methadone addiction 

High cost of treatment The patient cannot afford the treatment or 

insurance does not cover 
2.91% Expensive, unaffordable 

Poor patient-physician 

relationship 
The patient does not have good 

relationship with the providers 
2.19% Clinic denies me, doc 

was pissed 

Enjoy euphoric feeling of 

drugs 
The patient enjoys the euphoric feeling of 

opioids and does not want to quit 
1.70% Like dope, craving 

Depressed mental status The patient is depressed and does not 

want to receive treatment 
1.57% Severe depression 

Lack of accessibility Treatment is not accessible to patients 0.63% No rehab 

Others Others 0.82% Can't, good 

 

The results shed valuable insights to understand patient’s decisions about receiving OUD 

treatment. Lack of motivation is the most common barrier to receiving OUD treatments 
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(24.67%). Although these patients are aware of the consequences of addiction, they postpone 

visits to health providers. To motivate these patients, social support and family encouragement 

are essential to help them receive treatment. Lack of medical literacy is also common among 

patients. These patients do not understand the ramifications of opioid addiction. Thus, they have 

no intention of being treated. Intervention strategies for this group of patients include patient 

education and informational support. Other types of barriers to OUD treatment include social 

stigma and fear of job loss, withdrawal reactions and side effect of treatment, physical reliance, 

concerns about methadone or buprenorphine addiction, cost of treatment, poor patient-physician 

relationship, euphoric feeling, mental status, lack of accessibility, and more. 

In addition to the barriers that confirm prior literature, we also identified new barriers that 

have not been noted in prior survey studies, such as side effects of treatment, concerns about 

buprenorphine or methadone addiction, poor patient-physician relationships, and depressed 

mental status. These barriers have not been identified by survey studies because these barriers 

are sensitive and involve personal behavior. The patients are willing to share these undisclosed 

opinions in drug forums because of the anonymity.  

Uncovering these new barriers enables a deeper understanding of patients’ opioid addiction 

behavior and facilitates more effective intervention strategies. For instance, poor patient-

physician relationship prevents patients from seeking addiction treatment. Overlooking this 

perspective devastates the efforts of other stakeholders. In order to improve opioid addiction 

management, health providers need to foster a healthy relationship with their patients. Depressed 

patients also have little motivation to seek treatments. This new finding provides guidance for 

caregivers to treat the depression disorder of the patients together with OUD. The new findings 

further prove the value of social media platforms in opioid research. Future studies could also 



 

 127 

harness health social media to understand many other patient behaviors, such as medication 

compliance and drug abuse. 

4.5. Discussion 

4.5.1. Implications for IS Literature 

In line with the design science research paradigm, we tackle a high-impact health IT problem 

with significant societal relevance: opioid use disorder treatment. We demonstrate that there is a 

lack of deep understanding in prior literature. Following the design science research guidelines, 

we develop a novel information system to understand the barriers to opioid use disorder 

treatment. We performed comprehensive and rigorous evaluations of the information system and 

assessed its utility. This information system can be utilized by multiple stakeholders in 

information systems and healthcare. 

 This study also fits into the category of computational data science research (Rai 2017). The 

computational data science research emphasizes an “interdisciplinary approach in developing 

novel data representations, computational algorithms, business intelligence, and analytics 

methods” (Rai 2017). Our study develops an interdisciplinary approach that involves a novel 

computational algorithm and an analytical solution to a major healthcare problem, thus holding 

great potential for generating IS research with significant societal impact. Such impact includes 

the capability of advancing the understanding of OUD treatment issues from drug users’ 

perspective and discovering useful information from multi-scale biomedical data to support 

healthcare delivery. 

4.5.2. Methodological Implications 

We devise a deep learning framework to extract OUD treatment barriers from social media, 

including OUD treatment barrier extraction and OUD treatment barrier clustering. This 
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framework can be adapted to many other research problems aiming to understand barriers to 

human behaviors. For instance, this framework could be utilized to extract the barriers to 

technology adoption, the barriers to investing in projects, and the barriers to medication 

adherence, among others. 

 We develop a fine-grained deep learning model that captures the semantic meaning of words 

and the similarity network of text. Our proposed model improves upon standard deep learning 

models with a novel similarity network-based representation and a similarity network-based deep 

learning architecture. The similarity network-based component captures the interconnected 

relationships among morphs in drug forums. As shown in the empirical analyses, the similarity 

network helps identify many more OUD treatment barriers that are written as morphs. With this 

new method, patient intelligence can be fruitfully and accurately exploited from health social 

media. This method can be generalized to many other information retrieval tasks that involve 

morphs, such as cyber threat identification in hacker forums, aspect mining in product reviews, 

and drug surveillance in health social media. Table 4.17. shows the specific implications of our 

model. 

Table 4.17. Methodological Implications for Other Information Systems Research 

Domain Data Morphs Implications Using SINDEL 

Cybersecurity Hacker forums Hacker slang Identify hacking tools 

Ecommerce Product reviews Consumer vocabulary Extract product features 

Health analytics Health social media Drug street names Extract drug adverse events 

 

4.5.3. Practical Implications 

This study is among the first attempt to explore drug forums to understand patient decision-

making about OUD treatment. Many new OUD treatment barriers are uncovered from patient 

narratives in drug forums. Our findings provide valuable implications for key stakeholders, 

including patients, caregivers, health providers, insurers, and policymakers. 
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 Poor medical literacy significantly prohibits patients from receiving OUD treatment. 

Awareness of the barriers to OUD treatment can provide patients with social and informational 

support and motivate them to participate in online health communities to improve their 

understanding of opioid addiction. Caregivers play an important role in improving OUD 

treatment. Many patients lack the motivation or information to receive treatment. Caregivers 

need to actively seek treatment information and encourage patients to seek medical assistance. 

Poor patient-physician relationships could hinder patients’ attempt to seek OUD treatment. 

Health providers could reinforce their relationship with patients and provide informational 

support for the patients. Insurance plan design can encourage or discourage OUD treatment. 

Patients with high-deductible insurance plans are less likely to receive treatment because of the 

financial burden. To alleviate this issue, value-based insurance could encourage patients to 

receive treatment and reduce copayments and deductibles. The comprehensive examination of 

OUD treatment barriers also provides a holistic view of the opioid crisis. Policymakers could 

design intervention policies to tackle these treatment barriers and ensure stakeholders all work in 

line with the same objective. 

4.5.4. Limitations and Future Directions 

Our study has several limitations and areas for future improvement. First, our dataset is 

limited to opioid forums. The single dataset may not represent all drug users at large. Since our 

data include all opioid drugs with a large scale of patient narratives, this issue is minimized. In 

our future research plans, we can extend the analyses to general social media discussions such as 

Twitter and Facebook. Second, we incorporated a similarity network into our model as a parallel 

processing branch. Future research can explore alternative mechanisms to integrate two different 

representations. Third, although our proposed framework can be generalized to process other text 
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containing morphs, we only focus on opioid forums in this study. To extend this research and test 

the external validity, future studies could use our framework to understand the barriers to 

technology adoption, barriers to investing in projects, barriers to medication adherence, and 

more. 

4.6. Conclusion 

Opioid use disorder (OUD) is an urgent public health crisis and causes serious medical and 

financial ramifications. Understanding the barriers to OUD treatment forms the premise to 

alleviate this crisis. Our research objective is to develop a computational approach for 

understanding the barriers to OUD treatment from the patients’ perspective. We designed a novel 

deep-learning-based approach to collect relevant patient discussions from drug forums, extract 

the OUD treatment barriers, and analyze the types of barriers. In line with the design science 

research methodology, we rigorously evaluated our model and compared it with state-of-the-art 

baseline models. Our SINDEL model outperforms all the baseline models, attributed to the 

similarity network-based component. The SINDEL model can be generalized in many other 

information retrieval tasks involving morphs. 

 The SINDEL model extracted the OUD treatment barriers from drug forums. This is among 

the first attempt to analyze OUD treatment barriers from large-scale health social media data. We 

identified common barriers to OUD treatment, such as lack of motivation, lack of medical 

literacy, social stigma, concerns about job loss, concerns about withdrawal reactions and side 

effects, and more. The OUD treatment barriers detected in this study have profound implications 

for the key stakeholders, including physicians, patients, policymakers, pharmaceutical 

companies, and healthcare systems. These stakeholders could gain rich insights from the patient 
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perspective and understand the real barriers faced by the patients. Being aware of these barriers 

allows proactive intervention and early preventions to avoid harmful outcomes caused by OUD. 
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5. ESSAY IV: READMISSION PREDICTION FOR PATIENTS WITH 

HETEROGENEOUS MEDICAL HISTORY: A TRAJECTORY-BASED DEEP 

LEARNING APPROACH 

5.1. Introduction 

Hospital readmission is a critical concern in disease management. It refers to the situation 

where a patient discharged from a hospital is admitted again within a specified time period with 

the same primary diagnosis (Axon and Williams 2011). The time period of readmission is 

usually defined as less than 30 days after discharge (30-day readmission), because readmissions 

after a longer time period may have less to do with the previous hospital care and more to do 

with other complicating illnesses, self-care, or care provided to patients after discharge (CMS 

2017). The 30-day readmission leads to severe consequences for the government health agencies, 

hospitals, and patients (Bardhan et al. 2015; Menon and Kohli 2013). For government health 

agencies (i.e., Center for Medicare and Medicaid Services), the 30-day readmission creates an 

enormous financial burden. Approximately 20% of Medicare beneficiaries are readmitted within 

30 days, resulting in an annual cost of $26 billion (Center for Health Information and Analysis 

2015). For hospitals, high readmission rate leads to a 3% penalty on Medicare base diagnosis-

related group payments, as enforced by the Hospital Readmission Reduction Program (HRRP) in 

2012 (McIlvennan et al. 2015). As for patients, being readmitted within 30 days may indicate 

suboptimal care during the previous hospital visit, such as fragmented and poorly coordinated 

care, inappropriate transitions between inpatient and outpatient settings, and even medical errors 

(Dhalla et al. 2014; Glance et al. 2014). 

 Because of the severe medical consequences for patients and significant cost to healthcare 

systems, hospital readmission has been a major research agenda for researchers, medical 
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professionals, healthcare systems, and the pharmaceutical industry (Dharmarajan et al. 2013; 

Joynt and Jha 2013; Tsai et al. 2013). These key stakeholders are actively attempting to take 

proactive interventions to minimize the financial and medical ramifications. Facilitating such 

early prevention strategies necessitates prediction of patients’ readmission risk. In this study, we 

define the hospital readmission prediction as the problem to predict the probability of a patient to 

be re-hospitalized within 30 days after discharge given the prior medical history of this patient. 

Most prior studies apply statistical methods, such as regression and duration models, to 

predict patients’ readmission risk (Bardhan et al. 2015; Jovanovic et al. 2016; Radovanovic et al. 

2015). These models do not capture the dynamic and complex nature of patients’ medical 

history, resulting in unsatisfying performance. Patients’ illnesses contain a dynamic medical 

history with various states (Corbin and Strauss 1991). Patients at early states of an illness have 

lower health risks than patients at later states of an illness. According to medical science, the 

history of the present illness and the past medical history are both essential information for 

physicians to make clinical decisions (Hampton et al. 1975). Thus a patient’s complete history of 

illness should be considered at a medical encounter. Numerous studies have documented that 

modeling the medical history could lead to significant performance enhancement (Brännström et 

al. 2017, Donnelly et al. 2017, Paul et al. 2016, Woog 1992). Failing to consider the medical 

history poses three major challenges for existing statistical models. First, patients may visit 

hospitals in different states in the medical history, thus having various health conditions. 

Regression and duration models aim to estimate the population average risk, failing to capture 

patients’ heterogeneous health states. Second, patients’ time and frequency of hospitalizations 

and illness state transitions vary significantly. The current statistical models cannot capture such 

variance in patients’ medical history. Third, a multi-state medical history requires sequential and 
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dynamic predictors to model the process. Existing studies only use static predictors for each 

patient (Jovanovic et al. 2016; Radovanovic et al. 2015; Vukicevic et al. 2015). Even for studies 

with panel data, each data entry only contains the predictors for a specified time period. This 

static feature representation neglects information at different phases of the medical history. To 

address the abovementioned three challenges, we aim to develop a more fined-grained model to 

account for patients’ medical history. 

Trajectory-based approaches, such as group-based trajectory model (GBTM), latent growth 

curve analysis (LGCA), and hidden Markov model (HMM), are capable of modeling a process as 

a trajectory of states, which can be utilized to capture a patient’s medical history. Both GBTM 

and LGCA represent repeated measure of an outcome as a function of time, while GBTM 

considers the heterogeneity among a few demographic groups. GBTM and LGCA are not 

sufficient in our context, because they only measure the trajectory of the outcome variable. 

Rather than simply observing the outcome, health providers are more concerned about the 

contributing factors. HMM models a medical history as multiple health states and transitions 

among them, and utilizes the contributing factors as the input. However, HMM only utilizes the 

latest hospitalization to determine the next health state (first order Markov assumption). This 

assumption causes loss of information, because it neglects the impact of hospitalizations in the 

far past. For this reason, we aim to develop a more fine-grained approach that is capable of 

capturing a series of prior hospitalizations (medical history). Deep learning models, such as long 

short-term memory (LSTM), show great promise in processing long-range sequential data by 

incorporating a memory cell (Xie, Liu, and Zeng 2017). This unique feature may improve 

readmission prediction by incorporating the complete medical history. LSTMs can partially 

address the heterogeneous patient challenge as well. An LSTM contains a gate mechanism that 
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extracts a portion of information of each patient based on his or her unique health condition, thus 

facilitating personalized analysis for heterogeneous patients. However, standard LSTMs cannot 

deal with the challenge of varied medical histories. They assume that each health state has a 

constant contribution to the next health state, overlooking different hospitalization patterns of 

various patients. During a series of hospitalizations in the medical history, the time intervals 

between successive hospitalizations vary from days to months. The potencies of such varied-time 

hospitalizations should differ. In addition, previous readmission records should signal higher risk 

than regular hospitalizations. For instance, as shown in Figure 5.1., the axis is a series of hospital 

visits over time. The impact of visit 1 on 2 is higher than the impact of visit 2 on 3, because the 

time interval between visit 1 and 2 is shorter thus having more salient recency effect. Visit 2 is 

also a 30-day readmission record in the past. This record indicates a high risk profile of the 

patient, because prior readmission records reflect suboptimal care in the past and subsequent 

poor health conditions (Mudge et al. 2011), posing higher future readmission risk. 

 

Figure 5.1. An Example of Medical History for a Patient 

To utilize a dynamic sequential representation and account for patients’ heterogeneous health 

conditions and medical history, we devise a novel method – Trajectory-BAsed DEep Learning 

(TADEL) – to enhance standard LSTM architecture by weighting the potencies of different 

states in the medical history. 

This study makes the following contributions. First, to analytical methodology, we develop a 

novel trajectory-based deep learning approach that outperforms the baseline models in 
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identifying the risk of hospital readmission. The performance enhancement is attributed to two 

unique components: the trajectory-based representation and the trajectory-based deep learning 

(TADEL) unit. These two components largely differ from the standard methods in two aspects: 

(1) The trajectory-based representation considers patients’ dynamic phase transitions in the 

medical history; (2) Patients’ dynamic medical history also necessitates the consideration of 

heterogeneous patient health states and hospitalization trajectories. The TADEL unit realizes 

such patient heterogeneity and improves upon standard deep learning models by accounting for a 

series of prior hospitalizations and weighting the potencies of different states in the medical 

history. The proposed approach also has the potential to tackle any other sequential data with 

differed potencies in different states, such as online shopping history, crowdfunding investment 

records, and online course learning progress. 

Second, to health IT, we design a high-performance risk-predictive framework to identify 

patients with high risk of being readmitted after previous treatments. The early risk assessment 

could facilitate proactive interventions to provide better care for patients and relieve the financial 

burden on healthcare systems. We also found that health status factors and insurance coverage 

and payment are important predictors for 30-day readmission. Targeted interventions can be 

effectively taken to avoid preventable readmissions. 

Third, to IS literature, we formulate the trajectory-based hospital readmission prediction 

problem and develop a deep-learning-based approach to improve clinical decision-making. This 

problem and the proposed approach could be generalized to many other risk assessment contexts 

involving trajectories of events, such as phishing website detection, financial fraud identification, 

and IT vulnerability assessment. 
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5.2. Literature Review 

We first review relevant literature in hospital readmission and predictive methods in this 

area. We then draw insights from medical history and methods with multi-state trajectory. The 

following sections summarize recent studies in these areas and their limitations.  

5.2.1. Hospital Readmission 

Hospital readmission costs $26 billion to the U.S. healthcare systems annually and often 

indicates poor quality of care for patients (Center for Health Information and Analysis 2015). To 

address this problem, prior research attempts to study the readmission rate among various 

diseases, understand the potential factors of readmission, and predict the readmission risks for 

patients. Most existing studies focused on heart disease, myocardial infarction, and pneumonia 

(Hebert et al. 2014; Lu et al. 2013; Yu, Farooq, Esbroeck, et al. 2015), as these diseases are 

particularly stressed in the Hospital Readmission Reduction Program (Berenson et al. 2012; D. J. 

Zhang et al. 2016). They utilized claims data and electronic health records, involving 3,000-

160,000 patients (Barbas et al. 2013; Cai et al. 2016; Lucas et al. 2013). The readmission rate 

reported in those studies ranges from 7% for surgical inpatients (van Walraven et al. 2010) to 

40% for Medicare patients with congestive heart failure (Morrissey et al. 2003). To alleviate 

such a high readmission rate, other studies explored the factors that lead to hospital readmission. 

According to Kansagara et al. (2011), severity of health conditions, medical or surgical errors, 

financial capability, and patients’ demographics are most likely to be associated with 

readmission. Many of these factors are human-related factors for which effective interventions 

can lower the readmission rate and deliver better healthcare service, if proper prevention 

strategies are taken in a timely manner. In order to facilitate such proactive and timely 

interventions, predictive analytics is required to assess patients’ readmission risks. In line with 
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this stream of research, this study aims to develop a novel framework for such predictive 

analyses and tackle the problems with the existing studies. Table 5.1. summarizes recent 

predictive studies on hospital readmission. 

Table 5.1. Recent Predictive Studies on Hospital Readmission 

Author Diseases 
Method 

Category 
Methods Representation 

Consider 

Medical 

History 

Data Sample Size AUC 

Jovanovic et al. 

(2016) 

All Statistical Regression Static N EHR 66,000 

admissions 

0.78 

Yu et al. (2015) Heart, myocardial 

infarction, 

pneumonia 

Machine 

learning 

SVM Static N Claims 74,746 

patients 

0.60 

Radovanovic et al. 

(2015) 

All Statistical Regression Static N Claims 46,682 

patients 

0.79 

Bardhan et al. 

(2015) 

Heart Statistical Duration 

model 

Static N Claims 40,983 

patients 

0.60 

Shadmi et al. 

(2015) 

All Statistical Regression Static N EHR 17,334 

admissions 

0.70 

Rubin et al. (2016) Diabetes Statistical Regression Static N Claims 44,203 

admissions 

0.70 

Chen et al. (2015) Asthma Machine 

learning 

Logit, SVM, 

KNN 

Static N EHR 2,967 

patients 

0.69 

Vukicevic et al. 

(2015) 

All Statistical Regression Static N Claims 66,994 

admissions 

0.80 

Hebert et al. 

(2014) 

Heart, myocardial 

infarction, 

pneumonia 

Statistical Regression Static N Cohort 3,572 

patients 

0.73 

Lucas et al. (2013) General, Vascular, 

Thoracic Surgery 

Statistical Regression Static N EHR 160,000 

patients 

0.72 

 

Most of the existing studies leveraged statistical models, such as regression and duration 

models, to predict a patient’s risk of being readmitted in 30 days, with an AUC ranging from 0.6 

to 0.8 (Radovanovic et al. 2015, Shadmi et al. 2015, Vukicevic et al. 2015). Bardhan et al. (2015) 

developed a beta geometric Erlang-2 hurdle model to evaluate the impact of health IT on 

readmission and assess readmission risks for patients in northern Texas. Jovanovic et al. (2016) 

designed a lasso model for readmission prediction using electronic health records. A few studies 

also applied machine learning models, including SVM and Naïve Bayes. For instance, Chen et 

al. (2015) evaluated the performance of logistic regression, SVM, KNN, and Random Forest in 

the context of asthma readmission prediction. To construct the feature set for these models, 
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extant research used static predictors within a study period, such as demographics, augmented 

medical service uses, and illness severity (Kansagara et al. 2011). 

Predicting patients’ readmission risks forms the basis for developing targeted interventions. 

Such prediction is challenging, as the medical history contains complex and dynamic states. 

Existing methods in this area attempt to model the hospital readmission as a one-stop outcome 

with static predictors, thus failing to consider the sequence of dynamic states. In addition, the 

commonly used statistical models only assess the readmission risk at the aggregated level, 

neglecting the heterogeneity among individual patients. Instead of a static and homogeneous 

outcome, readmission is a developmental process. Abundant health studies have documented that 

a patient may experience a series of states in the medical history (Corbin and Strauss 1991; Hser 

et al. 2007; Mishel 1990; Woog 1992). Each state is reflected by different medical events and 

different levels of hazard, resulting in greatly varied risks across patients. In medical science, a 

patient’s medical history is a very critical information source for physicians to make treatment 

decisions. In a medical encounter, physicians use history and physical (H&P) method to gather 

information about a patient’s history of the past and present medical conditions, in order to make 

clinical decisions (Swartz 1995). Besides the patient’s demographics, the three most important 

categories of information a physician to collect are the history of present illness, symptom of 

current problem, and the past medical history (Deyo et al. 1992; Dreyfuss et al. 1996; Hampton 

et al. 1975; Mayne et al. 1968). The trajectory of patient illness can be considered as part of 

patient’s medical history. Thus, in order to improve the patient’s treatment quality, a method 

should also consider patient medical history, which is the historical data about the patient. 

Modeling an illness as a trajectory of medical events has been adopted in various research areas, 

including chronic disease progression (Blangiardo et al. 2016; Donnelly et al. 2017), fall risk 
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assessment (Paul et al. 2016; Seltman et al. 2016), and epidemiology (Brännström et al. 2017; 

Webb et al. 2015), among others. These studies model an illness or an epidemic as a series of 

states, as the hazard progresses throughout these states. Incoming information in those states 

interferes with the transition to the final state. Perotte et al. (2015) assessed the risk of chronic 

kidney disease progression using time-series electronic health records (EHR). The proposed 

model was able to predict chronic kidney disease progression from stage III to stage IV and 

outperformed conventional models without trajectory by 0.12 in AUC. Seltman et al. (2016) 

modeled Alzheimer’s patients’ activities with a continuous-time Markov chain. The new 

activities and covariate among states are used to predict patients’ risk of fall. Brännström et al. 

(2017) utilized the trajectory model to estimate the HIV infection rate in Sweden during 1983 to 

2013. The trajectory model was able to improve the performance of conventional models by 0.23 

in AUC. These staged models in health studies could represent the dynamic medical events in the 

medical history, thus capturing heterogeneous event patterns for patients.  

5.2.2. Approaches with Developmental Trajectory 

The state-of-the-art approaches with developmental trajectory, such as group-based trajectory 

model (GBTM), latent growth curve analysis (LGCA), and hierarchical models (e.g., hidden 

Markov model), are capable of modeling a series of events in a trajectory, which can be used to 

capture the medical history. These methods have been used to conduct criminological analyses of 

the progression over life stages (Ward et al. 2014), human daily activity detection (Trabelsi et al. 

2013), and medical research on impact of treatment on disease progression (Nagin and Odgers 

2010). GBTM attempts to categorize individuals to discrete groups and uses longitudinal data to 

capture a series of events. For a new individual, GBTM identifies his or her closest group and 

predicts the outcome using the trajectory of the closest group. This approach is limited for three 
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reasons. First, GBTM only measures developmental progress of the outcome variable, instead of 

the latent contributing factors. In clinical research, the contributing health factors are more direct 

and meaningful measures and have more clinical implications. Second, the number of individual 

groups is subjective and needs expert knowledge. Third, the criterion to divide the groups is 

unclear and changes in different research contexts. Many studies use demographic information to 

cluster individuals (Dillon et al. 2017; Zheng et al. 2017). However, in the readmission context, 

simply identifying a few demographic groups is not realistic, while patients’ differed latent 

health states are more direct measures of patient heterogeneity.  

 LGCA represents the outcome variable as a function of time. The relative standing of an 

individual is modeled as a function of an underlying process, with the best parameter for that 

growth process (McArdle et al. 2003). Similar to GBTM, LGCA only captures the 

developmental trajectory of the outcome variable, failing to understand the latent contributing 

factors. 

Instead of simply modeling the outcome variable, a more clinically relevant measure for 

patients’ heterogeneous medical history is their varied latent health states. Therefore, we are 

motivated to capture the sequence of health states. Hidden Markov model (HMM) could model 

the latent health states. At each state, HMM only uses the adjacent previous state to determine 

the next state. When applied to hospital readmission, HMM uses only the latest single 

hospitalization record to determine the health state in the next time period (first order Markov 

assumption). As a patient may be hospitalized multiple times in the medical history, prior 

hospitalizations during a period of time are all critical to understand the risk of readmission in 

the future. The first order Markov assumption could cause loss of information for these prior 

hospitalizations that occurred in the far past, thus resulting in unsatisfying performance. 
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Deep learning models, such as recurrent neural network (RNN) and long short-term memory 

(LSTM), have shown promise in dealing with long sequences (Xie, Liu, and Zeng 2017), such as 

hospitalization records. RNNs contain a self-connected recurrent unit. At each time step, an RNN 

takes both the last health state and the current hospitalization record to compute the current 

health state. An LSTM is a variation of RNNs. While a standard RNN only has a hidden state to 

keep previous hospitalization information and an output state to indicate the health state, an 

LSTM contains a gate mechanism, including an input gate, a forget gate, an output gate, and a 

memory cell with a hidden state, as shown in Equations 5.1-5.5. A gate is a structure controlling 

information moving through. 

Input gate: 𝒊(𝑡) = 𝜎(𝑾𝑖𝒗
(𝑡) + 𝑼𝑖𝒉

(𝑡−1) + 𝒃𝑖);                                                     (5.1) 

Forget gate: 𝒇(𝑡) = 𝜎(𝑾𝑓𝒗(𝑡) + 𝑼𝑓𝒉(𝑡−1) + 𝒃𝑓);                                               (5.2) 

Output gate: 𝒐(𝑡) = 𝜎(𝑾𝑜𝒗(𝑡) + 𝑼𝑜𝒉(𝑡−1) + 𝒃𝑜);                                               (5.3) 

Memory cell: 𝒄(𝑡) = 𝒊(𝑡) ∘ 𝑡𝑎𝑛ℎ(𝑾𝑢𝒗(𝑡) + 𝑼𝑢𝒉(𝑡−1) + 𝒃𝑢) + 𝒇(𝑡) ∘ 𝒄(𝑡−1); (5.4) 

Hidden state: 𝒉(𝑡) = 𝒐(𝑡) ∘ 𝑡𝑎𝑛ℎ(𝒄(𝑡)).                                                                   (5.5) 

Vector 𝒗(𝑡) is the new hospitalization record at each time step 𝑡. Parameters 𝑾, 𝑼 and 𝒃 are 

learnable weight parameters with values between 0 and 1. The forget gate controls the extent to 

which the previous hospitalization information is forgotten, the input gate controls how much 

hospitalization information is updated in each state, and the output gate controls the proportion 

of hospitalization information that will determine the health state (Xie, Liu, Zeng, et al. 2017). 

This gate mechanism could extract a portion of information from each patient according to his or 

her health state, thus enabling heterogeneous analysis of patients. Since an LSTM uses a memory 

cell to store the previous information, it could also accurately process the hospitalization records 

by keeping the information on long-term hospitalizations. 
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The standard deep learning models, including RNNs and LSTMs, still fail to handle patients’ 

heterogeneous medical history, as they assume constant contribution of each state to its next 

state. As such, patients will have homogeneous hospitalization patterns. In the medical history, 

however, the potencies of different states vary significantly. To model the dynamic medical 

history, two studies have proposed time-aware LSTMs (Baytas et al. 2017; Pham et al. 2017). 

Pham et al. (2017) developed a new LSTM unit that applies a time decay function to the forget 

gate, shown in Equation 5.6. 

                                                                     𝒇(𝑡)′ =
1

𝑙𝑜𝑔(𝑒 + ∆𝑡)
𝒇(𝑡).                                                   (5.6) 

Parameter ∆𝑡 is the time elapsed between time step 𝑡 − 1 and 𝑡. When ∆𝑡 is large, the time 

decay function 
1

𝑙𝑜𝑔(𝑒+∆𝑡)
 will be small. When applying the discounted forget gate to the previous 

memory cell 𝒄(𝑡−1) (Equation 4), the information obtained from the previous memory cell is 

subsequently attenuated. This modification is capable of modeling the time irregularity of a 

medical history. 

The method proposed by Pham et al. (2017) is not applicable to our study. Parameter ∆𝑡 is 

the time interval between time step 𝑡 − 1 and 𝑡. When ∆𝑡 is large, the information of 

hospitalization at time step 𝑡 − 1 should be discounted. In Equation 5.6, the time decay function 

can only be applied to time step 𝑡. Such modification drifts the time decay function to an 

inappropriate time step. 

Similar to the idea of capturing time irregularity, Baytas et al. (2017) applied a time decay 

function to the memory cell, shown in Equations 5.7-5.11. 

Short-term memory: 𝒄𝑆
(𝑡−1)

= 𝑡𝑎𝑛ℎ(𝑾𝑑𝒄(𝑡−1) + 𝒃𝑑) ;                                                 (5.7) 

Discounted short-term memory: �̂�𝑆
(𝑡−1)

= 𝒄𝑆
(𝑡−1)

×
1

𝑙𝑜𝑔(𝑒+∆𝑡)
;                                     (5.8) 
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Long-term memory: 𝒄𝑇
(𝑡−1)

= 𝒄(𝑡−1) − 𝒄𝑆
(𝑡−1)

;                                                                (5.9) 

Adjusted previous memory: 𝒄∗(𝑡−1) = 𝒄𝑇
(𝑡−1)

+ �̂�𝑆
(𝑡−1)

;                                               (5.10) 

Memory cell: 𝒄(𝑡) = 𝒊(𝑡) ∘ 𝑡𝑎𝑛ℎ(𝑾𝑢𝒗(𝑡) + 𝑼𝑢𝒉(𝑡−1) + 𝒃𝑢) + 𝒇(𝑡) ∘ 𝒄∗(𝑡−1).       (5.11) 

 Baytas et al. (2017) divided the memory cell to short-term memory and long-term memory. 

The short-term memory is discounted by a time decay function to account for the time 

irregularity. The discounted short-term memory is eventually propagated in 𝒄∗(𝑡−1) to adjust the 

memory cell. This approach does not fully make use of the memory cell. The memory cell is 

composed of two components: the information from the previous memory cell 𝑐(𝑡−1) and the 

new information integrated from the gates 𝒊(𝑡) ∘ 𝑡𝑎𝑛ℎ(𝑾𝑢𝒗(𝑡) + 𝑼𝑢𝒉(𝑡−1) + 𝒃𝑢). Baytas et al. 

(2017) only applies the time decay function to 𝑐(𝑡−1) to discount prior memory cell. The 

adjustment in the new information is neglected. 

The above review reveals the following opportunities and gaps. First, the time interval 

between successive hospitalizations ranges from days to months. Such variation of 

hospitalization pattern is diverse for different patients. The potencies of varied-time 

hospitalizations should also differ. Specifically, more recent hospitalizations should have more 

salient impact on the next health state than older hospitalizations. Second, recent time-aware 

LSTMs exhibit limitations in capturing the hospitalization patterns in our context. Third, some 

patients have been readmitted before, indicating poor health conditions. Those records pose 

higher future readmission risk. Therefore, prior readmission records need to be enhanced to 

signal more salient effect. Our research aims to accomplish two objectives: building a new model 

accommodating patients’ heterogeneity and differed potencies of hospitalizations and designing 

an innovative representation to account for the dynamic medical history. 
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5.3. A Trajectory-based Deep Learning Approach 

In this section, we formulate the trajectory-based hospital readmission prediction problem 

and detail our proposed TADEL approach to solve it. 

5.3.1. Problem Formulation 

Let 𝑃 denote a set of 𝑀 patients, where each patient is denoted by 𝑝𝑖 (𝑝𝑖 ∈ 𝑃, 𝑖 = 1,2, … , 𝑀). 

In the entire study time window, a patient 𝑝𝑖 may be hospitalized 𝑁𝑖 times (denoted as 𝑁 

thereafter for simplicity). At the 𝑛𝑡ℎ time, the hospitalization of patient 𝑝𝑖 is denoted as 𝒗𝑖
(𝑛)

. 

Thus the hospitalization process for patient 𝑝𝑖 is denoted as the sequence [𝒗𝑖
(1)

, 𝒗𝑖
(2)

,…, 𝒗𝑖
(𝑁)

]. 

For each hospitalization 𝒗𝑖
(𝑛)

, the medical service usage, diagnosis information, patient’s 

demographic information, and more, are utilized to predict the 30-day readmission risk for this 

patient. We summarize the notations used in this paper in Table 5.2. 

Table 5.2. Notation Used in This Paper 

𝑃 = set of patients 𝑝𝑖 = patient, 𝑝𝑖 ∈ 𝑃 

𝒗𝑖
(𝑛)

 = the 𝑛𝑡ℎ hospitalization of patient 𝑝𝑖 
𝑾𝑖, 𝑾𝑓 , 𝑾𝑜, 𝑾𝑢= weight parameters of input 

(Equations 6-11) 

𝑼𝑖, 𝑼𝑓, 𝑼𝑜, 𝑼𝑢 = weight parameters of 

hidden state (Equations 6-11) 

𝒃𝑖, 𝒃𝑓, 𝒃𝑜, 𝒃𝑢= weight parameters of bias term 

(Equations 6-11) 

𝜎(∙) = sigmoid function (Equations 6-8) 𝑡𝑎𝑛ℎ (∙) = activation function (Equation 11) 

𝒊(𝑡) = input gate (Equation 6) 𝒇(𝑡) = forget gate (Equation 7) 

𝒐(𝑡) = output gate (Equation 8) 𝒄(𝑡) = memory cell (Equation 9) 

𝒉(𝑡) = hidden state (Equation 11) ∘ = element-wise multiplication (Equations 9-11) 

 

We define the trajectory-based hospital readmission prediction problem as follows. We 

observe a set of patients. Each patient has a sequence of hospitalization records in the study time 

window [𝒗𝑖
(1)

, 𝒗𝑖
(2)

,…, 𝒗𝑖
(𝑁)

]. The input is the hospitalization sequence. The objective for the 

hospital readmission prediction problem is to predict the probability that a patient will be re-

hospitalized within 30 days after the study period. The output is the probability of 30-day 
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hospital readmission for each patient. A graphic illustration of the problem is shown in Figure 

5.2. 

 

Figure 5.2. Illustration of the Problem Definition 

5.3.2. Trajectory-based Representation 

We propose a novel deep learning approach to predict a patient’s readmission risk in 30 days, 

to address the research gaps and research objectives mentioned above. This approach is called 

Trajectory-BAsed DEep Learning (TADEL). It is composed of two components: trajectory-

based representation and TADEL unit. The trajectory-based representation aims to account for 

the dynamic transitions in the medical history, which is essential to understand the readmission 

risk. The TADEL unit aims to learn patients’ heterogeneous health states and hospitalization 

trajectories. It considers the various potencies of different states in the medical history. As such, 

the model will strengthen the impact of recent hospitalizations and enhance the signal of prior 

readmission records. 

Different from standard representation that constructs a cross-sectional feature set for a time 

snapshot, our new approach incorporates the sequence of hospitalizations as the feature for a 

patient, because hospital readmission is a result of a dynamic process. Let 𝒗(𝑡) be a vector of 

features for hospitalization at time 𝑡. Let 𝑁 be the number of hospitalizations of a patient in the 

study time window. We construct a hospitalization trajectory matrix denoted as 
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[𝒗(1), 𝒗(2), … , 𝒗(𝑁)]. This hospitalization trajectory matrix is the representation for a patient, 

depicting the series of phases in the medical history. In the staged trajectory-based LSTM model, 

each hospitalization will be fed into the model in a stepwise manner. For instance, hospitalization 

𝒗(𝑡) will be passed to the model at time step 𝑡, thus capturing the process of hospitalizations. 

Figure 5.3. details the trajectory-based representation of one patient’s readmission trajectory. The 

black circles represent the features of each hospitalization. 

 

Figure 5.3. The Trajectory-based Representation for a Patient 

We choose the time window size for the hospitalization trajectory matrix to be one year due 

to the widely accepted principle that a one-year window is long enough to capture the medical 

history and also has been proved sufficient to influence health outcomes in numerous medical 

studies (Holland-Bill et al. 2015; Schmidt et al. 2014; Sulo et al. 2015). For readmitted patients, 

the ending date of this one-year window is the first 30-day readmission date in 2015. This one-

year window covers all the hospitalization records one year before the ending date. For non-

readmitted patients, the ending date of the one-year window is their first hospitalization date in 

2015. The hospitalizations within one year before the ending date are included in the study 

window. 

5.3.3. Trajectory-based Deep Learning 

We design the TADEL unit to process the trajectory-based representation and predict the 30-

day readmission risk. The TADEL unit is based on an LSTM unit. An LSTM unit has self-

connected loops to maintain hospitalization information from previous steps. Those loops 
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contain an input gate, a forget gate, an output gate, a memory cell, and a hidden state. The three 

gates inherit prior information from the last hidden state 𝒉(𝑡−1) and also receive the current 

hospitalization record 𝒗(𝑡). At each time step, the three gates will maintain only a portion of 

hospitalization information to extract the useful signals from patients.  

Let 𝑽 be the hospitalization trajectory matrix for a patient, denoted as [𝒗(1), 𝒗(2), … , 𝒗(𝑁)]. 

This matrix will be fed into the TADEL unit. A standard LSTM unit contains three gates that 

take a new hospitalization record 𝒗(𝑡) and maintains a portion of information from the last 

hidden state 𝒉(𝑡−1) (Equations 1-3). Parameters 𝑾, 𝑼, and 𝒃 are the learnable weight parameters 

with values between 0 and 1. These parameters aim to pass a proportion of hospitalization 

information to the next health state. In standard LSTM, the transition parameters (𝑾, 𝑼, and 𝒃) 

from one health state to the next are shared. As such, the model assumes that each new 

hospitalization has a constant contribution to its next health state, resulting in homogeneous 

hospitalization patterns for patients. Yet, in hospitalization series, the time intervals between two 

consecutive hospitalizations could range from days to months. Such varying time intervals 

indicate certain impending disease conditions. For instance, frequent hospital admissions indicate 

a severe health problem and poor health conditions. The records of those frequent patterns 

provide a source to study progression of the condition. Therefore, recent hospitalizations should 

have more salient impact than old hospitalizations in determining readmission risk. Such 

variance leads to heterogeneous hospitalization patterns (varied-time intervals) across patients. 

Another aspect of the differed impact of hospitalizations lies in the effect of prior readmission 

records. If a patient has been readmitted before, his or her future readmission risk is higher than 

other patients. Acknowledging the present gap, we aim to modify the standard LSTM unit and 

propose an innovative TADEL unit. This TADEL unit integrates the time interval between two 
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hospitalizations in the model to weight varied-time hospitalizations and also enhances the 

information of prior readmission records.  

In the new input gate, forget gate, and output gate, we define a monotonic decreasing 

function 
1

𝑙𝑜𝑔 (𝑒+∆𝑡)
, as an attenuation coefficient to discount the last hidden state 𝒉(𝑡−1), where ∆𝑡 

is the time interval between two consecutive hospitalizations and 𝑒 is natural logarithm, as 

shown in Equations 5.12-5.16. When the information flows through the gates, the past 

information is carried within 𝒉(𝑡−1), which is passed to the three gates. Therefore, the decreasing 

function should be applied to the origin of the past information 𝒉(𝑡−1). For instance, the input 

gate is composed of two sources of input: the new input from time step 𝑡 (𝒗(𝑡)) and the 

information from the previous time step 𝑡 − 1 (𝒉(𝑡−1)). As mentioned above, the information 

from the previous time step 𝒉(𝑡−1) needs to be adjusted due to varied time intervals. The forget 

gate and the output gate have the same structure as the input gate, with two information sources. 

We apply the same attenuation coefficient to 𝒉(𝑡−1) in the forget gate and the output gate. The 

adjustment in 𝒉(𝑡−1) will eventually propagate to the memory cell and current hidden state. As 

discussed in the literature review, Pham et al. (2017) and Baytas et al. (2017) designed other 

types of time-aware LSTMs. To address the deficiency of Pham et al. (2017) in our context, we 

apply the attenuation coefficient to time step 𝑡 − 1 instead of 𝑡 by just modifying the previous 

information part (𝒉(𝑡−1)) in the gates. Different from Baytas et al. (2017), we make full use of 

the information flow through the gates and memory cell by discounting past information 𝒉(𝑡−1) 

in all channels. 

Trajectory-based input gate: 

𝒊(𝑡) = 𝜎 (𝑾𝑖 (𝒗(𝑡) × 𝑙𝑜𝑔(𝑒 + 𝑤 × 1(𝑟𝑒𝑎𝑑𝑚𝑖𝑡𝑡𝑒𝑑))) + 𝑼𝑖 (𝒉(𝑡−1) ×
1

𝑙𝑜𝑔(𝑒 + ∆𝑡)
) + 𝒃𝑖) ; (5.12) 
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Trajectory-based forget gate: 

𝒇(𝑡) = 𝜎 (𝑾𝑓 (𝒗(𝑡) × 𝑙𝑜𝑔(𝑒 + 𝑤 × 1(𝑟𝑒𝑎𝑑𝑚𝑖𝑡𝑡𝑒𝑑))) + (𝒉(𝑡−1) ×
1

𝑙𝑜𝑔(𝑒 + ∆𝑡)
) + 𝒃𝑓) ;  (5.13) 

Trajectory-based output gate: 

𝒐(𝑡) = 𝜎 (𝑾𝑜 (𝒗(𝑡) × 𝑙𝑜𝑔(𝑒 + 𝑤 × 1(𝑟𝑒𝑎𝑑𝑚𝑖𝑡𝑡𝑒𝑑))) + 𝑼𝑜 (𝒉(𝑡−1) ×
1

𝑙𝑜𝑔(𝑒 + ∆𝑡)
) + 𝒃𝑜) ; (5.14) 

Trajectory-based memory cell: 

                       𝒄(𝑡) = 𝒊(𝑡) ∘ 𝑡𝑎𝑛ℎ(𝑾𝑢𝒗(𝑡) + 𝑼𝑢𝒉(𝑡−1) + 𝒃𝑢) + 𝒇(𝑡) ∘ 𝒄(𝑡−1);                              (5.15) 

Trajectory-based hidden state: 𝒉(𝑡) = 𝒐(𝑡) ∘  𝑡𝑎𝑛ℎ(𝒄(𝑡)).                                                        (5.16) 

Function 𝜎(∙) is the sigmoid activation function, defined as 
𝑒𝑥

1+𝑒𝑥. Function 𝑡𝑎𝑛ℎ (∙) is the 

activation function. The operator ∘ is element-wise multiplication. Parameters 𝑾, 𝑼, and 𝒃 are 

the learnable weight parameters with values between 0 and 1. The attenuation coefficient could 

discount the hospitalizations that are far away from the current health state. For instance, a large 

∆𝑡 means that the previous hospitalization is far before the current health state. Thus the 

decreasing function will be small, indicating a minor impact of the last hospitalization on the 

next health state. We choose 
1

𝑙𝑜𝑔 (𝑒+∆𝑡)
 as the decreasing function because the logarithm function 

could curve extreme ∆𝑡.  

Previously readmitted patients are more likely to have multiple comorbidities, resulting in 

higher risk of being readmitted again in the future (Blank et al. 2018). We are motivated to 

increase the impact of previous readmission records to signal high risk. We modify the three 

gates by adding an amplification coefficient 𝑙𝑜𝑔 (𝑒 + 𝑤 × 1(𝑟𝑒𝑎𝑑𝑚𝑖𝑡𝑡𝑒𝑑)) to each 

hospitalization input. The function 1(𝑟𝑒𝑎𝑑𝑚𝑖𝑡𝑡𝑒𝑑) is an indicator function, having the value of 

1 when 𝒗(𝑡) is a prior readmission record, and 0 otherwise. We add a weight factor 𝑤 to learn the 

magnitude of influence that prior readmissions have on future readmission risk. This 
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amplification coefficient further distinguishes our method from other time-aware LSTMs (Baytas 

et al. 2017; Pham et al. 2017) by considering the uniqueness of readmission prediction. An 

illustration of the new TADEL unit is shown in Figure 5.4. The modifications compared to the 

standard LSTM unit are highlighted in red. 

 

Figure 5.4. The Trajectory-based Deep Learning (TADEL) Unit 

In this new TADEL unit, the contributions of different states are weighted based on their 

potencies. A graphic illustration of the overall architecture of the TADEL is shown in Figure 5.5. 

 

Figure 5.5. Architecture of the Trajectory-based Deep Learning 

For a patient, the input to TADEL is the hospitalization trajectory matrix. The following 

layer is the TADEL unit to process this matrix recurrently. Finally, a Softmax layer (the 

following equation) is stacked on top to predict the probability that a patient will be readmitted 
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within 30 days, as shown in Equation 5.17. Variable 𝑦 is the predicted readmission risk of one 

patient. Variable 𝒙T is the transpose of the input to the Softmax layer. Parameter 𝒘 is the weight 

parameter. 

                                                      𝑝(𝑦 = 𝑗|𝒙) =
𝑒

𝒙T𝒘𝑗

∑ 𝑒𝒙T𝒘𝑘𝐾
𝑘=1

.                                            (5.17) 

5.4. Empirical Analyses 

5.4.1. Data 

In this study, we utilize patient hospitalization information and health conditions from 

Medicare Coverage Database (MCD), which is a database containing Medicare claims with both 

national and local coverage from the all the states in the United States. MCD is maintained by 

the Center for Medicare and Medicaid Services (CMS) and United States Department of Health 

and Human Services (HHS). Our dataset contains patient-level hospitalization records of a 5% 

national random sample of MCD from 2011 to 2015, including 3.6 million patients per year and 

3 billion hospital admissions. The admission records cover hospitals in all 50 states and federal 

district in the United States. The readmission status of a hospital visit can be computed based on 

the time interval of two hospital visits and the diagnosis code. We include the following four 

related files for our analyses. By including the data about a variety of diseases and demographic 

information of patients randomly sampled from the entire nation, we have the largest dataset of 

its kind. 

1. Inpatient data file: De-identified patient ID, dates of admission and discharge, diagnosis 

codes, medical procedure codes, Medicare severity diagnosis, reimbursement amount, hospital 

National Provider Identifiers (NPIs), physician NPIs, among others. 

2. Chronic conditions warehouse file: 27 chronic condition indicators for each patient. These 

27 chronic conditions include: Acquired Hypothyroidism, Chronic Kidney Disease, Acute 
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Myocardial Infarction, Chronic Obstructive Pulmonary Disease, Alzheimer's Disease, 

Depression, Alzheimer's Disease, Diabetes, Anemia, Glaucoma, Asthma, Heart Failure, Atrial 

Fibrillation, Hip/Pelvic Fracture, Benign Prostatic Hyperplasia, Hyperlipidemia, Colorectal 

Cancer, Hypertension, Endometrial Cancer, Ischemic Heart Disease, Breast Cancer, 

Osteoporosis, Lung Cancer, Rheumatoid Arthritis/Osteoarthritis, Prostate Cancer, 

Stroke/Transient Ischemic Attack, Cataract. 

3. Medicare Part D events file: Information on prescription drugs prescribed by individual 

physicians and other healthcare providers and paid for under the Medicare Part D Prescription 

Drug Program. For each prescriber and drug, the dataset includes the total number of 

prescriptions that were dispensed, which include original prescriptions and any refills, and the 

total drug cost. The total drug cost includes the ingredient cost of the medication, dispensing 

fees, sales tax, and any applicable administration fees and is based on the amount paid by the 

Part D plan, Medicare beneficiary, government subsidies, and any other third-party payers. 

4. Medicare beneficiary summary files: Beneficiary enrollment information, such as the 

beneficiary unique identifier, state and county codes, zip code, date of birth, date of death, sex, 

race, age, monthly entitlement and enrollment information (A/B/C/D) and plan information for 

Medicare Advantage (Part C) and the Prescription Drug Program (Part D). 

Based on prior literature (Hammill et al. 2011; Kansagara et al. 2011; van Walraven et al. 

2010), we select four categories of features from the Medicare claims dataset to predict 

readmission risk: health status factors, insurance coverage and payment, history of health service 

utilizations and hospitalizations, and sociodemographic information.  

1. Health status factors (Halfon et al. 2006; Hammill et al. 2011; Holman et al. 2005). These 

features include history of diseases and conditions (primary diagnosis codes), chronic conditions, 
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Charlson comorbidity index, mental health index, and more. The health status and conditions 

may influence patients’ health in the long term. The health conditions significantly influence 

patients’ readmission risk. 

2. Insurance coverage and payment (Coleman et al. 2004; Hasan et al. 2010; Silverstein et al. 

2008). These features include insurance coverage and various payment amounts. They influence 

patients’ financial ability and willingness to visit the hospital. 

3. History of health service utilizations and hospitalizations (Howell et al. 2009; van 

Walraven et al. 2010). These features include the average number of medications taken in the 

past year, number of hospitalizations, number of emergency room visits in a year prior to 

readmission, and more. This information may reflect patient and disease complexity and 

potential inappropriate care during prior hospitalizations.  

4. Sociodemographic information (Bottle et al. 2006; Krumholz et al. 2009). These features 

include age, gender, race, among others. The unique characteristics of patients contribute to the 

variance of readmission risk. 

5.4.2. Model Performance 

We select four groups of baseline models: models used in current studies (logistic regression, 

SVM, Naïve Bayes), trajectory-based models (HMM), deep learning models (LSTM), and 

trajectory-based deep learning models (Baytas et al. and Pham et al.).  

As discussed in the review of readmission prediction research, most existing studies utilized 

statistical models (logistic regression). Some studies also utilized machine learning methods, 

such as support vector machine (SVM) and Naïve Bayes. Therefore, we benchmark our proposed 

method against those three methods. These models use an aggregated representation. 

Comparison with these models could demonstrate the necessity of the trajectory-based 
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representation. We use SVM-Light (Joachims 2003) as the implementation for SVM because it 

has short CPU processing time and has been widely used as a baseline model in many studies 

(Abbasi et al. 2010, 2012; Eickholt et al. 2011; Faisal et al. 2013; Sun et al. 2011). For logistic 

regression and Naïve Bayes, we utilize scikit-learn, a Python package for machine learning, as it 

has been adopted in many studies with satisfying performance (Abraham et al. 2014; Buitinck et 

al. 2013; Lou et al. 2014).  

We also benchmark against the state-of-the-art approaches supporting multi-state trajectory: 

Cox model and hidden Markov model (HMM). Cox model is implemented by a R package, 

survival, as it is easy to implement and has been widely used in prior studies (Bos et al. 2009; 

Brown et al. 2014). For HMM, we utilize scikit-learn for the implementation. We do not include 

the group-based trajectory model (GBTM) or latent growth curve analysis (LGCA) as baseline 

models, because they use different representation approaches and cannot model the trajectory of 

the related health factors. GBTM and LGCA only capture the trajectory of the outcome variable 

(number of readmissions in each time interval), failing to interpret the latent factors. 

As our model is an enhanced deep learning model, we benchmark our model against the 

standard long short-term memory (LSTM). Our model modifies LSTM by considering differed 

potencies of hospitalizations. Comparison with LSTM aims to evaluate the trajectory-based 

LSTM unit. LSTM is implemented with the Python package Keras that has been utilized in 

various deep learning studies (Wongsuphasawat et al. 2018; Xie, Liu, and Zeng 2017). 

We also compare our model with recent deep learning studies using trajectory, including Baytas 

et al. (2017) and Pham et al. (2017). Comparison with these models demonstrates the 

effectiveness of our design choices. 
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We performed our analysis on the national Medicare claims data. We initially identified 

72,709 random patients who had at least one 30-day readmission record in 2015 as the 

readmission group. We then randomly selected another 72,709 patients who do not have 30-day 

readmissions in 2015 as the control group (non-readmission group). In the readmission group, 

we excluded 41 patients residing outside the U.S. due to lack of complete medical information in 

the Medicare data (72,668 remained). Similarly, we excluded 46 patients residing outside of the 

U.S. from the control group (72,663 remained). The same treatment and control group are used 

in all empirical analyses and robustness checks. As described in the proposed approach, we 

select four groups of features for the selected patients. The summary of those features for the 

study cohort is shown in Tables 5.3-5.6. 

Table 5.3. Health Status Factors 

Feature 
Readmitted–

Mean 

Readmission–

S.D. 

Non-

readmitted–

Mean 

Non-

readmitted–

S.D. 

Charlson comorbidity index1 0.91 1.43 0.50 0.90 

Mental health index2 0.69 0.97 0.51 0.77 

Number of chronic conditions 17.00 3.03 20.00 2.74 
1http://mchp-appserv.cpe.umanitoba.ca/viewConcept.php?conceptID=1098 

2https://www.nimh.nih.gov/health/topics/index.shtml 

 

Table 5.4. Insurance Coverage and Payment 

Feature 
Readmitted–

Mean 

Readmission–

S.D. 

Non-

readmitted–

Mean 

Non-

readmitted–

S.D. 

Payment amount 11219.62 12404.52 9943.63 11168.47 

Claim charge amount 56165.79 74635.01 48628.38 69334.68 

Per diem amount 64.44 158.97 60.67 142.87 

Deductible amount 957.72 565.62 1208.17 265.60 

Prospective payment 

system capital amount 

795.59 979.14 746.03 917.00 

Federal specific portion 

amount 

677.82 705.51 648.61 609.59 

Capital outlier amount 39.63 419.59 27.28 486.98 

Indirect medical 

education amount 

40.62 115.20 36.27 101.38 

 

Table 5.5. History of Health Service Utilizations and Hospitalizations 
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Feature 
Readmitted–

Mean 

Readmission–

S.D. 

Non-

readmitted–

Mean 

Non-

readmitted–

S.D. 

Number of hospitalizations 1.47 0.96 0.09 0.42 

Number of emergency 

room visits 

1.01 0.95 0.06 0.32 

Number of urgent visits1 0.22 0.52 0.01 0.14 

Number of elective visits2 0.24 0.50 0.02 0.15 
1The patient required immediate attention for the care and treatment of a physical or mental disorder. 

2The patient's condition permitted adequate time to schedule the availability of suitable accommodations. 

 

Table 5.6. Sociodemographic Features 

Features Readmitted Non-readmitted 

Average age 72.86 73.45 

Male percentage 46.98% 44.65% 

Female percentage 53.02% 55.35% 

White percentage 80.81% 83.32% 

Black percentage 12.98% 10.49% 

Asian percentage 1.25% 1.40% 

Hispanic percentage 2.15% 2.01% 

Native American percentage 0.79% 0.63% 

 

We adopted precision, recall, and F1 score as the evaluation metrics because they are 

commonly used in binary predictive studies (Leeper et al. 2013, Ma et al. 2017, Muter and 

Aytekin 2017, O’mara-Eves et al. 2015). Precision assesses the proportion of patients the model 

classified as readmitted that are actually readmitted. Recall measures the proportion of actually 

readmitted patients in the dataset that the model can identify. F1 score is a comprehensive 

measure of accuracy integrating both precision and recall.  

We first compare TADEL with the state-of-the-art models as applied in the current literature. 

These models do not consider the medical history. Comparison with these models shows the 

effectiveness of the trajectory-based component. We shuffled the patients and used 80% of them 

as the training set, containing 116,265 patients. We use 10% as the test set for the unseen out-of-

sample test. To avoid overfitting, we use the remaining 10% as the validation set to help adjust 

model hyper parameters in each epoch. The comparison of our model with state-of-the-art 

models used in prior literature is shown in Table 5.7. We repeated the training procedure for each 
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model for ten times and reported the average performance of the unseen out-of-sample test. 

Table 5.8. shows the p-value of t-tests between TADEL and other three methods in the ten 

experiments. 

Table 5.7. TADEL versus Models without Trajectory (Out-of-Sample Test) 

Model Precision (%) Recall (%) F1 score (%) 

NB 70.3 71.5 70.9 

Logit 75.2 70.5 72.8 

SVM 74.9 67.8 71.2 

TADEL (Ours) 77.9 99.3 87.3 

 

Table 5.8. P-value of T-tests for TADEL Against 

Model Pair Precision Recall F1 score 

TADEL vs NB < 0.001*** < 0.001*** < 0.001*** 

TADEL vs Logit < 0.001*** < 0.001*** < 0.001*** 

TADEL vs SVM < 0.001*** < 0.001*** < 0.001*** 

*: p < 0.05; **: p < 0.01; ***: p < 0.001 

 

As Table 5.4 shows, our proposed TADEL outperforms machine learning models (SVM and 

naïve Bayes) and statistical models (logistic regression) in recall and F1 score (p < 0.001). The 

recall is 28.8% higher than that of the most frequently used logit model, and the F1 score is 

14.5% higher than that of logit model. As hospital readmission costs $26 billion to the health 

systems per year, the 28.8% improvement in recall could potentially save $7.49 billion per year, 

if appropriate prevention strategies are implemented. Even though TADEL has relatively lower 

precision than some baseline models, misclassifying a few patients to be at high risk of 

readmission could alert physicians to be more cautious while it does not pose many adverse 

effects. 

TADEL is a trajectory-based model. Unlike SVM, logit, and Naïve Bayes, TADEL utilizes 

the series of hospitalizations to predict the readmission risk. By modeling the series of 

hospitalizations, TADEL is capable of monitoring the patients dynamically. A change in the 

hospitalization series signals abnormality in the medical history. Such health condition change 
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could be captured in real time by TADEL, whereas models without trajectory is not capable of 

capturing the real-time abnormality. 

TADEL is a more fine-grained model based on multi-state approaches by involving the 

TADEL unit. We evaluate this TADEL unit by comparing TADEL with approaches without the 

TADEL unit, including Cox model, HMM, and LSTM. We repeated the training procedure ten 

times for each model and reported the average performance of the unseen out-of-sample test in 

Table 5.9. Table 5.10. shows the p-value of the significance tests in the ten experiments. 

Table 5.9. Effectiveness of the Trajectory-based LSTM Unit (Out-of-Sample Test) 

Model Precision (%) Recall (%) F1 score (%) 

Cox 57.6 62.3 59.9 

HMM 57.8 80.9 67.4 

LSTM 74.1 98.9 84.7 

TADEL (Ours) 77.9 99.3 87.3 

 

Table 5.10. P-value of T-tests for Effectiveness 

Model Pair Precision Recall F1 score 

TADEL vs Cox < 0.001*** < 0.001*** < 0.001*** 

TADEL vs HMM < 0.001*** < 0.001*** < 0.001*** 

TADEL vs LSTM 0.039* 0.790 0.023* 

*: p < 0.05; **: p < 0.01; ***: p < 0.001 

 

TADEL significantly outperforms Cox model in precision by 20.3%, recall by 37.0%, and F1 

score by 27.4%. TADEL also significantly improves upon HMM in precision by 20.1%, recall 

by 18.4%, and F1 score by 19.9% (p < 0.05). This is partially because TADEL can capture long-

term hospitalizations. In our dataset, patients’ number of hospitalizations in the study time 

window ranges from 2 to 30. TADEL has a salient advantage in identifying patients with long-

range hospitalization records. 

TADEL significantly outperforms LSTM in precision and F1 score (p < 0.05). Precision is 

increased by 3.8%, and F1 score is increased by 2.6%. This is attributed to the TADEL unit. This 

enhanced unit strengthens information from recent hospitalizations versus old hospitalizations 
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and amplifies the signal of prior readmission records, thus maintaining more useful past 

information. For instance, some patients have hospitalization records more than six months 

before their most recent readmission. Those old hospitalization records have very light impact on 

the current readmission outcome. Our proposed model is capable of diluting the impact of old 

records. When a patient has been readmitted before, those readmission records are enhanced to 

signal high risk. The recall of TADEL and LSTM does not have significant difference, because 

both of them are equally high enough. 

A few prior studies developed different approaches of incorporating a trajectory in deep 

learning models. Baytas et al. (2017) incorporated a time decay function in the memory cell, 

while Pham et al. (2017) incorporated the time decay function in the forget gate. In our study, we 

add the time decay function in the previous hidden state when passed to the three gates. To show 

the effectiveness of our design choice, we benchmark with Baytas et al. (2017) and Pham et al. 

(2017). Table 5.11. shows the model performance. Table 5.12. shows the statistical significance 

of the performance comparison. 

Table 5.11. TADEL versus Deep Learning Trajectory Models (Out-of-Sample Test) 

Model Precision (%) Recall (%) F1 score (%) 

Baytas et al. (2017) 74.0 99.7 84.9 

Pham et al. (2017) 74.2 99.4 85.0 

TADEL (Ours) 77.9 99.3 87.3 

 

Table 5.12. P-value of T-tests for TADEL against Deep Learning Trajectory Models 

Model Pair Precision Recall F1 score 

TADEL vs Baytas et al. (2017) 0.049* 0.106 0.048* 

TADEL vs Pham et al. (2017) 0.045* 0.182 0.038* 

*: p < 0.05; **: p < 0.01; ***: p < 0.001 

 

TADEL significantly outperforms Baytas et al. (2017) and Pham et al. (2017) in precision 

and F1 score. The precision of TADEL outperforms Baytas et al. (2017) by 3.9% and 

outperforms Pham et al. (2017) by 3.7%. The F1 score of TADEL outperforms Baytas et al. 



 

 161 

(2017) by 2.4% and outperforms Pham et al. (2017) by 2.3%. This improvement suggests that 

only adding a time decay function in the memory cell or forget gate is not sufficient to capture 

the time irregularity in the trajectory. At each time step, information in the previous step is 

passed to the next step. The previous information needs to be adjusted in all three gates. 

To demonstrate the balance between true positives and false positives of all the methods, we 

show the receiver operating characteristics (ROC) curve in Figure 5.6. The first figure shows the 

ROC curves of TADEL and all the baseline models. The second figure compares TADEL with 

models with multi-state trajectory. In the third figure, we show the comparison of TADEL with 

state-of-the-art models from the existing literature. The fourth figure shows the comparison of 

TADEL and other deep learning trajectory models. 

We then use the c-statistic to measure the goodness of fit based on the ROC curve, as it is the 

frequently used measure in health analytics research (Cenzer et al. 2016; Collins et al. 2016; 

Pencina and D’Agostino 2015). C-statistic equals the area under the ROC curve (AUC). Table 

5.13. shows the c-statistics of all the models. TADEL achieved a c-statistic of 88.4%, the highest 

among all the methods compared, indicating excellent performance and low error. In summary, 

TADEL is capable of reaching the highest true positive rate with comparatively lower false 

positive rate than all the other methods. 

Table 5.13. C-statistics (AUC) of All the Models Compared 

Model AUC (%) 

NB 70.5 

Logit 74.7 

SVM 77.7 

Cox 48.4 

HMM 70.8 

LSTM 79.5 

Baytas 84.2 

Pham 83.4 

TADEL (Ours) 88.4 
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Figure 5.6. ROC Curves of TADEL and Other Methods 

5.4.3. Robustness Checks 

The medical history and severity are different among various types of diseases. Knowing the 

readmission risk for a specific disease type provides indispensable insights for medical 

specialists to treat their patients. Among all the disease types, heart disease, myocardial 

infarction, and pneumonia are the major diseases that have been the focal attention of the Center 

for Medicare and Medicaid Services. Patients with those diseases usually suffer significant 

readmission and mortality risks (Berenson et al. 2012; D. J. Zhang et al. 2016). Considering their 

potential significant impact on public health, we test TADEL on these three disease types. The 

performance of TADEL on these three subsets is shown in Table 5.14. We repeated the training 

procedure ten times for each model and reported the average performance of the unseen out-of-

sample test. 

Table 5.14. Performance of TADEL on Different Disease Classes (Out-of-Sample Test) 
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Disease Class Precision (%) Recall (%) F1 score (%) 

Heart disease 78.7 99.6 88.0 

Myocardial infarction 77.9 99.0 87.2 

Pneumonia 78.6 97.9 87.2 

Mean of the three diseases 78.4 98.8 87.5 

 

TADEL reached high performance consistently throughout the disease types. The recalls of 

prediction about readmission in heart disease, myocardial infarction, and pneumonia are 

persistently at around 98.8%, meaning 98.8% of the patients who will readmit within 30 days of 

release can be correctly identified. The F1 scores of prediction about readmission in the three 

major diseases are constantly at around 87.5%, showing a very high comprehensive accuracy. 

The precisions are also reasonably high with an average of 78.4%, suggesting a false alarm rate 

at less than 22%, much less than that of screening of diseases such as mammography (Nelson et 

al. 2016) and lung cancer (Young et al. 2017). The results indicate that our approach maintains 

high performance across different diseases, suggesting high generalizability to various settings, if 

patients’ medical records are available. 

As indicated in the proposed approach section, we choose a 1-year window to construct the 

sequence of features for the readmission trajectory. To check the robustness of our model on 

different lengths of readmission trajectories, we performed analysis using different widths of 

time window before readmission: 3 months, 6 months, 1 year, 2 years, and 3 years. For instance, 

in a 3-month window, we utilize patients’ hospitalization records three months before the 

readmission for the prediction. The model performance with these five time windows is shown in 

Table 5.15. The patients in the training and test set are the same as in the previous analyses. We 

repeated the training procedure ten times for each model and reported the average performance 

of the unseen out-of-sample test. 

Table 5.15. Effect of Different Trajectory Window Size Before Readmission (Out-of-Sample Test) 

Time Window Precision (%) Recall (%) F1 score (%) 
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3 months 78.3 95.3 85.9 

6 months 75.9 98.0 85.5 

1 year 77.9 99.3 87.3 

2 years 77.5 99.1 87.0 

3 years 78.4 98.6 87.2 

Mean of all time windows 77.6 98.1 86.6 

 

Our proposed approach consistently achieved high performance for these five time windows. 

The recalls are consistently at around 98.1%, F1 scores at 86.6%, and precisions at 77.6%. The 

1-year window size reached the highest performance without using too much information, 

indicating good design of the one-year readmission trajectory. 

In addition to 30-day readmission prediction where patients are readmitted within 30 days 

after discharge, we further tested our approach on longer periods of readmissions (out-of-time 

validation), including 3-month readmission, 6-month readmission, and 1-year readmission. In 

those readmission periods, patients are readmitted after they are discharged within 3 months, 6 

months, or 1 year, respectively. Figure 5.7. shows a graphic demonstration. Table 5.16. shows 

the performance in terms of readmission predictions for those various of periods. We repeated 

the training procedure ten times for each model and reported the average performance of the 

unseen out-of-sample test. 

 
The time window of the training set is from 01/2014 to 12/2014 (light grey). 

The different widths of time window of testing sets are from 01/2015 on (dark grey). 

Figure 5.7. Out-of-Time Validation Approach 

Table 5.16. Performance of Different Readmission Periods (Out-of-Sample Test) 

Readmission Interval Precision (%) Recall (%) F1 score (%) 
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30-day readmission 77.9 99.3 87.3 

3-month readmission 77.8 99.0 87.1 

6-month readmission 75.2 99.0 85.5 

1-year readmission 74.1 99.1 84.8 

Mean of all periods 76.3 99.1 86.2 

 

The recalls remain consistent at around 99.1%, the F1 scores remain at 86.2%, and the 

precisions remain at 76.3%. These results indicate high reliability and high performance of our 

approach on different readmission time intervals. This generalizability of our model enables 

health providers to assess patients’ readmission risk at different levels. 

Patients may have various numbers of readmission records. We further test TADEL on 

different patient groups and show the advantage of TADEL over LSTM. We divide the entire 

dataset into three groups: patients with one prior readmission record, patients with 2-5 

readmission records, and patients with more than five readmission records. The performance of 

TADEL and LSTM on these three groups is shown in Table 5.17. 

Table 5.17. Performance on Sub-Groups 

Prior 

Readmission 

Records 

TADEL LSTM 

Precision (%) Recall (%) F1 score (%) Precision (%) Recall (%) F1 score (%) 

1 77.7 95.3 85.2 72.7 99.8 84.1 

2-5 76.5 99.1 86.3 74.7 98.7 85.0 

> 5 77.1 94.5 84.3 72.5 99.7 83.9 

All 77.9 99.3 87.3 73.9 99.2 84.7 

 

The performance of TADEL is robust across all sub-groups. The F1 score is slightly higher 

for patients with 2-5 readmission records. This could be because patients with 2-5 readmission 

records exhibit poorer health conditions than patients with just one readmission records. 

Therefore, it is easier to predict the readmission risk for patients with 2-5 readmission records. 

The performance for patients with more than five readmission records is the lowest because of 

the lack of instances. In all the three sub-groups, TADEL outperforms LSTM. This superior 
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performance demonstrates the effectiveness of considering medical history in various patient 

groups. 

5.4.4. Findings Regarding Factors of Readmission 

To evaluate the impact of the four categories of features in section 5.4.1 (health status, 

insurance coverage and payment, healthcare history, and sociodemographic attributes) on 

readmission, we examine the contribution of each category of predictors using sensitivity 

analysis. We use a stepwise approach: each time dropping one category of predictors out when 

running the model. We trained five TADEL models, each with a different set of predictors. We 

used the same set of patients as described in the data preparation section. Table 5.18. shows the 

model performance of different feature sets. We ran each model ten times and reported the 

average performance of the unseen out-of-sample test. 

Table 5.18. Effect of Different Feature Sets (Out-of-Sample Test) 

Metric 
Drop Feature Set 

1 (%) 

Drop Feature 

Set 2 (%) 

Drop Feature 

Set 3 (%) 

Drop Feature 

Set 4 (%) 

Mean 

(%) 

Full Model 

(%) 

Precision 75.0 81.1 76.6 76.7 77.4 77.9 

Recall 99.1 91.0 98.7 99.2 97.0 99.3 

F1 score 85.3 85.3 86.2 86.4 85.8 87.3 

Features 2+3+4 1+3+4 1+2+4 1+2+3 NA 1+2+3+4 

Feature set 1: Health status factors; Feature set 2: Insurance coverage and payment; Feature set 3: History 

of health service utilizations and hospitalizations; Feature set 4: Sociodemographic information 

 

The drop-one-out performance shows that our model was able to achieve high performance 

consistently. The average recall is 97.0%, average F1 score is 85.8%, and average precision is 

77.4%. To examine the contribution of each set of features, we performed one-tailed t-tests to 

compare the drop-one-out models with the full model. Table 5.19. details the results. 

Table 5.19. P-value of T-tests for Full Model Against Drop-one-out Models 

Model Pair Precision Recall F1 score 

Full model vs drop feature set 1 0.178 0.567 0.121 

Full model vs drop feature set 2 (0.181) 0.023* 0.105 

Full model vs drop feature set 3 0.786 0.128 0.635 

Full model vs drop feature set 4 0.848 0.913 0.816 
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Feature set 1: Health status factors; Feature set 2: Insurance coverage and payment; Feature set 3: History 

of health service utilizations and hospitalizations; Feature set 4: Sociodemographic information 

*: p < 0.05; **: p < 0.01; ***: p < 0.001; (·): full model < drop-one-out model 

 

Table 5.19 shows that health status factors (feature set 1) and insurance coverage and 

payment (feature set 2) are important predictors for readmission. Adding health status factors 

(feature set 1) leads to an increase of 2.9% in precision. Such result suggests that health status 

factors are the major determinants of health outcomes, including hospital readmission. 

Readmitted patients and non-readmitted patients vary significantly on those measures. Such 

variance could help understand patients’ hospital readmission risk as well. Adding insurance 

coverage and payment (feature set 2) leads to an increase of 8.3% in recall. The insurance 

coverage and payment various kinds of insurance coverage. This finding suggests that financial 

considerations could influence a patient’s capability and decision to visit the hospital and further 

affect the readmission outcome. To tackle the readmission problem from this aspect, health 

providers could identify the generic form of the medication and prescribe alternative medications 

for patients with financial challenges. Copay assistance could also be provided to avoid 

unnecessary payment. Although history of health service utilizations and hospitalizations 

(feature set 3) does not show significant contribution to the model, adding these features still 

marginally improved F1 score (1.1%). This result demonstrates the association between the 

quality of treatment that patients received and the readmission outcome. This finding has 

profound implications for health providers and policy makers. For health facilities where 

readmission frequently occurs, more strict regulations and penalties are needed to incentivize 

better healthcare service delivery in order to lower the readmission rate. Our results also indicate 

that sociodemographic information (feature set 4) does not contribute to higher predictive power. 

This may be due to the homogeneity of the study cohort, as the majority of the patients are senior 
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citizens with small age variance. Race and gender also do not show significant value in 

predicting readmissions. 

To further test the significance of each feature, we performed a logistic regression. The 

results are shown in Table 5.20. Many health status factors (Charlson comorbidity index, acute 

myocardial infarction, Alzheimer's disease and related disorders, hip fracture, and depression) 

and insurance coverage and payment (payment amount, per diem amount, capital outlier amount, 

and indirect medical education amount) are significant (p < 0.05). Some historical health service 

utilization and sociodemographic factors are significant predictors as well. Insurance coverage 

and payment, historical health service utilizations, and sociodemographic are identified in prior 

literature (Kansagara et al. 2011). However, health status factors, especially the preexisting 

conditions, were not utilized in prior studies. This may due to the lack of data source about the 

preexisting conditions in current studies. 

Table 5.20. Significance of Readmission Factors 

Category Variable Estimate z Category Variable Estimate z 
 

(Intercept) 2.473 0.000*** Insurance coverage 
and payment 

Payment amount 0.223 0.019* 

Health 

status 
factors 

Charlson comorbidity 

index 

0.076 0.020* Claim charge amount -0.001 0.315 

Mental health index -0.001 0.986 Per diem amount -0.003 0.099† 

Acute myocardial 

infarction 

0.000 0.004** Deductible amount -0.002 0.490 

Alzheimer's disease 0.000 0.501 Prospective payment system 

capital amount 

-0.019 0.160 

Alzheimer's Disease and 
Related Disorders 

-0.002 <0.001*** Federal specific portion 
amount 

-0.002 0.306 

Atrial fibrillation 0.000 0.276 Capital outlier amount 0.003 0.084† 

Cataract -116.800 0.467 Indirect medical education 

amount 

-0.001 0.091† 

Chronic kidney disease 116.800 0.467 History of Health 

Service Utilizations 
and Hospitalizations 

Hospitalizations 0.141 0.046* 

Chronic obstructive 

pulmonary disease 

116.800 0.467 Emergency room visits 0.195 0.015* 

Congestive heart failure 116.800 0.467 Urgent visits 0.081 0.450 

Diabetes 116.800 0.467 Elective visits 0.109 0.106 

Glaucoma 0.119 0.186 Sociodemographic Age 0.240 0.024* 

Hip fracture 0.034 0.000*** Male -0.137 0.429 

Coronary artery disease 0.000 0.552 Female 0.142 0.355 
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Depression 0.000 0.023* White (race) 0.445 0.024* 

Asthma 0.795 0.293 Black (race) -0.010 0.977 

Hyperl -0.446 0.556 Other (race) 0.399 0.000*** 

Hyperp -0.713 0.351 Asian (race) 0.143 0.080* 

Hypert -0.694 0.363 Hispanic (race) -0.022 0.762 

Hypoth -0.003 0.376 Native (race) 0.168 0.114 

†: p < 0.1; *: p < 0.05; **: p < 0.01; ***: p < 0.001 

5.5. Discussion 

5.5.1. Relevance to IS Literature 

We address academic problems that have practical implications, which is the main objective 

of design science research (Gregor and Hevner 2013; Hevner et al. 2004). The academic problem 

in this study is hospital readmission, for which we provide a mathematical formulation. This 

problem creates new opportunities for researchers and health providers to proactively monitor 

patients’ health conditions and make optimal decisions on treatment. This problem is not limited 

to the realm of hospital readmission. It can be generalized to many other risk assessment 

applications, such as phishing website detection, financial fraud identification, and IT 

vulnerability assessment. For example, we can observe the trajectory of phishing attempts from a 

website. Those attempts can be a pop-up window when entering the website, followed by 

personal information verification, among others. Such trajectory of attempts can be utilized to 

understand the risk of entering the website. Table 5.21. shows the generalizability of our research 

problem and framework to other IS domains. 

Table 5.21. Generalizability of Hospital Readmission Problem to other IS Domains 

Domain Input Implications 

Phishing website detection Website content Categorize the website content into phishing website 

and regular website 

Financial fraud identification Financial statements Identify the financial fraud in the financial statement 

IT vulnerability assessment Software source code Categorize the source code into vulnerable software and 

secure software 
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This study also fits in the computational genre of design science research, as stressed by Rai 

(2017). The computational design science paradigm emphasizes an “interdisciplinary approach 

in developing novel data representations, computational algorithms, business intelligence, and 

analytics methods” (Rai 2017). Our study develops an interdisciplinary approach that involves a 

novel computational algorithm and an analytical solution to a major healthcare problem, thus 

holding great potential for generating IS research with significant societal impact. Such impact 

includes the capability of advancing the understanding of hospital readmission issue with 

advanced predictive power. 

5.5.2. Methodological Implications 

We develop a trajectory-based deep learning, TADEL, for hospital readmission prediction. 

This approach outperforms the state-of-the-art baseline models due to two novel components: the 

trajectory-based representation and the TADEL unit. Instead of creating cross-sectional 

representation for a patient, the trajectory-based representation takes into account the dynamic 

progression during a patient’s medical history. The proposed trajectory-based representation sets 

up a new model that can capture patients’ medical history in many other health-related domains. 

This representation could also be generalized to other problems with staged data, such as 

technology acceptance, purchase decision, and product recommendation. For instance, the 

sequence of consumers’ click-through data can be used to predict the purchase decision and 

make recommendations. The series of technology usage and satisfaction data can be used to 

predict users’ acceptance of a technology. Table 5.22. shows the generalizability of the 

trajectory-based representation in other areas. 

Table 5.22. Generalizability of Trajectory-Based Representation 

Domain Trajectory-based Representation 

Technology acceptance Technology use pattern (e.g., frequency, rating) 

Purchase decision Page view history, click-through, purchase history 
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Product recommendation Purchase history, clock-through 

 

The TADEL unit could capture the heterogeneity in patient health status. Patients in different 

health states in the medical history are modeled with varied hazard, thus addressing the 

limitation of existing regression and duration models. This new model also accounts for the 

differed potencies of various states in the medical history. The proposed model could be utilized 

to deal with diverse sequential data with varied potencies at different states, including online 

shopping history, crowdfunding investment records, and online course learning processes, 

among others. In the crowdfunding context, for instance, a larger investment amount should 

signal more information about investors’ preferences. Such varied impact of previous investment 

can be accounted for to understand the future investment. Table 5.23. shows the implications of 

the TADEL model on other IS research topics. 

Table 5.23. Implications of TADEL on Other IS Research 

Domain Data Implications Using TADEL 

Online shopping Purchase records Predict next purchase 

Crowdfunding investment Investment history Predict investment for crowdfunding projects 

Online course User logs Predict learning outcome 

Product recommendation Page view Predict the recommended product 

Technology acceptance Technology use patter Predict user satisfaction of technology 

 

5.5.3. Implications for Health IT 

We design an IT artifact for the problem and improve upon existing health predictive 

techniques. Predictive analytics offers the potential to understand a patient’s health outcome in 

advance. The proposed IT artifact advances the assessment of hospital readmission risk and is 

capable of discovering useful information from multi-scale biomedical data and supporting 

healthcare delivery. 

For healthcare informatics, this study is among the first to develop a high-performance deep 

learning framework to understand patients’ risk of 30-day readmission. This risk predictive 

framework greatly benefits key stakeholders to take proactive and targeted interventions to 
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provide better care and avoid unnecessary cost. The identified predictors also provide valuable 

implications for various stakeholders in healthcare. 

As prior diagnosis and illness severity are important indicators for hospital readmission, 

patients who are diagnosed with high-risk diseases need to communicate with their health 

providers and follow recommended medication regimens. The proposed risk predictive 

framework could help patients be self-aware about their readmission risk and avoid risky 

behaviors in the outpatient setting. 

Patients’ prior use of medical services is associated with hospital readmission risks. To lower 

such risks, hospitals could monitor medical facilities and upgrade those that lead to patients’ 

readmission. Physicians and nurses who treat high-risk patients should pay more attention to the 

prescribed medications and medical procedures to prevent severe side effects, medical errors, or 

drug interactions. Further follow-up instructions could be given to remind those patients to take 

appropriate medications. As insurance coverage is also related to hospital readmission, 

healthcare providers could offer copay assistance to guide patients to avoid unnecessary medical 

cost. Our proposed predictive approach offers promising financial relief as well. As hospitals 

face significant penalties for high readmission rate, using the proposed framework can help 

hospitals reduce the penalty induced by unnecessary readmission. The proposed model 

outperforms existing methods (e.g., logistic regression) by 29% in recall. Such improvement 

could save up to $7.54 billion per year for health systems (29% of the $26 billion readmission 

cost). 

Our proposed framework could facilitate real-time risk surveillance. Policymakers could alert 

healthcare facilities that are predicted to have high readmission rates and exert stricter 

regulations and higher penalties for those healthcare facilities. 
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5.5.4. Limitations and Future Directions 

Our study also has several limitations. First, the processing unit in the trajectory-based deep 

learning model is built upon an LSTM unit. To process the health data more efficiently, we could 

test other processing units such as GRU. Second, we utilized Medicare claims data for the 

empirical analyses. Other types of health data including electronic health records could also be 

leveraged for such analyses. Third, our research framework is a generalizable risk predictive 

framework. However, we did not test the effectiveness of our framework in other research 

contexts. 

We identified three directions for future research. First, we could explore theories and 

methods in health IT to understand the characteristics of claims data. The newly identified 

characteristics could be incorporated in the processing unit to improve the predictive power. 

Second, we could explore electronic health records, Medicaid data, and other commercial 

insurance data to expand our approach. Third, we could test our framework in other research 

contexts, such as risk of having adverse events, risk of having medical errors, and risk of 

suffering from drug interactions. 

5.6. Conclusion 

The 30-day hospital readmission is a critical issue in disease management. It creates huge 

financial burdens to healthcare systems and may indicate suboptimal care for patients. 

Accurately identifying high-risk patients for readmission helps health professionals, healthcare 

systems, and payers to better allocate resources for proactive and targeted interventions. Our 

research objective was to predict patients’ 30-day readmission risk while accounting for their 

heterogeneous health states and a trajectory of medical records. We designed a high-performance 

trajectory-based deep learning (TADEL) framework to enable such prediction. We performed a 
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series of empirical analyses to evaluate the components of TADEL rigorously and to compare 

with the state-of-the-art methods. The evaluation results show that TADEL outperforms all the 

baseline models in identifying patients with a high risk of being readmitted in 30 days. We 

further performed robustness checks to test the effect of disease types, trajectory window sizes, 

and readmission time periods. The results indicate that the high performance of TADEL is 

consistent. We also found that health status factors and insurance coverage and payment are 

important predictors for 30-day readmission. 

 Our study contributes to both IS literature and methodology. To our best knowledge, we are 

among the first to incorporate the medical history and design a deep-learning-based approach to 

predict hospital readmissions. We designed the trajectory-based representation and the 

trajectory-based LSTM unit. These two components significantly improved the existing methods 

by providing deeper insights about patients’ medical history. Those components could be utilized 

to process any other staged data and tackle sequences with varied potencies at different states. 

Our findings shed direct implications to health practitioners as well. The key stakeholders could 

take targeted interventions for high-risk patients in order to reduce negative consequences. Our 

proposed risk predictive framework could also be utilized by various studies to assess other 

health risks.  
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6. CONCLUSIONS AND FUTURE DIRECTIONS 

6.1. Research Contributions 

Health risks are a grave societal concern. To mitigate various health risks, researchers and the 

health sectors rely on health risk analytics to understand patient behavior and predict potential 

risks. Despite its great promise, there have been calls from information systems and healthcare 

researchers for more fine-grained methods as well as scalable and emerging datasets. My 

dissertation aims to create deep learning-based analytical frameworks for patient behavioral risk, 

disease risk, and policy risk. The proposed deep learning methods could be generalized to many 

data and text mining tasks. The research findings hold the potential to advance the understanding 

of various health risks and minimize the medical and financial consequences for patients, 

providers, hospitals, insurers, and healthcare systems. 

My research fits in the computational design science research in information systems, which 

emphasizes an “interdisciplinary approach in developing novel data representations, 

computational algorithms, business intelligence, and analytics methods” (Rai 2017). Design 

science research in information systems should contribute salient knowledge and value to the 

business industry as well as provide prescriptive knowledge that can have societal impact. My 

dissertation develops an interdisciplinary approach that involves novel computational algorithms 

and analytical solutions to major healthcare problems, thus holding great potential for generating 

IS research with significant societal impact. This dissertation selects four categories of critical 

health risks. Each essay’s IT artifact contributes design principles, instantiations, and empirical 

findings and interventions to IS knowledge base. Existing literature examined these health risks 

via electronic health records. To unveil patient perspectives which are absent from electronic 

health records, this dissertation exploits the advantage of health social media. The four essays 
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generated fruitful and insightful findings that complement the current understanding of major 

health risks. The proposed social media analytics method in each essay also offers an guidance of 

what social media-based health risk analytics research can achieve. 

The first essay addresses a patient behavioral risk: vaping. The research objective is to 

understand the potential health risks of vaping. This study develops an LSTM-based deep 

learning method to identify adverse events of vaping that patients reported in e-cigarette forums. 

The proposed method offers a real-time surveillance tool for public health sectors. 

In line with the first essay, the second essay tackles anther essential patient behavioral risk: 

medication nonadherence. The research aims to understand the reasons for medication 

nonadherence. Noticing the limitations of existing survey-based approaches, the present study 

leverages health social media as an alternative IT platform which provides indispensable insights 

for understanding risky patient behaviors. To address the technical challenges in processing 

health social media data, this study develops a sentiment-enriched deep learning method to 

incorporate patient sentiment information in the learning process. The proposed method 

contributes to IS knowledge base and analytical methodology. It can be generalized to any other 

IS research areas that involve opinionated texts. 

The third essay moves one step further to the second level of health risks: disease risk. This 

study selects opioid addiction as a case study as it is a serious national crisis. The research 

findings unveil the barriers to opioid addiction treatment. This paper devises a novel multi-view 

deep learning method with a similarity network-based representation. The proposed method 

addresses the challenge of patient morphs which could also be generalized to other online 

knowledge platforms with specialized morphs. 
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The fourth essay deals with a policy risk: hospital readmission. To actively mitigate 

readmission risk, this study proposes an innovative predictive model using deep learning. As 

medical history is an integral part of a patient’s health profile. We incorporate patient medical 

history in the deep learning model. This model makes use of heterogeneous medical history and 

significantly improves the prediction performance. The improved performance lowers the 

medical and financial consequences for high-risk patients. This method could also be used as a 

predictive tool that involves time-series data. 

6.2. Future Research Directions 

 This dissertation holds great potential for many future directions. It sets an exemplar for the 

design type of information systems research. An incomplete list of such future opportunities is as 

follows: 

1. Broader types of health risks. This dissertation selects four categories of health risks as 

four case studies. Other patient behaviors demand deeper investigation, such as drug 

abuse. Disease risk prediction can be extended as well. Comment chronic diseases could 

be significantly mitigated with proactive disease predictive models.  

2. Epidemiology. The health risks in this dissertation focus on chronic health risks. Similar 

research frameworks can be implemented in emergency settings as well, such as 

epidemics. Predictive models are capable of picturing the spread of diseases over time in 

different geographic areas, facilitating timely preparation for health sectors. Descriptive 

research that investigating the risk factors of epidemics are also essential for prevention 

of further spread. 

3. Explainable deep learning in healthcare. While predictive power serves as the foundation 

for proactive healthcare, understanding the underlying factors that lead to health risks is 
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also an integral component in health IT research. The advances in deep learning and 

explainable machine learning offer promising analytical methods that can be interpreted. 

This research direction leverages explainable methods to predict and understand the risk 

factors for major health risks. 

4. Cybersecurity risk analytics. This dissertation presents a comprehensive analytical 

framework for health risks. This framework can be well generalized in other risk 

analytics domains. Cybersecurity has been a grave concern in society. It poses a 

significant risk for public and national security. The analytical methods and design 

principles proposed in this dissertation can be harnessed in cybersecurity risk analytics to 

predict emerging cyber threats, understand illicit transactions in darknet markets, detect 

key hackers, and more. 

5. Enterprise operational risk analytics. Another related risk analytics area is enterprise 

operational risk. Businesses face multi-dimensional operational risks on a daily basis, 

such as fraud, loss events, and more. Proactively predicting these operational risks is 

essential for successful businesses. The deep learning-based risk analytics methods in this 

dissertation could be effectively utilized to predict the enterprise operational risks. 
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