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ABSTRACT

Objective: User-generated content (UGC) in online environments provides opportunities to learn an individual’s

health status outside of clinical settings. However, the nature of UGC brings challenges in both data collecting

and processing. The purpose of this study is to systematically review the effectiveness of applying machine

learning (ML) methodologies to UGC for personal health investigations.

Materials and Methods: We searched PubMed, Web of Science, IEEE Library, ACM library, AAAI library, and

the ACL anthology. We focused on research articles that were published in English and in peer-reviewed jour-

nals or conference proceedings between 2010 and 2018. Publications that applied ML to UGC with a focus on

personal health were identified for further systematic review.

Results: We identified 103 eligible studies which we summarized with respect to 5 research categories, 3 data

collection strategies, 3 gold standard dataset creation methods, and 4 types of features applied in ML models.

Popular off-the-shelf ML models were logistic regression (n¼22), support vector machines (n¼18), naive Bayes

(n¼17), ensemble learning (n¼12), and deep learning (n¼11). The most investigated problems were mental

health (n¼39) and cancer (n¼15). Common health-related aspects extracted from UGC were treatment experi-

ence, sentiments and emotions, coping strategies, and social support.

Conclusions: The systematic review indicated that ML can be effectively applied to UGC in facilitating the description

and inference of personal health. Future research needs to focus on mitigating bias introduced when building study

cohorts, creating features from free text, improving clinical creditability of UGC, and model interpretability.

Key words: systematic review, machine learning, online environment, online health community, social media, patient portal, per-

sonal health

INTRODUCTION

Over the past decades, the structured data in electronic medical

records (EMRs) have become critical resources for medical infor-

matics research.1–3 However, this clinically centric data often lack a

patient’s self-reported experiences and attitudes, as well as a charac-

terization of their feelings and emotional states, thus providing only

a partial view of a patient’s health and wellness status.4,5 As the

Internet continues to permeate every aspect of daily life,6,7 platforms

that support anytime, anywhere communications have gained in

popularity, such that individuals are increasingly sharing highly de-

tailed information regarding many aspects of their life in online

environments (eg, via social media platforms like Twitter and online

health communities [OHCs] like PatientsLikeMe),8,9 including their

health and wellness.10,11 This provides opportunities for healthcare

providers and researchers to learn about an individual’s health status

and treatment experiences outside of clinical settings. This notion is
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supported by a recent systematic review,12 which found that the

benefits induced by incorporating online environments into health

care included peer emotional support, public health surveillance,

and potential to influence health policy.

However, there are various challenges associated with the collec-

tion and application of user-generated content (UGC) in online envi-

ronments for healthcare research.13 First, in social medical

platforms, discussions can wander over a wide variety of topics,

many of which are not necessarily pertinent to personal health.14–16

Second, unlike the structured information in EMRs or clinical notes

composed by healthcare providers, UGC generated by patients is of-

ten expressed in un- or semistructured text with layman words, such

that interpretable factors need to be detected and extracted to gain

intuitions into an individual’s health status.4,17 Third, in many situa-

tions, the health status or outcomes of the users of such environ-

ments need to be inferred from their discussion.18 While manual

review can be applied to tackle these challenges, such methods are

often time consuming and lack scalability.4 Crowdsourcing may

speed up the process,19 but it can be quite expensive (eg, domain

experts are costly in their expertise and time, while the number of

tasks could be on the scale of millions, leading to rapid cost escala-

tion) and, in certain instances, privacy concerns limit the ability to

share such data to crowd workers.20 To address these challenges,

automated techniques, often based on machine learning (ML), are

increasingly adopted to process UGC in online environments.21–24

It should be noted that systematic reviews in this research area have

been conducted, but they mainly focused on public health surveil-

lance,25 adverse drug reaction (ADR) detection,26 and interventions on

health-related behaviors through online environments.27 While surveil-

lance and ADR detection using massive online UGC can potentially

track public health emergencies and enable drug safety, few reviews ex-

amine literature with a focus on personal health, which is important

given the emerging era of precision medicine.28 Online interventions

can improve personal health-related behaviors, but most of them are ex-

perimental or behavioral studies. Considering that most patients, espe-

cially those with chronic diseases or assigned to long-term treatments,

spend most of their time outside of formal clinical environments, UGC

can provide additional resources to assist healthcare providers to learn

about a patient’s condition and treatment experience, and possibly pre-

dict their health status. In this systematic review, we investigated the ef-

fectiveness of applying UGC in online environments to study personal

health though ML methods. Specifically, we summarized the personal

health problems, the types of data, the ML methodologies, the scientific

findings, and the challenges investigators encountered in this research

area. In doing so, we provided intuitions into best practices for process-

ing such data, as well as future challenges and opportunities.

MATERIALS AND METHODS

This investigation followed the guidelines of the PRISMA (Preferred

Reporting Items for Systematic Reviews and Meta-Analyses) frame-

work for preparation and reporting.29

Eligibility criteria
This study focused on peer-reviewed publications that applied ML

to UGC to predict or infer factors related to personal health out-

comes or behaviors. We used 3 criteria to search and screen publica-

tions that focused on (1) UGC in online environments,

(2) quantitative analysis of UGC, and (3) personal health.

In particular, by invoking the first criterion, we concentrated on

the free text that people openly expressed in online environments.

This criterion leads to studies that relied on data from social media

platforms (eg, Twitter), OHCs (eg, breastcancer.org), and patient

portals (eg, MyHealthAtVanderbilt.com). It excludes the data gener-

ated by individuals through surveys or interviews, whereby respond-

ents are required to answer predefined questionnaires in an online

environment. The second criterion ensures that the selected publica-

tions applied techniques based on ML or statistical inference. It

excludes publications that are based solely on a qualitative analysis.

The third criterion indicates that the data under investigation was

applied to learn about an individual’s (or their relatives’) health out-

comes or behaviors. It excludes publications that focused on

population-based phenomena, such as public health surveillance,

drug interactions, and ADRs that were not focused on individual-

level results.

Information sources and search
We searched for peer-reviewed publications in 5 resources: PubMed,

Web of Science, ACM Library, IEEE Xplore, AAAI Library, and the

ACL anthology. We restricted our search to research articles pub-

lished in English and in peer-reviewed journals or conference pro-

ceedings (excluding conference affiliated and standalone

workshops) between January 1, 2010, and June 30, 2018. We

grouped the query keywords into 2 sets, which were combined

through an AND operator. The first set of keywords correspond to

online social media platforms, OHCs, and patient portals. We added

an additional term, health, to confine the publications about online

social media platforms to those that focused on health-related

topics. The second set of keywords correspond to ML techniques,

such as regression, classification, and prediction. We applied each

query to the titles and abstracts of the publications. The queries for

this study are available in Supplementary Appendix A.

Study selection
Two team members (LMS and ZY) independently evaluated the eli-

gibility of publications. They first screened the publications by ex-

amining the titles, abstracts and methods, and then obtained eligible

publications through reading full text. Disagreement was resolved

by discussion with the third team member (BAM).

Data collection and analysis
The data that were documented for each eligible publication in-

cluded the objectives, methods, environments, problems investi-

gated, language, and dataset (see Table 1). A narrative synthesis of

all eligible studies was conducted and organized with respect to (1)

research questions, (2) ML methods, and (3) scientific findings.

While the first perspective showed applications of UGC in health-

care research, the second perspective provided insights into current

research methods and challenges when processing and analyzing

UGC using ML. The third perspective demonstrated what can be

learned from UGC regarding personal health issues.

RESULTS

Figure 1 illustrates the process of identifying eligible publications.

Initially, our queries returned 3315 publications. We removed 534

duplicate publications and entries that were either workshop articles

or not original studies in their own right, such as letters to editors,

proceeding summaries, and descriptions of keynotes. Two team

members read the abstracts and titles separately, leading to the re-

moval of 2228 publications and retention of 553 publications for a
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more in-depth review. After examining methods and accounting for

the aforementioned inclusion and exclusion criteria, 173 publica-

tions were retained for further inspection. We excluded 2 studies for

which we could not obtain access to the manuscripts. After the full

article review, 66 additional publications were excluded because ei-

ther (1) they failed to perform content analysis or (2) health care

was not their primary focus. During this process, the 2 team mem-

bers disagreed on 10 publications, for which the third team member

broke the ties and recommended inclusion of 6 of them. Finally, 103

publications were included in the systematic review. Table 1 sum-

marizes the publications with respect to their objectives, methods,

dataset sizes, environments and posting languages, and investigated

health issues.

Online platforms and languages
The choice of the social media platforms varied but was mostly

dominated by Twitter (38 studies), Facebook (8 studies), Reddit (7

studies), and other OHCs (33 studies). There are 3 studies that ex-

amined the messages generated in patient portals. Most posts were

published in English (89 studies). Other posting languages included

Chinese (7 studies), French (3 studies), German (1 study), and Rus-

sian (1 study).

Personal health discussed in UGC
We summarized the research problems along 5 categories. The first

is characterizing health issues and patients. These studies aimed to

identify health problems, symptoms, and treatments,14,22,50,61,63–

65,68,70,78,94,101,107,116,119,123 as well as classify users into treatment

vs control groups (eg, users with or without mental ill-

ness)5,48,58,62,66,70,71,79,85,92,93,100,102,114,119,122,125. The second is

predicting the occurrence of a health issue (eg, sui-

cide),23,35,36,62,76,80,91,98 including learning posting patterns (eg, lan-

guage and writing styles) and their capability of predicting a health

issue or event (eg, anorexia, depression, undergoing sur-

gery).21,33,36,37,59,60 The third is investigating the correlation be-

tween posts about a health issue on social media and reports from

authorities (eg, infectious disease).46,88,99,117; The fourth is charac-

terizing pharmaceutical usage, including drug identification, ADRs,

trends of drug usage, and drug abuse or addiction.56,74,86,89,109,111

The fifth is detecting sentiments or emotions. These studies focused

on sentiment classification, characterizing emotions when coping

with a major health event (eg, postpartum depres-

sion)31,56,74,75,87,90,105,106,124,126 and their impact on users’ online

posting behaviors.72,113

UGC processing and analysis using ML
Data collection. The datasets applied in these studies were mainly

created through 3 methods: (1) snowball, (2) funnel, and (3) random

sampling. In the snowball method, a small study cohort is carefully

constructed following certain criteria and then is expanded based on

their online social connections (eg, followers in Twitter, or post

responding relationship in OHCs).49,127 By contrast, the funnel

method begins with a large dataset and excludes samples based on

criteria defined by investigators or domain experts.23,35,36,57,62,76 In

random sampling methods, a dataset is randomly selected from an

initial collected dataset.14,15,70

Creating a gold standard dataset. Lacking explicit clinical

knowledge (eg, health status or treatment history), the data collected

from online environments have to be annotated before further anal-

ysis. There are 3 strategies that were commonly adopted in these

studies: (1) manual annotation, which promises a certain degree of

accuracy, but has limited scalability35–37; (2) using keywords or pat-

terns to filter dataset, which is fast, but occasionally inaccurate and

biased to the predefined rules30,32,33,57,121; and (3) data-driven

methods, in which ML models are first trained on a small number of

labeled records and then, subsequently, applied to label an unanno-

tated dataset in a scalable manner.4,14–16,18,33,69,96,104,127

Feature engineering. There were 4 main types of high-level fea-

tures that were applied in these studies: (1) post summary statistics

(eg, post length, time of publication, number or frequency of

posts)31,38,54,57; (2) linguistic features, which can be further charac-

terized into 4 subtypes—term-based features (eg, a bag of words or

n-grams [of words or characters]),15,39,45,47,65 grammar-related fea-

tures (eg, parts of speech or dependency structure),14,39,47 features

based on dictionaries (eg, synsets, drug-slang lexicons, ontolo-

gies),43,44,54,67,86,93,120 and topics (eg, word clusters based on either

clustering algorithm or meaning extraction method, topics extracted

using latent topic modeling methods [eg, Latent Dirichlet Alloca-

tion], and predefined semantic vocabularies [eg, Linguistic Inquiry

and Word Count)24,33,54,60,62,81,87,101,108,127; (3) sentiments and

emotions, including scores calculated through applying ML models,

and emojis14,31,34,43,57,127; and (4) geographic location.74

Due to the high dimensionality of natural language, various

processing techniques were applied to detect signals or reduce noise.

This included using the odds ratio of features in treatment vs control

groups, frequency analysis, and feature selection.5,33,38,49,56,69,70 Re-

cently, dense dimensional representation of words (eg, word2vec)

has proven effective in building classifiers for short text.4,15,16,18,124

In addition, many studies combined different types of features to im-

prove model performance.15,31,40,46,51,60,86

Models. The ML methodologies in these studies were summa-

rized based on their purpose into classification (67 studies), predic-

tion (8 studies), content analysis (23 studies), sentiment analysis (9

studies), and other analysis (12 studies). It should be noted that we

use the term prediction to refer to the models that applied informa-

tion in the past to predict health outcomes or events in the future.

Most reviewed studies adopted off-the-shelf models for either classi-

fication or prediction tasks. Logistic regression (with lasso or ridge

regularization, 22 studies), support vector machines (18 studies), na-

ive Bayes (17 studies), and ensemble learning (eg, random forests

and adaboost; 12 studies) were the 4 most common models. Deep

learning, though recently introduced, is rapidly becoming a popular

technique in this domain (11 studies). In addition, 5 investigations

proposed customized models to solve their specific research prob-

lems. Understanding and analyzing UGC often relied on unsuper-

vised learning and analytical techniques. Clustering and topic

modeling (23 studies) were the most common content analysis meth-

ods in these studies. Other analytical techniques included negative

binomial regression,49,84 survival analysis,23 linear mixed-effect

models,59 and causal inference.72

Research findings about personal health
We grouped the findings of these studies by the investigated health

issues: cancer, eating disorder and sleep issues, mental health, vac-

cines, and others. It should be noted that mental health and cancer

were the 2 most popular studied health issues, and were investigated

in 39 and 15 studies, respectively.

Mental health. Relying on predefined semantic vocabularies,

studies showed that users with mental health problems (eg, postpar-

tum depression) in online environments (eg, Twitter,
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Facebook, Reddit) often expressed negative feelings and emotions,

such as hopefulness and anxiety,36,49,55,96 and exhibited lower social

engagement and activity.21,36,37 The posts of these users contained

different psycholinguistics, writing and linguistic style, and poor lin-

guistic coherence.51,55,76 A general analysis on posting frequencies

showed that social media has witnessed an increasing proportion of

posts of medium and high mental illness severity.73 Additionally,

such changes, or the increasing number of posts about mental health

problems, might be triggered by a major event. For instance, a study

showed that the number of posts about suicide in Reddit increased

after reporting a celebrity suicide.22 Finally, a study showed that

communications between users in suicide message boards, including

active listening, sympathy, and provision of constructive advice,

could improve the psychological content of UGC about their mental

health.82

Cancer. Patients with cancer wrote about their symptoms, in-

cluding pain, fatigue, sleep, weight change, and loss of appetite.81,87

Moreover, patients talked about medications, daily matters, per-

sonal lives, and nutrition, as well as the complications they experi-

enced after a procedure or taking medication.52,83,87,119 The topics

varied by cancer stages. For example, breast cancer patients in early

stages tended to discuss their diagnosis, while patients in late cancer

stages tended to establish online connections with others.119 Fur-

ther, cancer patients expressed their emotions in OHCs, which asso-

ciated with different health-related behaviors (eg, stopping or

completing hormonal therapy).4 Other studies analyzed replies to

posts of cancer patients and found that the sentiment of replies can

influence others’ sentiment, particularly the originators of discussion

threads.31,43,72,128,129

Eating disorder and sleep issues: Social media analysis helped

identify the characteristics of users with eating disorder or anorexia,

including young age, high social anxiety, self-focused attention,

deep negative emotions, and increased mental instability.60,77,115

Some Reddit or Tumblr users with anorexia showed signs of

recovery in their posts,23,60 while others who exhibited eating disor-

der showed signs associated with their body image using #hashtags

in Twitter.77,115 Additionally, Twitter users with insomnia or sleep-

ing problems made fewer connections to others and were less active

in general, but were relatively more active at some specific times (eg,

during sleep hours).32,130

Vaccines: Social media users expressed their opinions and atti-

tudes toward vaccines. Studies found differences in the posts pub-

lished by users who were anti-vaccine and users who were pro-

vaccine. For example, through examining the language, studies

found that anti-vaccinators on Twitter tended to use more direct

language and exhibited more negative opinion and anger compared

with the pro-vaccine posts.69,97,127 A study suggested that surveil-

lance of anti-vaccine opinion may help understand the driving fac-

tors of negative attitudes toward vaccines.127

Other health issues: Studying trends and detecting infectious

diseases, such as fever, influenza, and systemic inflammatory re-

sponse syndrome (SIRS), have been investigated exten-

sively.46,54,88,99 While some studies investigated mentions of

medications on social media and found that users talked about

medication abuse and outcomes,56,74,86 other studies found gen-

eral health topics that users posted about themselves.53,103 For in-

stance, through a content analysis, studies found that users in

WebMD, PatientsLikeMe, YouTube, and Twitter talked about

diagnoses, symptoms, feelings, and emotions, and the related

therapeutic techniques.41,42,108,110 Further, it is showed that

users in Twitter and OHCs discussed chemicals, drugs and their

efficiency, complications, and ADRs.41,56 In autism OHCs, users

who were mainly parents wrote about behaviors, needs, concerns,

and treatments that their kids or themselves experienced in daily

life.57,70,118 Finally, a study using deep learning models showed

that UGC in Flickr can be applied to detect attempts of self-harm

by inspecting changes in patterns of language, platform usage, ac-

tivity, and visual content.114

Figure 1. Illustration of the steps used in the literature search.
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DISCUSSION

The majority of the reviewed studies demonstrated that UGC in on-

line environments can be effectively applied to learn about personal

health via ML. Our investigation suggested that UGC can be utilized

to learn factors related to personal health that are rarely recorded in

EMR systems. For example, with the help of ML techniques, UGC

can be a useful data source to extract people’s opinions, sentiments

and emotions, coping strategies, and social support regarding a

broad range of health issues (eg, cancer and mental health). This is

significant because these factors can potentially influence a person’s

health-related behavior, confirming the importance of UGC in de-

scribing an individual’s health. However, despite its notable advan-

tages, UGC in online environments also brings challenges.

Clinical creditability of UGC: First, a majority of the studies as-

sumed that what people claimed about their health status is credible.

Yet this assumption might not be true. For example, 5 studies indi-

cated that their findings did not correspond to a clinical diagnosis

and the credibility of the findings depended on the reliability of the

information posted by users.23,48,81,96,130 Only 1 study investigated

a cohort with health status confirmed with medical records.46 Two

other studies applied a Patient Health Questionnaire Depression

Screening tool to detect users with depression.21,37 By contrast, stud-

ies that investigated UGC in patient portals were discovered in the

initial search, but only 3 met our inclusion criteria.42,95,112 This sug-

gests that there is a need for research that bridges the gap between

the EMR information collected during clinical encounters and the

patients’ health information outside the clinical environment. Ana-

lyzing UGC and aligning the findings with EMR data may empower

patients and provide clinicians with a more complete version of their

health and life.

Challenges in Processing UGC: Second, the ML models applied

to UGC have to deal with linguistic complications in the analysis of

natural language text (eg, misspellings, jokes, humor, metaphors,

ambiguity, sarcasm, grammar errors and emotions). For example,

Twitter, as an all-purpose social media platform, is used to commu-

nicate various topics beyond one’s personal health. Many studies ap-

plied keyword filtering or ML based methods to filter tweets for

further analysis. While OHCs contain more health-focused discus-

sion, these methods still need to be applied to extract particular

health outcomes or events. For example, certain studies applied a

combination of keyword searching and ML models to extract medi-

cation discontinuation events from the online discussion board in

breastcancer.org.4,16,18

Further, 37 of the reviewed studies suffered from selection bias

caused by the 3 summarized dataset creation methods. For instance,

it is not uncommon for Twitter users to misspell a complex medical

keyword (eg, writing tamoxfen instead of tamoxifen) or to use lay-

man terms to describe health conditions (eg, using high blood pres-

sure to represent hypertension). Keyword filtering could hardly

capture all of these variations. The ML-based method exhibited a

high precision, but it missed mentions that failed to follow the pat-

terns incorporated into the models. Additionally, manual annotation

was often applied to identify a small study cohort from Twitter or

OHCs, which might not be able to represent the study population.

Other biases caused by the nature of online environments include se-

lection bias due to an individual’s willingness to share online infor-

mation and sampling bias (eg, analyzing only active users or specific

users such as adult patients and healthcare providers).

Interpretability of models: Third, while there is an increasing

body of research in this area that applied deep learning models to

improve model performance instead of interpretability, most of the

reviewed studies applied classical off-the-shelf models (eg, linear

and logistic regression) and dedicated more effort on feature engi-

neering. There were 3 major types of content-related features in

these studies: (1) term-level features (eg, n-gram characters or

words), (2) topic-level features (eg, topics, word clusters or semantic

groups), and (3) sentiments or emotions. Interpreting sentiment or

emotion features is straightforward because their values represent

the magnitude of positivity in UGC. However, interpreting values of

term-level or topic-level features is more challenging. For example,

the coefficient of a topic in a logistic regression represents the rate of

change in the log-odds when the distribution of the topic changes 1

unit. However, the 1-unit increase of a topic is often problematic in

its interpretation for several reasons. First, it is difficult to explain

what is 1-unit increase of a topic. Second, and perhaps most impor-

tantly, when a patient mentions a notable issue, such as a side effect,

they might merely be indicating that there were no side effects expe-

rienced when taking a medication. Hence, there is a need to establish

a more interpretable feature representation for training interpretable

models, such as accounting for negation, building more robust topic

models, and directly measuring health severity or emergence from

text.

Application in Practice: Fourth, it is challenging to apply ML

results in practice to benefit both patients and healthcare providers.

For example, who is responsible for continuously monitoring a

patient’s posting behavior? Some studies suggested that on Reddit,

the moderators can monitor such behavior and help direct in-time

psychological services for users with potential mental health prob-

lem.49,76 We believe that it will be fruitful for health care once an ef-

fective way is established to connect patients, platform moderators,

and healthcare providers to solve this issue collaboratively. Finally,

it should be noted that it is worth investigating the discrepancy be-

tween the information that a patient receives from their healthcare

professionals and that from the online environment. Doing so pro-

vides insight into the extent to which the information patients re-

ceive in online settings reinforces or conflicts with their doctor’s

guidance.

Limitations
There are several limitations in this systematic review that we wish

to acknowledge. First, we included many ML-related keywords in

the search queries to cover as many related publications as possible.

However, this process might miss some studies that failed to men-

tion such terms. Second, we removed 345 workshop articles before

screening eligible publications and 2 after full article review, which

could be considered in future review. Third, we removed many stud-

ies that focused on public health and ADRs but neglected to investi-

gate or discuss personal health. In addition, some studies that

investigated immunizations and performed opinion mining were ex-

cluded because there was no further investigation on their impact on

personal health. Finally, the ethical and privacy concerns of using

ML methods to UGC is an important consideration,131 but was be-

yond the focus of this systematic review.

CONCLUSION

This systematic review summarized how ML has been applied to

UGC in online settings to study personal health issues. We specifi-

cally focused on the information that social media users shared

about their health to seek information and support and to express
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opinions. While the findings of the reviewed studies (eg, creating

study cohort, extracting sentiments and emotions, predicting depres-

sion, learning about cancer treatment experience) suggested that ML

for the analysis of health information in online environments has ad-

vanced and achieved certain benefits, there remains a variety of chal-

lenges that need further investigation. These include, but are not

limited to, the ethical aspects of analyzing personally contributed

data, bias induced when building study cohorts and dealing with

natural language, interpretation of modeling results, and reliability

of the findings.
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