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Abstract

Background: The use of socia media data to predict mental health outcomes has the potential to allow for the continuous
monitoring of mental health and well-being and provide timely information that can supplement traditional clinical assessments.
However, it iscrucial that the methodol ogies used to create models for this purpose are of high quality from both amental health
and machine learning perspective. Twitter has been a popular choice of social media because of the accessibility of its data, but
access to big data sets is not a guarantee of robust results.

Objective: This study aims to review the current methodologies used in the literature for predicting mental health outcomes
from Twitter data, with afocus on the quality of the underlying mental health data and the machine learning methods used.

Methods: A systematic search was performed across 6 databases, using keywords related to mental health disorders, algorithms,
and social media. In total, 2759 records were screened, of which 164 (5.94%) papers were analyzed. Information about
methodologies for data acquisition, preprocessing, model creation, and validation was collected, as well as information about
replicability and ethical considerations.

Results: The 164 studies reviewed used 119 primary data sets. There were an additional 8 data sets identified that were not
described in enough detail to include, and 6.1% (10/164) of the papers did not describe their data sets at all. Of these 119 data
sets, only 16 (13.4%) had accessto ground truth data (ie, known characteristics) about the mental health disorders of social media
users. The other 86.6% (103/119) of data sets collected data by searching keywords or phrases, which may not be representative
of patterns of Twitter use for those with mental health disorders. The annotation of mental health disorders for classification
labels was variable, and 57.1% (68/119) of the data sets had no ground truth or clinical input on this annotation. Despite being a
common mental health disorder, anxiety received little attention.

Conclusions: The sharing of high-quality ground truth data setsis crucial for the development of trustworthy algorithms that
have clinical and research utility. Further collaboration across disciplines and contexts is encouraged to better understand what
types of predictions will be useful in supporting the management and identification of mental health disorders. A series of
recommendations for researchers in this field and for the wider research community are made, with the aim of enhancing the
quality and utility of future outputs.
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Introduction

Background

The detection of signals of mental health through big datais a
rapidly evolving field of research that requiresinterdisciplinary
expertise, from the behavioral psychology of mental health, to
communication science, to the computational modeling of
associated behaviors using data [1]. Social media has been a
popular platform for accessing data to investigate these digital
signals[2,3] and has provided a promising opportunity to model
individual and interpersonal behaviors to further understand
typicaly private topics such as hate speech [4] and political
ideation [5] aswell as mental health. Although thereisarange
of possible socia media platforms that could be used for
analysis, Twitter has been apopular choicefor research because
of its public-facing design and readily available application
programming interface (API), which, until recent changes to
the Twitter API, have enabled easy access to data for research
[6.7].

Currently, mental illness is one of the leading causes of the
overall global disease burden [8], with depression estimated to
be one of the most prevalent diseases worldwide [9]. The
implications of mental ill health are profound on both a micro
and macro scale, from personal relationships to the global
economy [10,11]. Asaresult, there has been increasing interest
in the potential of data-driven methods to provide a new
approach to the early detection and prevention of mental health
disorders [12-16], particularly for young people [13], which
could serveto promote accessto mental health care and improve
opportunities for clinical or self-monitoring. The use of data
created through day-to-day technology use could even contribute
to clinical assessments by headlth care professionals, who
typicaly use questionnaire-style diagnostic tools that can be
biased by a patient’s retrospective recall [17] and so cannot
always provide an accurate overview of a patient’s well-being
for weeks, or months, at a time. Additional benefits of using
social media data are the ability to collect data on populations
with lesscommon mental health disorders such as schizophrenia
or posttraumatic stress disorder (PTSD), which isgenerally not
possible outside aclinical environment.

Themes From Previous Reviews

There has been a series of reviews on the topic of mental health
inference from social media, all of which have focused on a
range of social media platforms. The key reviews identified
were by Wongkoblap et a [7] in 2017, Guntuku et al [18] in
2017, Chancellor and De Choudhury [19] in 2020, and Kim et
al [20] in 2021. Despite the potential for digital footprint data
to drive advances in the monitoring and detection of mental
health outcomes, previousresearch and reviewsin thefield have
raised substantial concerns about the current literature. These
concerns center on the validity of ground truth mental health
data, methodological clarity, and the ethics of the research and
its proposed applications.
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First, there have been concerns about the quality of the data
used to train models for mental health inference owing to poor
construct validity in the generation of datalabels[7,19,21]. For
machine learning to be effective, the labels that a supervised
learning agorithm should be “learning” from (ie, the ground
truth) should represent the same construct that the researcher
intends for the model to predict in the future; construct validity
refers to this eguivalence between the label and the construct
to be predicted. Systematic reviews by both Wongkoblap et a
[7] and Chancellor and De Choudhury [19] found that using
mentions of mental health disorders and affiliations was a very
common method for constructing data sets. This means that
studies use data setsfor training that are constructed and labeled
based on mentions of mental health disorders in tweets (eg, a
user tweeting “| have depression”) or based on affiliations with
accounts about a specific disorder (such asfollowing an account
that tweets about experiences of PTSD) [7,19], which both make
assumptions about usersrather than having externally validated
information about whether the user does actually have amental
health disorder. Research by Ernala et a [21] showed that,
although positive cases identified through affiliations and
mentions of disorders led to fairly good performance for
schizophrenia prediction when validated on the same data set,
they performed poorly when validated against a separate data
set where diagnoses had been assigned by clinicians. The poor
performance of model s using assumed ground truth information
when tested on clinically validated ground truth suggests that
the construct validity of using mentions of disorders and
affiliations as the ground truth islikely to be unsatisfactory for
transferring models to a rea-world setting, although model
overfitting is another potential issue to consider. Chancellor
and De Choudhury [19] found that only 17 of the 75 studies
they included used methods to obtain ground truth that had
validity externa to the training data set, such as from
participants themselves, news reports of their deaths, or their
medical records.

In addition to concerns regarding the data being used to train
models in the literature, previous reviews [20] have aso
identified alack of transparency and clarity in the methodologies
used to produce models. It is common for researchers not to
declare important details such as the features included in their
models[19], and it isalso uncommon for researchersto include
data availability statements [7,22]. The review by Chancellor
and De Choudhury [19] found that only 42% of the 75 papers
included reported on al 5 of what they considered to be
minimum reporting criteria, which were the number of samples
or data points, the number of variables or features, the algorithm
or regression chosen, at least one validation method, and their
explicit fit or performance metrics. Overal, the lack of clarity
and transparency makes it difficult to assess how research has
been conducted and, therefore, compare results between papers
and determine the quality of research methods [20].

Aligned with concerns about the sourcing of ground truth data,
another issue that has been raised is the characterization of
mental health in general, recognizing that the mathematical
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modeling of a psychological construct requires making
assumptions about the way it can be captured as data [23]. For
instance, representing mental health outcomes as binary implies
certain assumptions about the way the researcher has chosen to
model mental health as a construct, which does not allow for a
range of symptom severity or for the possibility of comorbidity,
whichisgenerally high among common mental health disorders
such as anxiety and depression [24,25]. This is then reflected
in whether the task is posed as a classification or regression
problem.

There are al so assumptions regarding the decision on the nature
of the target of an analysis. Chancellor et a [24] conducted a
discourse analysis of the waysin which researcherswrote about
the people behind the data being used in mental health inference
from social media and found that it was often unclear whether
the research considered people or individual tweets as unwell.
Papers classifying individual tweets sometimes stated their
results as classifying the mental health of a user when in fact
they were classifying individual tweets. Notwithstanding that
thereisaconsiderable assumption in using asingle tweet asan
indication of depression, this also makes it challenging to
understand both the analysis and the results of the proposed
models, as what is being predicted—tweet or individual
outcome—is unclear or not reported at all.

Finally, all previous reviews have highlighted ethics as an
ongoing concern. The ethical concerns generally refer to the
privacy of the individuals whose data are often being used
without their knowledge or consent, the sharing of data setsthat
contain inferred information about those individuals (eg, a
suspected mental health disorder), and the implications of
sharing models that could publicly infer information about
individuals who had no association with the original study.
Outside the research itself, there are outstanding questions
regarding the ethics of using the proposed systemsin practice,
such as the impact of misclassification on patients [18]. It is
worth noting that these ethical concerns are also an ongoing
discussion in the critical algorithm literature [26,27].

The Purpose of This Study

The most recent systematic review that covered all papers
published on the topic of predicting mental health from social
media sites was the review by Chancellor and De Choudhury
[19] in 2020. They proposed a list of modeling decisions and
outcomes that should be reported in al studies to improve
methodological clarity in response to their findings of
insufficient method reporting across 57% of the 75 included
studies. This review included literature up to 2018 and
considered research on arange of 12 social media sites.

Since this review took place, there have been 4 years of new
literatureto account for. In thistime, there has been asubstantial
trend in the sciences, especially psychology, toward open
science and the improved sharing of data and methodological
decisions fueled by the so-called reproducibility crisis[28,29].
Ethical concerns have also received greater attention in the past
few years, especidly in fields using social media data, in the
wake of the Cambridge Analytica scandal. The scandal, which
brokein 2018, revealed that millions of people’'s Facebook data
were used to analyze and infer their personal characteristicsfor
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political advertising without their consent. Given these wider
cultural changes, the time since previous reviews, and also the
opportunity for recommendations from previous reviews in
2017 [7,18] to have been incorporated into new research, we
intended to provide an updated review in the area of mental
health inference from social media. Specifically, this review
focused on the socia networking site Twitter asit includes the
period in which research access to the Facebook and Instagram
APIs, 2 of the most popular social media sites, was removed to
provide tighter controls on user data. No such controls were
implemented on Twitter.

In this review, we set out to understand the current scope,
direction, and trendsin the prediction of mental health outcomes
from Twitter data. We conducted a review of the existing
literature on the prediction of mental health disorders and mental
well-being from Twitter by implementing a systematic search
to find papers published between January 2013 and December
2021. Our aimswere similar to those posed in previous reviews
[7,218,19] in that they focused on methodological processes
rather than the results of the research. We set out to evaluate
(1) the machine learning methodol ogies used, such asthe ways
in which preprocessing, feature selection, modeling, and
validation were conducted; (2) the data sets that were used in
each study, such as how the data sets were collected and how
mental health outcomes were labeled in these data sets to
achieve construct validity; (3) the replicability of each study;
and (4) whether each paper discussed any ethical considerations.

Uniquely, this review aimed to include well-being constructs
aswell asmental health disorders and also aimed to understand
methods to construct data sets as separate from the methods to
model mental health, which allowed for the analysis of the
prevalence of data set reuse and popularity.

Asiscrucia ininterdisciplinary work, wefirst wish to establish
ashared understanding with the reader of the use of terminology
throughout this paper [30]. Here, we take “prediction” to be an
algorithmic decision to assign an unseen piece of data to a
category (eg, depressed or not depressed) without meaning
prediction of thefuture[31]. We also make distinctions between
mental health and amental health disorder, with theterm mental
health disorder reserved for references to a medical condition
and being separate from but related to general mental health
and well-being [32,33]. Mental health outcomes refers to both
mental health disorders and specific well-being constructs (eg,
genera well-being, happiness, life satisfaction, or self-esteem).

Methods

Search M ethodology

On May 7, 2019, and with 2 updated searches on October 26,
2019, and December 6, 2021, we conducted a search of 6
electronic databases (Web of Science; Scopus; PubMed; and
Ovid MEDLINE, PsycINFO, and PsycArticles), as well as a
Google Scholar Search. The search was for peer-reviewed
articles or papers that contained terms related to mental health
disorders and well-being, machinelearning, and Twitter in their
titles or abstracts (see Multimedia Appendix 1 for the full list
of search terms). The search terms for machine learning and
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mental health were developed by initially putting together alist
of mental health disorders and synonyms for “mental health
disorders,” such as“mental illness,” or referencesto algorithmic
methods; reviewing previous systematic reviews in this area
for missed keywords; and presenting the results to colleagues
who work in mental health and machine learning for feedback
on the included terms. Each search was refined for the
requirements of the database. The results were required to have
been published in 2006 or later to avoid unrelated publications
from before Twitter was created.

Several key review papers in the field of mental health
prediction from social media were identified before the
systematic review [7,18,19,34], and 16 other review papersin
related fields were identified through the systematic review
process [20,35-49]. Secondary citations from all these reviews
were included in the screening phase if they had not already
been identified through the database search. Relevant articles
from the Workshop on Computational Linguistics and Clinical
Psychology (CLPsych) conference proceedings (2014-2021)
were also included if they had not aready been identified.
Finaly, a small number of papers were identified through
recommendations from colleagues and the referencing software
Mendeley (Elsevier), which were added to the database search
results to be screened for duplicates and relevance.

Screening M ethodol ogy

The Rayyan software (Rayyan Systems, Inc) [50] was used to
identify and remove duplicates from the results and review the
titles and abstracts to screen papers for a full-text review. At
this stage, papers that appeared to be irrelevant, for instance,
related to personal social networks as opposed to web-based
socia networks or having no relevance to mental health, were
removed. We al so removed conference abstracts and theses but
did include papers from conference proceedings and workshop
tasks as these are a common format for developments in the
computer sciences.

A full-text review was then conducted of the remaining 650
papers. At this stage, theinclusion criteriawere asfollows: (1)
the study considered data from Twitter to build the algorithm
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(despite being similar to Twitter, Weibo was excluded because
of some differences in the data types available and the nature
of use); (2) the study did not consider aspecific group of people,
such as veterans or new mothers; (3) the study considered a
mental health disorder or specific well-being construct rather
than a less specific concept such as stress (this was based on
the paper’stitleand what it stated it predicted); and (4) the study
trained amodel for the purposes of inference rather than solely
analysis of features.

This full-text review left 164 papers that met the criteria for
inclusion in the analysis.

Data Collection

The literature search, screening, and analysis were completed
by ND. Details recorded for each study were the mental health
outcome studied, machine learning algorithms used, features
and model input, validation and evaluation strategies, and the
reported results. For each primary data set identified, meaning
those where data were collected by the research team and not
reused from an existing study, we also recorded the method of
data collection, the key characteristics of the data set, how the
data were annotated, and any quality control processes used. A
complete record of the identified and reviewed papers is
included in the web-based Multimedia Appendix 2. The full
data extraction details are provided in Multimedia Appendix 3.

Results

Overview

Figure 1 illustrates the number of papersincluded at each stage
of the screening process.

Table 1 showshow many of the papersincluded were published
in each year and shows that 45.7% (75/164) of the papers
identified on thistopic were published from 2019 onward, which
isafter therange of datesincludedin previousreviews. Overall,
of the 164 papers, 96 (58.5%) were from conference
proceedings, 56 (34.1%) were journal articles, and 13 (7.9%)
were from workshops.
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Figure 1. PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) flow diagram of inclusion and exclusion figures for the

literature search.
Records identified through Additional records identified through other sources,
database searching such as Google Scholar or recommendations
n=3966 n=123

l i

Records after duplicates removed
n=2758

!

Records screened R Records excluded
n=2758 n=2108

Full-text articles excluded, with reasons:

Full-text articles 5 - Notabout mental health
assessed for eligibility - Focused on specific populations
n=650 - Not using Twitter
- Analysis rather than inference
n=486

Studies included
n=164

Table 1. The number of papersincluded in the review that were published each year (N=164).

Year Papers, n (%)
2013 3(L8)

2014 6(3.7)

2015 11(6.7)
2016 7(4.3)

2017 16 (9.8)
2018 13(7.9)
2019 33(20.1)
2020 36 (22.0)
2021 39(23.8)

prediction, although 15.9% (26/164) of the studies considered

Mental Health Outcomes Predicted more than one mental health disorder.

Figure 2 outlines the network of mental health disorders that ) ) . )

the included studies covered. It illustrates that depression was ~ 19ure 3 shows that there has been an increase since 2019 in
the most common target and was predicted in 56.7% (93/164) the number of studies being published on this topic, but they
of the studies, followed by suicidality (50/164, 30.5%), PTSD &€ dominated by siudies on depression and, to some extent,
(14/164, 85%), and anxiety (13/164, 7.9%). It was most suicidality. The analysis of other disorders has remained fairly

common for studies to approach this problem as asingle-class  St@ic or declined over time. Although there is an overall
tendency to focus on mental health disorders, there was a study

that included the prediction of happiness and self-esteem [51].

https://www.jmir.org/2023/1/e42734 JMed Internet Res 2023 | vol. 25 | e42734 | p. 5
(page number not for citation purposes)

RenderX


http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH

Di Caraetd

Figure 2. Network diagram showing which mental health disorder (pink) each study (blue) attempted to infer. Depression and suicidality were the
most popular, with most studies attempting to predict a single outcome. ADHD: attention-deficit/hyperactivity disorder; BPD: borderline personality
disorder; OCD: obsessive-compulsive disorder; PTSD: posttraumatic stress disorder; SAD: seasonal affective disorder.
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Figure 3. The number of studies considering each mental health disorder by year of publication (for disordersincluded in >2 studies). BPD: borderline
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Data Sets

Overview

One of the aims of this review was to analyze the unique data
sets that were used for prediction of mental health outcomes
across the included studies. Overall, we identified 127 unique
data sets from 164 papers included in this review, which we
will refer to as primary data sets; 6.1% (10/164) of the papers
did not provide adescription of the dataset. Of these 127 unique
data sets, 8 (6.3%) were not described in enough detail for
analysis. Thiswas usually dueto linksto data set sources being
invalid or links to web-based data sets that were not actually
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described in the text. This left 119 unique data sets that
contained enough details to be analyzed.

All the studies identified in this review (164/164, 100%) used
an annotated data set to train the prediction models. Annotation
refers to the process by which each observation or data point
that will be used to train the model is given an outcome that the
model is trained to predict. In this case, the annotations were
expected to be amental health outcome.

Different studies took different approaches to the process of
collecting and annotating their data sets, and in this section, we
provide an overview of these processes for the 119 data sets
that were adequately described. Then, as some studies used
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primary data sets that were devel oped and shared by others, we
also provide a brief description of the data sets that were most
commonly reused.

Descriptions of Data Collection

To understand the approaches to data collection, we recorded
whether the description of the data set specified the number of
tweetsincluded in thefinal data set, how many individual users
were in the data set, the period over which Twitter data were
collected, the API or tool used to access the Twitter data, and
the search query or strategy used to collect the data. These were
chosen as they represent basic descriptive information that is
important for interpreting the results of the studies and also
represent reasons why some studies may find differing results.
For example, using data from different periods, different APIs,
and different search queries to access data would result in
different samples, and these may then yield different predictions
when addressing the same core question.

From the descriptions of the 119 data sets included, we found
that 57.1% (68/119) of the data sets included the number of
usersinthedataset, 79.8% (95/119) included how many tweets
were in the data set, 55.5% (66/119) included the period over
which the data were collected from Twitter, 69.7% (83/119)
included which API or tool was used to access the Twitter data,
and 90.8% (108/119) included the search strategy they used to
query the API. The smallest described data set was that of
Codllo-Guilarte et a [52] with 200 annotated tweets, and the
largest was that of Shen et a [53] with >300 million tweets
from users they determined to be depressed and 10 hillion
control tweets.

Annotating Mental Health Outcomes

Next, we recorded information on how the datawere annotated
using mental health labels. This included the method used to
attribute |abelsto the tweets or users and whether there was any
secondary quality control conducted by human annotatorsif an
automated method was used. In addition, we eval uated the range
of methodsthat were used to devel op control samples of tweets
or users who did not display the mental health outcome that
was being predicted.

We originally intended to al so record whether annotations were
being made at the tweet or user level, but unfortunately, it was
not common for studies to specify which of these approaches
they were taking, and so it was not possible to summarize the
frequencies observed in the papers reviewed.

As Table 2 illustrates, the data sets were annotated in many
different ways, but only 13.4% (16/119) of the data sets overall
werevalidated using offline ground truth. That isto say that the
label was not assumed from the data collected. Even within
those studies that did use validated scales for the ground truth,
they could define the threshold score for the presence of a
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disorder from the same scale differently. For instance, a Center
for Epidemiological Studies Depression Scale score of >30 or
>22 were both used as cutoff scores for the classification of
depressionin different studies. Owing to the variety of methods
presented, comparisons between studies could be between data
setsthat had very different definitions of the same mental health
outcome.

Of the studies using keyword- or self-disclosure-based
annotation, many (54/80, 68%) attempted to increase the
accuracy of by introducing human annotators to the process.
However, 3% (2/80) of the studies reported that annotators
found it difficult to decide on the category that tweets should
be placed in, especially when they were seen without the context
of other tweets from the same user [54,55]. To overcome this,
some annotated data sets used more than one annotator to assess
agreement between annotators or introduced a third annotator
to provide adeciding opinion on conflicting assessments [56,57].
As might be expected, there was generally a relationship
between the size of a data set and the level of quality control;
highly curated datawith |abel s produced by expertsand multiple
coders tended to be smaller in volume, and those using largely
automated methods were able to produce vast data sets with
little human input on the target classification labels.

Most studies (147/164, 89.6%) defined mental health asabinary
or categorical outcome as opposed to using a continuous scale
(9/164, 5.5%), and 4.9% (8/164) not specifying their methods
in enough detail to be certain. Thisisimportant as the outcome
being predicted indicates a different research question and,
ultimately, a different purpose, for instance, classification of
tweets that are “risky” or “not risky” in terms of suicidal
expression versus a longitudinal view of change in depressive
symptoms. This was largely influenced by the approaches to
datalabeling, where the presence of keywords or self-disclosure
does not alow for a measurement of symptom intensity and
instead necessitates a binary or categorical approach.

Asmost datasets (147/164, 89.6%) took acategorical approach
to mental hedlth, there were a variety of approaches to
developing a control sample. These included taking a random
sample of tweets from the Streaming APl on a particular day,
searching for aword or phrase (such as “the”’ or “today is my
birthday”) in the Search API and using the results as controls,
or simply using all the users who were not labeled as positive
from the original keyword or phrase search. In some instances,
studies conducted checksto ensure that there were no overlaps
between the positive and negative samples, but this was not
always stated as being the case. In terms of the balance between
cases and controls in the data sets, 2 main approaches were to
intentionally balance cases and controls [58-68], or to use the
chosen criteriato find the “ naturally occurring” number of cases
from their data set [6,53,55,64,69-71].
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Table 2. Overview of the different methods used to annotate data sets with ground truth labels.
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Ground truth type Description Count Qc? Examples
Validated®

Self-report Completion of astandardized mea- 12 N/AC User scored >30 in the CES-DY or CES-D
sure or disclosure of affected peri- score used as a continuous variable
ods by the individual

Secondary report News reports of death by suicideor 4 N/A Name reported in the media was searched
data donation by family following on Twitter for a user account
death

Data-driven®

Affiliation Theaccount either followed or inter- 2 N/A Accounts that had retweeted tweets from a
acted with a system or other ac- list of accounts about depression were anno-
counts known to be associated with tated as being depressed
the mental health disorder being
considered

Keywords A certain number or combinationof 51 Expert: 20; nonexpert:  User used the string “depress’ >5 timesin
keywords used to search the Twitter 18: none; 139 2 weeks, and their timeline was reviewed
AP believed to indicate the pres- by aclinical psychologist to confirm that
ence of the mental health disorder the assessment was reasonabl e (expert QC),

or the user used “depression” at least once
in atweet (no QC)

Self-disclosure A phrasesuch as“| havebeendiag- 29 Expert: 2; nonexpert:  String “I have been diagnosed with depres-
nosed with X" was used to search 14; none: 13 sion” was used without checking the context
the Twitter API and used to indicate (no QC), or the string “I have been diag-
the presence of the mental health nosed with depression” was used following
disorder verification by aclinical psychologist (ex-

pert QC) or acomputer science researcher
(nonexpert QC)

Sentiment label Some threshold was decided based 2 N/A Sentiment score of <—1 meant that the user
on a sentiment polarity score that was annotated as depressed
mapped it to a mental health out-
come

Other

Random sample A random sample of tweets was 5 N/A Tweets in a particular language were ac-
taken from the Streaming API or cessed from the Streaming API and annotat-
based on some other criteria, such ed assuicidal if the researcher thought they
asaparticular language being used, indicated suicidality
and screened for inclusion

Unknown Not enough information provided 14 N/A N/A

to understand the method for gener-
ating ground truth labels

3QC: quality control.

be\/alidated” refers to data annotations that were not assumed from the data collected and were validated by either the user themself or an external

source.
°NJ/A: not applicable.

dCES-D: Center for Epidemiological Studies Depression Scale.
& Data-driven” refers to annotations that were derived from the data collected from social media.

'API: application programming interface.

9Expert annotation was performed by those who were called expertsin the paper or who were reported as having some academic or practical background
in mental health practice. Nonexpert annotation was performed by anyone not in the Expert category, for instance, undergraduate students or computer
science researchers.

produced by Shen et al [53] for depression prediction in 2017
was used the most often at 14 times. The other most frequently
reused data sets were those produced by Burnap et a [72] in
2017 for suicidality (4 uses), by Jamil et a [73] in 2017 for
depression (3 uses), and by Vioules et a [74] in 2018 for
suicidality (3 uses). Another data set used in 2.4% (4/164) of

Data Set Reuse

Of the 119 primary datasetsidentified, therewere 2 (1.7%) that
were reused more often than others. The data set on depression
and PTSD, which was produced for the CLPsych workshop in
2015 [64], was used a total of 10 times, and the data set
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the studies despite not being created for mental health prediction
was the “sentiment140” data set. Thisis a Kaggle (a website
where individual s and teams can participate on the web in data
science challenges) competition data set where tweets are
labeled with their sentiment polarity.

Finally, the remaining data sets were crested by the authors for
their own use and occasionally reused by the same authors over
2 studies. In most cases, data sets were created specifically for
the task the study was focused on. These included data sets of
tweets in other languages, such as Spanish [52], Bengali [75],
Japanese [51], and Arabic [76], as well as English, which was
the most common language studied.

M odeling Wor kflows

Overview

After identifying thetraining data set, there aretypically aseries
of stagesto go through to devel op and assess a predictive model.

Di Caraet a

First, the researcher must prepare the data set for use (known
as preprocessing); select the features that will be used in the
model (known as feature selection); choose and apply an
algorithm to create amodel from; and then, finally, validate the
model to assess how well it performs on unseen data.

In summary, we found that 73.1% (120/164) of the studies
described at least some of their preprocessing steps, 83.5%
(137/164) described the features or feature selection process,
97% (159/164) described the algorithm or algorithms used, and
81.7% (134/164) gave some description of their mode! validation
process. Figure4 illustratesthat there has not been much change
in reporting standards since 2020, and in fact, the areas of
algorithm choice and feature selection have been reported in
fewer papers more recently. In the following subsections, we
report on the studies that did include this information by
summarizing the methodologies that were used across the
literature in each stage.

Figure 4. The proportion of studies that reported each of the stages of modeling that we considered, split into those published before 2020 (n=89) and

those published in 2020 or later (n=75).
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Preprocessing

When attempting to interpret textual data using computational
methods, it is typical to preprocess or clean textual data to
prepare them for feature generation and selection. These steps
tend to focus on making the text less noisy by removing data
that are unlikely to be useful in the predictive task, such as
stripping nonal phanumeric characters, removing stop words
(common or filler words), lemmatizing the text (transforming
words to their root), or tokenization (splitting sentences or
documents into separate tokens delimited by spaces).

However, for datataken from social media, some preprocessing
stages may be adapted to reflect the inherent meaning that, for
instance, nonal phanumeric characters and stop words contribute
to the text. These characteristics of text may also be expected
by some sentiment analysis algorithms such as the Vaence
Aware Dictionary for Sentiment Reasoning [77]. Another
consideration regarding internet language is the inclusion of
emoji in text. Emoji often have meaning in natural language
[78], and so their inclusion is likely to be relevant in textual
interpretation tasks.

https://www.jmir.org/2023/1/e42734
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Two main approaches were taken by the studies that described
their preprocessing stages (120/164, 73.1%) to Twitter’s native
language of interaction, such as hashtags and @-mentions. One
approach was to consider these part of natural language and
retain thisinformation in the tokeni zation stage by, for example,
replacing @-mentions with an @ symbol or URLs (or web
addresses) with the word “URL” [60,79,80]. Alternatively,
authors chose to tokenize the text in a more traditional manner
by removing all nonalphanumeric information [73,81-87].
Studiesthat included emoji astokensusually did so by replacing
the emoji with the word “emoji” [60,64,88] or with a unique
code for each emoji [53,79,86]. Othersremoved emaji atogether
from the text [89-91]. Variations in these preprocessing
strategies indicate that there are differences in the type of
information taken forward to the feature selection and modeling
stages.

Some preprocessing decisions that may have affected the
effectiveness of the subsequent model training processes were
rarely described. For instance, it isknown that personal pronouns
are a useful feature in the prediction of depression [82,92].
However, personal and other pronouns may be included in stop
word dictionaries (eg, the popular Natural Language Toolkit
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[93] stop word list) and, thus, automatically removed from the
training data before any feature selection or model fitting has
taken place. In addition, many of the data sets (80/119, 67.2%)
used keyword or key phrase search terms to find “positive”
cases for mental health disorders, but it was not made clear
whether the terms used to find the data were removed from the
training data set. For example, if theterm “depress’ used 5 times
identified a user as being depressed and this term was present
=5 times in the training data of every person who had been
labeled as depressed at the modeling stage, then the model may
learn that “depress’ isareliable signal for depression.

Features

To apply amachine learning algorithm to a data set, a series of
features (al so known as variabl es) have to be constructed. Most
studies (97/164, 59.1%) used some combination of each of the
feature types, as described in Table 3.

Di Caraetd

Overall, textua interpretation and textual featureswere the most
popular. In 43.9% (72/164) of the studies, at least one form of
textual interpretation was used, such as word embeddings
(numeric representations of textual data), and 76.2% (125/164)
used at least one type of textual structure, which tended to be
either n-grams (groups of n words that appear sequentially) or
term frequencies. The word embeddings used included
Word2Vec [94], GloVe [95], and Bidirectiona Encoder
Representations from Transformers [96], with further details
on the methodology used in each study available in the
web-based Multimedia Appendix 1. It isworth noting that data
sets built in languages other than English were often required
to derive their own preprocessing and feature selection tools
such as sentiment dictionaries or stop word lists because of the
lack of existing software and tools readily available in their
language.

Table 3. Overview of feature categories, the number of studies that used at least one feature from each category, and a description of the types of

features they contain (N=164).

Feature type Studies, n (%) Description
Text interpretation 72 (43.9)
Demographics 15(9.1)
Connectivity 35(21.3) |
mentions
Sharing (when) 25(15.2)
day
Sharing (what) 25(15.2)
Textual features and structure 125 (76.2)
models
Keywords 39(23.8)
Parts of speech 33(20.1)
Images 12(7.3)

Features interpreting the meaning of the text, usually through sentiment dictionaries
Known or algorithmically inferred demographic information

Features relating to the user’s social network, such as the number of followers or @-
Features relating to time, such as time between tweets, tweet frequency, or times of

Features relating to the type of content being shared, such as URLSs or retweets

Structural features of the text, such as TF-1DF? scores, bag of words, and language

Counts or distributions of keyword lists, such as medication names
Labeling parts of speech or grammatical features

Use of image data, such as profile pictures or shared images

3TF-1DF: term frequency—inverse document frequency; a statistic that reflects word importance across a group of documents.

Algorithms

Although different studies chose different approaches to
modeling the data, most (121/164, 73.8%) used well-recogni zed
algorithms such as support vector machines, naive Bayes,
tree-based al gorithms or regression. Table 4 showsthat support
vector machine appeared to be the most popular algorithm.
However, it was not aways the primary model and often
provided a baseline measure against more complex approaches
such as deep learning or as part of an ensemble learning
approach. Within regression, logistic regression tended to be
used, which reflects the categorical nature of most of the data

https://www.jmir.org/2023/1/e42734

sets. Deep learning approaches, for instance, convolutional
neural networks, have become relatively popular over time but
certainly do not form the magjority.

Although al but 2 studies (162/164, 98.8%) did describe the
machine learning algorithm they used to produce their final
model, too few studies went into sufficient detail on their
hyperparameter tuning processesto include detail in thisreview,
where hyperparameter tuning refersto the adjustments made to
the valuesthat control the model’s learning process. It was also
not common for studies to justify their choice of agorithm,
although the choices were appropriate.

JMed Internet Res 2023 | vol. 25 | 42734 | p. 10
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Table 4. The number of studies using each type of algorithm for at least one model (N=164).

Algorithm Studies, n (%)
Support vector machine 84 (51.2)
Tree-based 68 (41.5)
Naive Bayes 62 (37.6)
Regression-based 52 (31.7)
Deep learning 38(23.2)
Other? 55 (33.5)
Unknown 2(1.2

4 ncluded in the “Other” category are bespoke algorithms written for this problem [68,97] as well as less popular out-of-the-box options. Examples of
these are hidden Markov models [98], a Martingale framework [ 74], and complex decision lists [53,99].

Validation

Understanding the effectiveness of a machine learning model
allows usto evaluate how well the algorithm might generalize
to unseen data. Most often, 10- or 5-fold cross-validation was
used, as well as the area under the receiver operating
characteristic curve.

In total, 2 issues relevant to model validation were rarely
discussed or acknowledged in the papers. Given that some of
the data setswere designed to include asmall number of controls
in contrast to a high number of cases, some standard metrics,
particularly accuracy, are likely to overrepresent how effective
the algorithm is[100]. Second, the studies rarely clarified how
they stratified their data for training, testing, and validation.
Thishasimplicationsfor ng the potential for dataleakage
to create bias in the model’s effectiveness and has been shown
to be problematic in other applications of machine learning in
digital epidemiology [101], aswell as specifically creating bias
in cross-validation assessment of machine learning for mental
health [102].

Ethics

The consideration of ethics approval was assessed for a subset
of 61% (100/164) of the included papers as the presence of
ethics board approval or discussion of ethics by authors was
only included in the rubric for reporting on studiesin thisreview
for those studies found in the third search that took place in
December 2021. However, this still represents al studies
published in 2020 and later, from which point we had anticipated
that ethical considerations should be more prevalent given the
recent increase in general awareness of data ethics issues as
well as previous reviews suggesting that this was an area of
concern.

Overdl, we found that 85% (85/100) of the papers did not
discuss any ethical issues as part of their studies. In 11%
(11/100) of the papers, ethical issueswere discussed thoroughly
or ethics approval was granted. In 4% (4/100) of the papers, a
reference was made to ethics not being applicable to the study.

Although some studies (15/100, 15%) simply did not include
consideration of ethics, there were examples within this of
studies that directly contravened ethical guidance published by
both the Association of Internet Researchers [103] and the
British Psychological Society [22] regarding the use of internet

https://www.jmir.org/2023/1/e42734

data for research. This was generally by publishing tweets
verbatim, sometimes aong with the mental health annotation,
or by publishing usernames in the paper. In addition, at least
2% (2/100) of the studies developed web applications that
allowed a user timeline or tweet to be input and a prediction
displayed about whether that user was experiencing the mental
health disorder under consideration, although it was not always
clear whether these web applicationswere still operational. This
suggests that some research in this area was conducted by
researcherswith minimal training in research ethics and without
suitable institutional and governance oversight.

Itistruethat many studiesusing social mediadatado not require
ethics approval from ingtitutional ethics boards, largely as it
can be argued that they do not include *“human participants’ or
are using data that are publicly available on the internet [104]
(athough whether users perceivetheir dataas being for research
useisanother matter [105]). However, the nature of theresearch
topic means that ethics are an important and complex
consideration that should be at least acknowledged in the
presentation of research findings[26,27].

Replicability

Finally, we assessed the replicability of each study in terms of
the quality of the details provided. For 26.8% (44/164) of the
studies, we assessed that there was enough detail for the study
to bereplicated. A total of 31.7% (52/164) of the studies could
be partly replicated, but some assumptions about methodol ogical
processes (typically the preprocessing stages) would need to be
made. However, for 41.5% (68/164) of the studies, there was
not enough detail provided to attempt replication of the study
because of key information being missing, such as the data
annotation process, the algorithm used, or the feature
construction. In some cases, it was clear that publishing formats
and word limits had left limited room for description, but the
authorsdidillustrate use of external repositorieson GitHub and
the Open Science Framework to host more detailed
methodol ogies or code that provided a straightforward solution
to thisissue.

Only 3.7% (6/164) of the studies either provided the scripts
used to analyze the data or offered to make them available upon
request. Alternatively, 1.2% (2/164) of the studies provided
pseudocode for all stages of the model-building process as part
of thearticle. Overall, thiswas an unexpectedly low rate of code
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sharing given the recent emphasisin both computer scienceand
psychology on greater methodological transparency. Although
some may not share code for ethical reasons, there are
aternatives, such as offering to make it available upon
reasonable reguest, which were not widely used.

Discussion

Principal Findings

Overview

This review set out to understand the current scope, direction,
and trends in the prediction of mental health outcomes from
Twitter data. In total, 165 papers published between 2013 and
2021 were included in the review. The number of papers
published in this area has increased yearly since 2013, and
45.7% (75/164) of the included studies were published in just
the 2-year span of 2020 to 2021. We sought to assessthe quality
of the published research from both a machine learning and
mental health perspective and make recommendations that can
begin to enable the creation of meaningful outputs that support
aims of mental health care provision and support. In the
following sections, we summarize the principal findings and
contextualize them against previous work along the themes of
methodological clarity and the availability of ground truth
characteristics, finally looking toward developmentsthat would
support the practical applications of these algorithms in the
future.

Thesediscussions |led to aseries of recommendationsfor studies
that aim to predict mental health outcomes from social media.

Methodological Clarity

Every study in thisreview used algorithmic methods for making
predictions, with awide range of novel and exciting possibilities
for future development. However, the descriptions of machine
learning workflows given were often poor, and alack of clarity
was a consistent theme in the results. In 11% (18/164) of the
studies, there was not an adequate description of the data sets
to understand the data being used, and in 26.8% (44/164) of the
studies, there was no description of model preprocessing. The
proportion of studies reporting these details did not increase
over time.

In addition to missing out on the authors reasoning, poor
reporting on modeling methods al so reduced replicability, with
only 26.8% (44/164) of the studies assessed as being replicable
with the information provided. Despite recommendations to
improve the description of methodologies in place since 2017
[7] and the increasing recognition of open science practices
[106], we were surprised to find that only 3.7% (6/164) of the
studies made their code available either open-source or upon
reguest, when only providing code upon request would be a
reasonable means of mitigating ethical concerns.

The lack of clarity often started with a poor description of the
purpose of the prediction task being attempted, which has an
impact on all subsequent modeling decisions and the assessment
of their suitability [24,107]. It also prevents the comparison of
results between papers as it is often impossible to tell whether
the same or a different predictive task is being compared.

https://www.jmir.org/2023/1/e42734
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Availability of Ground Truth Characteristics

We found that the processes for determining what constituted
amental health disorder and, hence, thelabeling of training data
was validated for only 13.4% (16/119) of the primary data sets.
Keyword or self-disclosure approaches were used to develop
ground truth data sets for mental health outcome annotations
in 67.2% (80/119) of the data sets reviewed, with keywords
being highly likely to be based on the language of a particular
geographical area or age group and also prone to misspellings
when focusing on clinically related keywords [108]. This
reasoning assumes that those who self-report mental health
disorders on the web or who use certain combinations of
keywords are truly experiencing the specified outcome. It al'so
means that groups of users who were collected for “control”
groups were unlikely to be true controls given the relatively
high prevalence of mental heath disorders in the general
population [19,24]. Attemptsto work with cliniciansto develop
alist of keywordsfor depression detection have also found low
levels of agreement between clinicians [109], which suggests
that keyword-based detection may not be a robust means of
detecting genuinely depressed users. This lack of reliable,
verified ground truth data about mental health outcomes is a
fundamental threat to the quality of models for mental health
inference. It also aligns with concerns being raised in other
fieldsthat large web-based data sets cannot replace the need for
high-quality data[3,108,110].

Without validated ground truth in most data sets (103/119,
86.6%), there was no information available to characterize the
data sets by key demographics such as age, gender, or cultural
background. We know that expressions of mental health
disorders are cultural and variable across demographic groups
[111,112] and that those using social media do not represent
the genera population [113-115]. A lack of this information
meansthat it isnot possible to assesstheimpact of demographic
features on mode performance, and so bias may be going
unnoticed. Research by Aguirre et al [116] in 2021 reinforces
this after the finding that the CL Psych data set (used in 10/164,
6.1% of the studiesin thisreview) was not representative of the
population demographics of people with depression and that a
classifier produced using these data set performed most poorly
for people of color.

When models are created with data sets whose ground truth
cannot be verified, the importance of validating the models on
aternative data sets increases [21]. Shared data sets, such as
the CLPsych Task 2015 [64] data set and the one by Shen et a
[53], have contributed to numerous studies by providing a data
set availableto researchers[117] aswell as providing datawith
which to develop novel approaches (though, as discussed by
Aguirreet a [116], these data setsare unlikely to be population
representative). Sharing high-quality ground truth data sets
would be a beneficial next step for future developments [21].
Owing to the sensitivity of these data, we would need to think
carefully about how data sharing could be managed ethically
[118]. Future possibilities lie in the use of data safe havens for
controlling sensitive dataaccess and in the use of synthetic data
[53], which is a developing opportunity that allows a data set
with statistical propertiessimilar to the original datato be shared
without releasing the sensitive data themselves. The work of
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collating available data sets has been started by Harrigian et al
[119] through the development of an open-source list of data
sets for predicting mental health from social media, many of
which are only available upon request to comply with ethical
guidelines. However, data sharing is impeded by researchers
sometimes not even describing the data set they are using or
providing broken or out-of-date links to data repositories.

Toward Practical Applications

This review of the mental health outcomes covered by the 165
papers included showed that there is a considerable focus on
depression and suicidality but that anxiety receives much less
attention, along with serious mental health disorders such as
PTSD, schizophrenia, and psychosis. Although well-being was
included in the review keywords, only 0.6% (1/164) of the
studies were identified that considered well-being outcomes,
predicting happiness and self-esteem measured using validated
scales [51]. More specific keywords related to different types
of well-being may have yielded more results in this area.
Although most of the focus of the data sets reviewed was on
dichotomous outcomes, a future alternative is a greater focus
on symptoms of disorders [120]. This has been suggested as a
solution to detecting commonly comorbid illnesses that have
many connected symptoms[121], anissuethat hasariseninthe
multiclass prediction of mental health outcomes[122]. Most of
the studies reviewed (147/164, 89.6%) effectively attempted to
classify someone as having amental health disorder or not, but
perhaps social media may have more to offer in the tracking of
web-based behaviors that are strong proxies for specific
symptoms of mental health disorders. This is perhaps best
illustrated by suicidality, which is a complex concept that has
been effectively modeled using machine learning [123].

Another area of development that would benefit from further
investigation is the use of the time-based features of Twitter
data. Considering that one of the main benefits of using social
media data for monitoring is the high-resolution time-series
information they provide, it was surprising that only 15.2%
(25/164) of the studies used any time-based features in their
models, and only 0.6% (1/164) of the studies used ground truth

Textbox 1. Recommendations for researchersin thisfield.
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data that were measured at more than one time point [74]. By
considering Twitter data as a time series, we could approach
tasks such as identifying optimal points for intervention, using
methods such as change-point detection, or simply monitoring
well-being over time. Having multipleinstances of ground truth
datafor the same individual would also allow us to assess how
model performance changes over time as model drift is a
particularly important concern in web-based settings where
language and platform features continuously adapt, potentially
resulting in the degradation of atrained model over time[124].
Clinicians have so far expressed interest in using social media
to measure overall symptom changes between time points rather
than as a diagnostic tool [125], and so thisis an area of work
that requires more attention if social media data are to have a
practical use in the future.

Throughout the literature, there appears to be a consensus that
more meaningful and deliberate engagement with medical
professionals and patients is needed to establish adirection for
future research, and explorations into Patient and Public
Involvement and coproduction may be effective ways of
achieving these aims. Crucially, we do not yet have a broad
evidence base on how patients might want to use thistechnology
or what they would not want it to be used for as part of their
care[126]. It isclear that, for the work so far to develop into a
technology with real-world utility, further consultation on useful
clinical applicationsand the ethical dilemmas presented by them
will be needed [26,127,128], but thisis still work to be done.

Recommendations

Onthebasis of thisreview, we have 2 sets of recommendations.
The first is for researchers in this field, building on the
recommendati ons made by Chancellor and De Choudhury [19],
which aimto increasethe quality, replicability, and transparency
of mental health inferences from social media (Textbox 1).

Our second set of recommendations are broader,
community-level aimsthat focus on devel oping ways of working
that will enable these new technologies to achieve positive
outcomes (Textbox 2).

.  Statethe prediction task being attempted. This should include whether the outcome predictions are at the user or tweet level and what theintended

use of the resulting mode! is.

.  Statethe mental health outcome the model will attempt to classify and how this outcome has been defined for the purpose of labeling the training

data.

. State assumptions made about the mental health outcome as part of the modeling approach taken, for instance, what type of variable the outcome
has been modeled as (eg, continuous or binary) or what time frame it is assumed to be detectable within.

«  When creating new data sets, ensure that they are thoroughly described. We particularly recommend the use of Data Sheets for Datasets [129]
for thorough data set reporting, which can be included as supplementary material hosted on a web-based repository that provides a permanent
digital object identifier (DOI), such as the Open Science Framework or a preprint server.

«  Explain the preprocessing stepsin enough detail so that they can be thoroughly understood and replicated. Particular attention should be paid to
whether stop word lists are used and the train, test, split stratification to ensure that they are appropriate for the prediction task being conducted.

«  Where possible, conduct error analysis to explain how and why the data have been misclassified.
« Include acode and data availability statement and ensure that any crucial links to materials use a DOI.

« Include an ethics statement that describes whether the study has received ethics approval and the ethical considerations that researchers should
be aware of when reading, replicating, or applying the research. The Ethics Sheet for this type of research developed by Mohammad [130] is

particularly recommended.
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Textbox 2. Broader, community-level recommendations.
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ensure that research is advancing in line with their needs.

«  Work toward an understanding of the needs of the public and patient populations who will be the subjects of the models being developed and

«  Find and agree on a means by which high-quality ground truth data and trained models can be shared securely and ethically between research
groups with the purpose of improving the validation of models for predicting mental health on social media.

«  Maximize the benefits of what social media can add to our understanding of mental health as opposed to replacing the role of mental health
professionals. In particular, the time-series nature of social media has been underexplored so far.

Limitations

Although the best efforts were made to include all relevant
papersin thisreview, thereisawaysthe possibility that relevant
studieswere missed in the systematic search process. Similarly,
the search was conducted using English-language search terms,
and non-English studies were not reviewed. Previous research
from Kim et a [20] showed that several studiesinthisareahave
been published by teamsin China, Spain, and India, which may
not have been included.

This review does not go into detail about the outcomes of the
studiesidentified, such astheir results, which models appeared
to be most successful, or which featureswere especially relevant
throughout the various approaches. These are investigations
that could yield useful directions for improving future models
and refining the process of feature selection. Other interesting
future directions would include specific reviews of the
subgroupsthat were not included in thisreview, such asveterans
and new mothers, and reviews that cover other socia media
sites, such as Reddit, that are also common venues for digital
mental health sensing [19]. This could reveal whether similar
concerns about research quality persist over different domains
of social media mental health research.
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If we can achieve our aim of using digital data to effectively
model mental health, there is potential for huge advancements
in our understanding, monitoring, and management of mental
health conditions in the future.
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