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Abstract

Background: Depression detection in social media has gained attention in recent years with the help of natural language
processing (NLP) techniques. Because of the low-resource standing of Filipino depression data, valid data sets need to be created
to aid various machine learning techniques in depression detection classification tasks.

Objective: The primary objective is to build a depression corpus of Philippine Twitter users who were clinicaly diagnosed
with depression by mental health professionals and develop from this a corpus of depression symptoms that can later serve as a
baseline for predicting depression symptoms in the Filipino and English languages.

Methods: The proposed processincluded theimplementation of clinical screening methodswith the help of clinical psychologists
in the recruitment of study participants who were young adults aged 18 to 30 years. A total of 72 participants were assessed by
clinical psychologists and provided their Twitter data: 60 with depression and 12 with no depression. Six participants provided
2 Twitter accounts each, making 78 Twitter accounts. A data set was developed consisting of depression symptom—annotated
tweetswith 13 depression categories. These were created through manual annotation in aprocess constructed, guided, and validated
by clinical psychologists.

Results. Three annotators completed the process for approximately 79,614 tweets, resulting in a substantial interannotator
agreement score of 0.735 using Fleissk and a 95.59% psychologist validation score. A word2vec language model was devel oped
using Filipino and English data setsto create a 300-feature word embedding that can be used in various machine learning techniques
for NLP.

Conclusions: This study contributes to depression research by constructing depression data sets from social mediato aid NLP
in the Philippine setting. These 2 validated data sets can be significant in user detection or tweet-level detection of depressionin
young adultsin further studies.
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Introduction The World Health Organization reported that the Philippines
Background has one of the highest numbers of persons with depression in

L L . . ) Southeast Asia, affecting 3.3 million Filipinos [1]. In recent
Depression is a health condition involving changesin emotion, years, the country has become helpless from the negative

thinking, or behavior. It represents a substantial part of mental impacts of the public health emergency and economic crisis

health discussions. It affects a wide range of the public, as it f4m the COVID-19 pandemic. The Philippines National Center
can be experienced by anyone to some degree regardless of
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for Mental Health reported an increase in suicide-related calls
received on their hotlines, from an average daily call volume
of 400 in 2019 to 700 from March to August 2020. The
Philippine Statistics Authority in July 2021 also reported an
increase of 57% in the suicide rate between 2019 and 2020,
during the height of the pandemic [2]. The World Health
Organization assessed in 2011 that, by 2030, depression will
be the chief source of the worldwide disease burden.

Social Media and Natural Language Processing for
Depression Detection

Although depression and other mental illnesses may lead to
social withdrawal and isolation, it was found that social media
platforms are indeed increasingly used by affected individuals
to connect with others, share experiences, and support each
other [3]. A similar study in the United States concluded that
internet users with stigmatized illnesses such as depression are
more likely to use online resourcesfor health-related information
and communication about their illnessthan people with another
chronic illness [4]. It was found that depressed individuals
perceived social media as a means of maintaining social
awareness and consoling themselves, while nondepressed
individuals perceived it as a means of information sharing and
consumption [5]. Moreover, because of the amount of complex
behavioral data generated by usersin social media, it has been
explored in mental health research using pattern recognition,
predictive modeling, classification, and categorization
techniques to predict the presence of mental disorders, such as
depression, suicidality, eating disorders, schizophrenia, and
anxiety [6] in socia network platforms such as Facebook,
Twitter, Reddit, Weibo, and Sina Microblog.

Most of the methods mentioned are techniques used in natural
language processing (NLP), which is the ability of computers
to understand written or spoken language. It requires an
extensive amount of data to build such models for a specific
language. A language is considered a high-resource language
if many available data resources exist (dictionaries, lexicons,
treebanks of syntactically annotated data, all types of digitized
text data such as news reports, books, social media, and other
web-based data and annotated data for training depending on
the NLP objective), making it possible to train machinelearning
models with these amounts of data. The national language of
the Philippines, which is called Filipino, is based on an
Austronesian language called Tagalog [7]. English is aso
considered a second language in the Philippines, with both
English and Filipino used in written or spoken conversation,
and most of the time used together in informal conversation,
which forms “Taglish” (the combination of the 2 languages).
Although English is a high-resource language, Filipino is
considered a low-resource language. Because Filipino is a
low-resource language, most NL P tasks and studies on mental
health research focus on corpus building (or building depression
vocabularies) to be used for other studies that need language
processing [8-10].

Objectives
In this work, we aim to construct depression data sets from

social mediadatato improve Philippine resources on depression
research to aid in NLP.
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Themain objectiveisto build adepression corpus of Philippine
Twitter users who were clinically diagnosed with depression
by mental health professionals. Related work on depression
detection in social media builds data from web-based
guestionnaires via voluntary participation with psychologist
help [11], builds data from self-declared individuals with
depression on the web (clinically diagnosed or topics of
self-harm) [12], or builds data from online forums with
depression topics versus other nondepression-related forums
[13]. These examples and other similar studies have attained
successful results, but an extensive validation and
cross-examination of the users of the data set with clinical
processes and diagnosis is lacking.

We also aim to develop a corpus of depression symptoms that
can later serve asabaseline for predicting depression symptoms
in the Filipino and English languages. Because of the
low-resource standing of Filipino depression data, this corpus
of depression symptoms needs to be devel oped to perform and
measure the predictive performance of various machinelearning
techniques in classification tasks.

Finally, we aim to develop a language model on the basis of
Filipino and English social media data, which can be used to
represent text data asvectorsto aid in various downstream tasks
in NLP,

Given the aforementioned objectives, wefirst constructed adata
set of Twitter usersvalidated by licensed clinical psychologists,
and from these data, we constructed another data set of
depression symptoms using a manual annotation process. We
proposed alanguage model using the word2vec [14] algorithm
using web-based texts in English and Filipino.

Related Work

Natural Language Processing

NLPisused by several studiesto determine depression patterns
or detect depression in social networks. Social media data are
cleansed, segmented (separated into documents or sentences),
tokenized (split into words or groups of words), and normalized
(broken down into parts-of-speech, stemmed, or lemmatized to
achieve root words or synsets for spelling correction and
reducing complexity) in preparation for analysis. Sentiment
analysis, atechnique used to determine the sentiments of texts
through data, is usually performed by classifying texts on the
basis of polarity (positive and negative), valence or intensity,
emotions, or subject dependency. Analysis may also be
performed by categorizing datainto>1 sets of “classes,” which
are caled “classifiers” Such classifiers for machine learning
used include regression, support vector machines, naive Bayes,
and decision trees. Most recent methods convert words into
embeddings or vectors (number representation of words) to
perform deep learning analysis [11,13,15]. Deep learning uses
networksthat imitate the way neuronsin the brain work to solve
complex problems. Using deep |earning methods can determine
word similarity and analogy from well-trained corpora, which
can be hard to achieve from the previously mentioned methods,
such as accurately determining negation cues and word context
and relationships. Results from socia media studies that use
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these methods suggest that language use has been found to be
apredictor of depression [16].

Word Embeddings

For text data to be inputted as features into machine learning
or neura network models, text data will need to be translated
or represented into numbered vectors. Doing so makes it easier
to represent words in a vector space and enables computations
to be performed. It also enables words or text to be presented
in several dimensions.

Several word embedding algorithms are available, and each has
its strengths and weaknesses. Most of these algorithms need
considerabletraining datato learn and create alanguage model.
A vocabulary is created from all words existing in the training
data, words are one-hot encoded (represented as 0 and 1), and
probabilities of co-occurrence are computed between all the
words in the training sample. One example is the word2vec
model [14], which uses Continuous Bag of Words (CBOW)
and skip-gram techniques to train a language model. CBOW
aims to predict a target word from a set of words, while
skip-gram is the opposite, wherein it tries to predict the
probability of a given word being present when an input word
is present. While training this model, a hidden layer of
n-dimensions is created, which act as features that represent a
word and its relationship to other words, thereby enabling the
model to learn the semantic relationship between words, such
as synonyms, antonyms, superclass, and neighboring or similar
words. Other agorithms are available, such as global vectors
[17], efficient learning of word representations and sentence
classification (FastText), and BERT (Bidirectiona Encoder
Representations from Transformers) tokenizers. These models
are trained repeatedly through the number of epochs, in which
1 epoch is a complete pass of the training data through the
algorithm.

Word embeddings can serve as an input to machine learning
algorithmsto be used in downstream tasks such as classification
or prediction tasks for depression detection in text data.

Depression Detection in Social Media

The most common social networks used for studying depression
include Twitter [12,18-21], Reddit [13,22,23], Facebook [11,15],
Weibo [20,24,25], and Sina Microblog [16]. Owing to being
high-resource languages, most of this research isfor languages
in English and Chinese. Detecting depressed users from these
socia networksisacommon theme (user-level detection), with
depressed users[11,12,15,16,18,20,24,25], self-harm [26], and
suicidal risk [23]. Some explored the detection from depression
comments or texts[13,27], which are not on auser level (tweet
level or comment level). Some studies al so focused on detecting
the degree of depression (ie, mild, moderate, or severe
[19,21,26]) and early detection [22,26,28].

User-L evel Versus Tweet-L evel Depression Symptom
Detection
Overview

Linguistic patterns, such asthe use of positive or negative words,
and social media behavior patterns, such as posting and user
interaction behavior, are shown to have positive results in
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detecting depression[11,16,20]. Although several studiesfocus
on depression screening, most studies focus on screening the
users (user level) and do not focus on the emergence of
depression symptoms in social media language. The social
media data that users create can help doctors have a glimpse of
their mental state through daily activities [5]. For example, on
a tweet-level basis, passive daily activities can show known
signs of psychological depression symptoms, such as changes
in mood, activity level, deeping and eating patterns, and suicidal
ideation. This level of granularity by looking at the symptom
level can aid the depression symptom tracking process and can
open up opportunities to closely study depression patterns. It
can also eventually lead to detection on auser level, determine
the severity of depression through tweet-level symptoms [21],
or help with early detection studies.

Data Collection Methods

The data collection methods for socia media use specific
application programming interfaces (APIs), which are a set of
programmable commands that allow software interaction with
certain websites.

User-Declared or Self-Declared Depression

In this method, users are identified as depressed when the
self-reported sentence pattern “1I’ m diagnosed with depression”
ismatched or other patterns such as” (I’ m/l was/l am/I’ve been)
diagnosed depression” [12,20,22,28]. For the control group,
users are labeled as nondepressed if no tweets containing
“depress’ were published in the sampling period or by selecting
random users.

Group or Topic Involvement or Keyword Search

Studies that made use of group involvement performed data
collection for depressed users by crawling subtopic groups
catered to each socia media platform, for example, Reddit
subreddit groups such asr/depression, r/SuicideWatch [23], and
r/selfharm [26] and Weibo's subtopic function “ SuperTopic”
[24,25]. The control group for nondepressed usersisfrom other
topics not related to depression or random users. Other studies
use keyword search and apply it on Twitter and Sina Microblog
using seed word generation methods from words extracted from
each of the symptoms of the Patient Health Questionnaire-9
(PHQ-9), also with the help of psychologists[21].

Use of Depression Questionnaires

In the clinical setting, most initial screening tools make use of
guestionnaires for assessment by mental health experts or
primary care physicians. A sample of the questionnaires from
some of the previous studies that looked into depression
detection are the Center for Epidemiologic Studies Depression
Scale screening test [18,19], Beck Depression Inventory [26],
Thai Mental Health Questionnaire [11], and PHQ-9 [21].

Manual Annotations

Looking at the previous data collection methods mentioned, it
iscrucid to note that each method hasitslimitations and biases.
Some of the studies address this through manual checking or
annotation of data by psychologists or trained personnel
[21,22,24,25].
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Interviews With Experts

From all the other data collection methods previously discussed,
the “ground truth” method would be clinical interviews with
mental health experts, asthey serveasvalid clinical assessments
or diagnoses. Wang et a [16] used this method in their study,
in which a group of psychologists diagnosed hundreds of
volunteers using questionnaires and interviews. Thismethod is
the most costly and time consuming because mental health
experts need to assess every participant in the study, but this
removes the biases from the previous methods and makes sure
that the 2 groups studied (with or without depression) arelabeled
correctly.

Combined Modalities

Overview

The studies above show that NLP and machine learning
techniques can classify depressionin usersor depression in user
commentson social media. It can be used to identify early risks
and crises aswell. Combining different modalities such astext,
images, social media behavior, and results from psychological
studies can improve detection capability. The accuracies of the
techniques discussed in this review range from 0.69 [19] to
0.925 [13] using support vector machines, random forests, and
other sentiment analysis techniques and have improved to up
to 0.98 [23] in the last 2 to 3 years with the improvement of
deep learning and word embedding techniques.

Philippine Studies for NLP and Depression

Initial studiesfor Filipino NLP act as an enabling resource for
computational linguistics. This includes the Filipino wordnet
project (FilWordNet) developed by Borraet a [29], which can
serve as a basis for a stemmer, lemmatizer, or devel opment of
a named entity recognition system because of its manually
created synsets and root words created in a dictionary format.
Keen et a [9] developed FilCon, agenerated subjective lexicon
that contains subjectivity scores, positivity, negativity, and
neutrality polarity values. Andrei [8] developed a Linguistic
Inquiry and Word Count dictionary for positive and negative
emotions using tweets, while Lapita et a [10] developed an
emotion-annotated corpus of disaster-relevant tweets.

Bitsch et a [30] identified depression symptomsand categorized
depression symptom categories to create a depression lexicon
for pattern matching of the presence of depression symptoms.
It is used as a mobile app solution. Nartia et a [31] developed
a predictive model using a decision tree for identifying the
mental health condition of university students, whereas Aliman
et al [27] developed abot that classifies potential mental health
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crisis tweets using logistic regression. Aperocho [32] used a
qualitative analysis approach to understand the use of Philippine
English in the depressive language by analyzing the discourses
posted by netizens on Facebook.

Research Gaps

One of the challenges in depression detection in social media
is the collection of training data. Social media offers a huge
opportunity in data science as it offers a huge amount of data
that can be easily collected through available APIs. The
downside is that it suffers from ethical concerns, validity, and
credibility. Studies must ensure that users are informed of the
data collection process, in which case, most of the previous
studies scraped data from free APIs and did not involve the
consent of usersin the process. Another issue is the validation
of whether the users have experienced depression. Questionnaire
methods and clinical interviews increase the validity and are
most credible but are costly and challenging to implement,
which is the reason why most studies can only focus on data
science methods or involve psychol ogical expertsinimproving
the data science methodologies in these studies.

Most studies discussed are a so focused on user-level detection.
User-level detection not based on symptom tracking can mimic
screening methods but is not efficient to implement because
clinical diagnosis till needs expert help. However, adepression
symptom detection model on atext or tweet-level detection that
can identify symptoms over time can help identify symptoms
that can complement clinical practice and improveitsefficiency.
Aside from this, the current Philippine studies discussed can
aid depression research in NLP if the goal is to determine how
polarity, emotion, or sentence structure in text data relates to
depression. As per similar studies abroad that use social media
to determine patterns of depression, there is a lack of data set
of social mediauserswith clinically validated depression cases
and alack of depression symptom text data setsin Filipino and
English, which can act as a baseline for depression symptom
detection.

Methods

Overview

This section describes the data coll ection and methods for data
set creation for this study. Figure 1 illustrates the whole
methodology framework for this study. It includes the criteria
for participant collection, sampling design, annotation guidelines
and processes, and Filipino and English language model
creation.

JMIR Data 2024 | vol. 5 | €53365 | p. 4
(page number not for citation purposes)


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

JMIR DATA

Tumaliuan et al

Figure 1. Methodology—thisfigure showsthe different steps performed in this methodol ogy, from data cleansing, data annotation process, and language
model creation. It shows the creation of data sets 1 and 2 and word2vec embeddings, which are the major outputs and objectives of this study. MH:

mental health; PHQ-9: Patient Health Questionnaire-9.
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This study is a 2-stage research that aims to detect depression
symptom patterns in social media. It involves stage 1 (data
generation) and stage 2 (depression symptom detection). This
paper focuses on the first stage of generating depression data
setsto be used for detecting depression symptomsin the second
stage. The second stageisintended for future research in another

paper.
Ethical Consider ations

Thereare numerousethical questionsin mental health research,
especialy with regard to this study, which deals with social
media and its various issues with privacy concerns. All
participants signed an informed consent form, ai ming participant
understanding on what data was collected, and the privacy
considerations and confidentiality measures that were applied,
in addition to having complete control on what part of their data
they wanted to share. Participant data were anonymized and
any personal identifiable information were removed before any
analysis was performed. Tweet text data were cleansed of
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no tweets can be identifiable and traced back to a particular
user.

The UP Manila Research Ethics Board (UPMREB
2022-0135-01) have reviewed and approved all methodologies
and recruitment materials before the start of participant
recruitment.

Recruitment

The inclusion criteriafor participantsin this study are Filipino
Twitter usersliving in the Philippineswho speak or write mainly
in English or Filipino aged between 18 and 30 years. This age
group is chosen for this study as the young adults' age group
has been studied for mental health conditions and social media
use (aged 18-24 years) [3], and the prevalence of suicide and
depression in young adults in the Philippines (aged 15-29 and
18-24 years) [1,33].

Participants are recruited from clinicsand social mediaplatforms
and are asked to answer a survey form and a web-based
self-assessment  form  which is the PHQ-9 depression
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guestionnaire. After the web-based self-assessment, all
participants are assessed by a psychologist if experiencing or
diagnosed with clinical depression (in any form or severity) or
otherwise. The control group is the participants not assessed
with depression or any other mental health conditions.
Participants who were not assessed with depression but were
assessed with other mental health conditions are excluded from
this study. If assessed with any other mental health conditions
(posttraumatic stress disorder, obsessive-compulsive disorder,
bipolar disorder, schizophrenia, etc), they are included in the
study as part of the depression group as long as the participant
isexperiencing depression because these are symptomsthat are
said to cause or can coexist with depression [34]. In short, the
control group consists of participants who are assessed to have
“usua” or “typical” mental health behaviors and the depressed
group consists of participants assessed with depression.

Tumaliuan et al

Figure 2 illustrates the data collection workflow for this study.
The participants were asked to sign a consent form for the
collection of their social media data. This step informed the
participants about what data will be collected and the privacy
considerations and confidentiality measuresthat will be applied
to their data. All participants were asked to share their datavia
the “Download an archive of your data’ feature of Twitter in
their account settings, which includes all historical datafor an
account. This step also makes sure that participants have
complete control over what part of their datathey want to share.
Interactionswith participants were performed by amental health
expert who was also on standby throughout the data collection
phase should the participants experience distress and need
support from a mental health professional.

Figure 2. Data collection workflow and generated data—each participant who completed the data collection process is expected to have 4 types of
data collected. These are the survey data (which includes demographics and personal information), Patient Health Questionnaire-9 (PHQ-9) results,
Mental Health Assessment results (includes symptoms, medical history, and depression assessment), and Twitter data archive (all historical Twitter

data).
Participants recuited Health i
via social media Inf Online ealth exper _
- Eoigr:f[d . PHQ-9 > assessment quu]uad
Participants recruited process questionnaire ~(clinical Twitter data
via clinics/facilities interview)
Y v Y
SUEVe PHQ-9 data
data
L v
Remove
Data Personal
End )™ analysis Secure Identifiable
y database . :
€ Information
. . with validated users (those whose users were examined by
Sampling Design

Nonvalidated study data sets on depression on socia media
(those which are either scraped from the internet via
self-declared users or self-assessment questionnaires) vary from
aminimum of 20 [11] to 137 users with depression data [26].
As there are no known studies on this topic that use a data set
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clinics or experts), the greatest number of validated data setsis
from the study by Wang et al [16] with a data set size of 122
users with depression.

Our datacollection processincluded an assessment session with
a psychologist, thus restricting the cost of the total number of
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participants. Puyat et al [33] estimated that 8.9% of young adults
experience moderate to severe depression in the Philippines.
To attain population-proportion sample sizes for the 2 groups
(persons with depression and the control group) in the study,
the aim was to achieve at least 10% of the depression group
from the overall participant data in this study. We aimed to
gather approximately 80 participants for this study; thus, we
needed at least 10 participants in the depression group. For a
user-level detection of depression, a balanced class distribution
(40 participants for the depressed group and 40 participants for
the control group) isideal for most classification tasks. However,
because the goal isto create a data set of depression symptoms
in text data (tweet-level depression detection), the balanced
classisnot imposed as|ong as the minimum requirement of 10
participants in the depression group is met. The resulting data
collected from this process was tagged as data set 1, which
includes labeled data of users who were “assessed with
depression” (mild, moderate, or severe) or “not assessed with
depression.”

Data Preparation

Data Cleansing

Tweset text datawere cleansed of usernames, links, and hashtags.
Participants’ names are sometimes included in the tweet texts
when referencing themselves during tweets; thus, these were

Tumaliuan et al

cleansed as well. Special tokens for these cases were created,
namely “xxuser, xxlink, xxhashtag, xxname.” All these types
of texts were replaced viatheir corresponding tokens.

Sometext datawere removed, such as nonal phabet or nonemoji
characters, punctuations, and numbers. All remaining textswere
converted to lowercase. Tweet text data contain irregular words
such as contractions, typographical errors, elongated words,
and slang words. For English words, contractions are replaced
using the Python “contraction” package. Using this package
transformstheword “don’t” into “do not.” Wordswith repeating
characters were normalized by removing the occurrence of
consecutive single characters unless it is a valid English or
Filipino word. Abbreviations, wrong spellings, and slang were
also corrected by creating a list of words that usually occur in
social media texts. Spelling correction examples are Filipino
wordssuch as*d” transformed to “ hindi” or English words such
as“somel” changedinto“someone.” Slang correction examples
are“pov” into “point of view,” “dasurb” into “deserve,” and so
on. Every word in atweet is checked whether it exists in this
list that was generated for spelling correction and slang
correction and isreplaced by the corresponding word equival ent
using Python search. Finally, emgjis are transformed into
equivalent text using the Python “demoji” package and
tokenized using the “ TweetTokenizer” package, illustrated in
Figure 3.

Figure 3. Data cleansing—this figure shows the data cleansing steps of collected tweets from the conversion of tokens, removal of text, transforming
into lower case and irregular words, conversion of unknown words, and conversion of emgjis.

Input: uy masaya ako 10x today :) gagaguiv HAHAHA uyyyyy!!l. (@username @ lol #happy htips://sample.html"
(@username = Xxuser

Special tokens: #happy = xxhashtag
https:/fsample.html = xxlink

Remove 1)

punctuations, nt.

numbers, etc: 10

Lowercase HAHAHA = hahaha

Irregular words ~ HAHAHA = haha

and slang UyYyyy = uwy
lol = laughing

Unknown gaagaguiy = unk

words

Emoji w = pouting face

“leansed inpu "uy", "masaya", "z , "unk", "today", "unk ", "haha", "uy", "xxuser", "pouting", "face", "laughing",
Cl 1input y", "masaya”, "ako", "unk”, "today", "unk ", "haha", "uy", "xxuser", "pouting", "face", "langhing"

"xxhashtag", "xxlink" |

Annotation Guidelines and Process

To create a depression symptom data set, a training data set 2
needed to be created in which individual tweets were manually
annotated as having depression symptoms or no symptoms.
Annotation guidelineswere needed for annotatorsto bein sync
for data to be well labeled and valid for the next steps. The
creation of annotation guidelines was held with 2 clinical
psychologists in a series of web-based sessions. The objective
was to create depression symptom categories and to determine
rules and guidelines for annotating tweets into the respective
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categories. The categories were not mutually exclusive, asthey
can simultaneously occur together in one given tweet.

The result of this exercise is the reviewed and finalized
depression symptom categories with the psychologists. These
categories are based on the Diagnostic and Satistical Manual
of Mental Disorders, Fifth Edition (DSM-5) criteria for
depression (The Structured Clinical Interview for DSM-5),
PHQ-9 results, and Mental Health Assessment resultsfrom this
study. Textbox 1 shows the depression categories from the
annotation guidelines developed in Textbox 2.
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Textbox 1. Depression categories for annotation.

Thinking, concentration, and decisions
«  Unableto handle minor problems and daily activities—procrastination and academics

«  Diminished ability to think or concentrate, indecisiveness, unorganized thinking, forgetfulness, slow

Interest and motivation
o Lossof energy or motivation

. Lossof interest or enjoyment of activities, such as sex, hobbies or sports

Physical: sleep

« Insomniaor sleeping too much

Physical: fatigue

«  Fatigue, tiredness, or lack of energy

« Emotional, mental, or physical fatigue

.  Example: Filipino context—"Pagod naako” (in English: “I am already tired”)

Physical: appetite
«  Weight loss or gain, no appetite, or increased cravings

Physical: movement

«  Moving or speaking slowly

o  Feelings of restlessness or agitation

«  Movement issues or wanting to stay in bed

«  Example: Filipino context—"Hindi makakilos, gusto lang sa kama, hindi mapakali” (in English: “I cannot move, | want to stay in bed, | feel
restless’)

Substance use

« Using recreational drugs or acohol, etc (excluding coffee, melatonin, etc)

o If asubstanceis used as a coping mechanism

« If thedeed isaready done, not if intention only

Patient Health Questionnaire-9 (PHQ-9)—suicidal tendencies
«  Recurrent thoughts of death, suicide attempts, or suicide

o Sef-harm

«  Overelaborate or strange ideas

PHQ-9—emotional: depressed and sadness

«  Depressed mood or lonely

«  Feelings of hopelessness, tearfulness, emptiness, or grief
o  Breakdowns

«  Emotions not induced by movies, events, or other outside triggers

PHQ-9—emotional: worthlessness and worry

«  Feelings of worthlessness or no confidence, feeling misunderstood, self-doubt, or hypercritical toward self

«  Fedingsof guilt, fixating on past failures or self-blame, worry, discouragement, demotivation, or disappointment
o Stress, overthinking, or anxiety

«  Negative thoughts and existential questions

Physical: pains
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«  Headache, back pains, stomachache or sexual dysfunction, tremors, or cold hands and feet
«  Panic, choking, or numbness
« Painstriggered by stress (with the context of stress [eg, alergies, acid reflux, or gastroesophageal reflux disease])

«  Exclude premenstrual syndrome signs or pains induced by known causes (accidents, etc), as said in the tweet

Social
« Socia withdrawal or avoiding social interaction
o  Sensitivity to criticism, irritability, agitation, or angry outbursts

«  Detachment or isolation

Mental health—related issues

«  Tweetsnot pertaining to any symptoms previously mentioned but denote that the user is associated with any mental health issues, such astalking
to psychologists or being aware of mental health issues, or reminiscing traumas

No symptom

o Thetweet has no symptom

«  Thetweet does not have enough context to be determined as a symptom
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Textbox 2. Annotation guidelines.

Tweet annotations

M ultiple symptoms

Speaker’sview

Cause and effect relationship

Tweet annotated as a whole, not by subsentences

A maximum of 3 symptoms can be annotated per tweet
Example: “1 cannot sleep nor move my body in this bed. Brb gonna die of starvation”

Symptoms: Physical: sleep; Physical: movement; Physical: appetite

Refrain from viewing the tweet as an outside person

If any sentence builds upon a cause and reflects an effect, the underlying context or symptom in that tweet should be judged on the basis of the

effect, for example, “If he wins, | will kill myself”; thiswill be judged as a symptom regardless of the said cause

Quotes, song titles, lyrics, etc

«  Users sometimes portray their emotions or thoughts using these methods. As such, if the text suggests enough context, these are annotated as

symptoms

Jokes and sarcasm

«  Onthebasisof the context, jokes and sarcasm are annotated as symptoms

o Jokes(eg, “I will kill myself. Kidding”); symptom

«  Sarcasm (eg, “Kill me now | am so bored”); no symptom

Rants

o  Treated asirritability symptoms

Politics

« These are treated as a symptom if a tweet suggests a strong emotional context that denotes a symptom, for example, “I am so angry at this
government it makes me worry about my future”; social, PHQ-9—emotional : worthlessness and worry

Sadness over movies, events, “missing” people, places, or things

« Thesearenot treated as symptoms because these are triggered by outside events

M etaphorsor expressions

«  These are examined depending on context; with enough context, they are treated as symptoms.
.  Example: “Ang sakit mo saulo” (in English: “You are a headache”); no symptom
o  Example: “Sakit ng ulo ko” (in English: “| have a headache™); symptom

Annotation Process

The process started with the sel ection of tweetsto be annotated.
All participantswereincluded in this sel ection; included tweets
aredated January 1, 2021, to November 30, 2022. Retweetsand
non-English and non-Filipino tweets were removed. Some
tweets that were empty after data preparation and cleansing
steps were discarded. The tool used for annotating tweets is
Microsoft Excel. After tweet selection, these tweets were al
annotated by the first-pass annotator. Tweetswithout depression
symptoms are treated as“ no symptom,” and tweets that denote
a depression symptom are passed on to the next 2 annotators.

These tweets checked by the first-pass annotator are tweetsthat
significantly do not denote any depression symptoms. Examples

https://data.jmir.org/2024/1/€53365

of these texts were tweets with incomplete contexts, such as
emoticon or emoji replies, responses to other tweets (random
conversations in a thread), tweets with only photos, links, or
other media, one-worded or vague tweets, and third-party
application—related tweets (eg, Wordle).

Tweets were annotated anonymously, individually, and in a
randomized order. Annotators had no knowledge of the users
and of the tweets being annotated, and the annotations are based
solely on professional experience, together with the guidelines
provided to them. This processis repeated in 4 iterations with
different subsets of the data sets in each iteration, and all
annotators provided their annotations in 10 days. Tweet |abel
categories were considered correct if at least 2 annotators
selected the same symptom category. After each iteration, an
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annotation review is conducted within the annotatorsfor tweets
that do not have 2 agreeing annotations on the symptom
category. A thorough discussion for each tweet is held until a
consensus is reached among the annotators. Most tweets that
are reviewed during this annotation review are due to human
error, as the annotators expressed their sentiment that they
intended to select a category but mistakenly selected the
neighboring category. The remaining tweets needed some
thorough discussions, and annotators decided together which
category was most appropriate.

After the annotation process, an annotation validation is held
wherein 4 to 5 random samples per category were chosen, a
total of 68 tweets. These tweets were reviewed by the
psychologists together with the annotators.

Measuring Annotation Reliability

The data set produced in the annotation step served as the
baseline or “ground truth” when predicting depression symptoms
in downstream tasks. The reliability of the annotation task can
be measured by an interannotator agreement score, which
measures how well multiple annotators can make the same
decision for the given annotation labels or categories. This
measure determines how well the annotation guidelines have
been established, how well the annotation labels or categories
have been identified, and how well the annotators have grasped
the annotation rules. It can aso measure the reproducibility of
the annotation task at hand.

Textbox 3. Language model training data.

Tumaliuan et al

For this annotation task, the Fleiss k. measurement is used, as
this can consider multiple annotators. This measurement also
considersthe possibility of the agreement occurring by chance.
Raters having complete agreement will have an output of k=1,
and rates with no agreement will have x<0. The following
equation is used to compute the Fleiss k score [35]:

% =(p_o-p_e)/(1-p_e)
Where p_o = observed agreement of raters and p_e = expected
agreement of raters.

The annotation results were aggregated, and the interannotator
Fleissk was computed using the Python package “ statsmodels”

English and Filipino Word2vec Language Model

To train a language model, severa text data gathered from
various sources were used. A combination of English and
Filipino texts is collected. A total of approximately 4.7 GB of
data were collected and trained for this model. Textbox 3
summarizesthe sources of the data used for thislanguage model.

A word2vec model [14] was trained using the language model
training data in the previous textbox as the training data set.
The CBOW agorithm was used as a configuration. The model
istrained with 300 features and 20 epochs with awindow of 5.
The window means the algorithm checks 5 words before and 5
words after the target word, which is predicted in every hidden
node in the network. The algorithm outputs aword embedding,
which is a 300-dimensional vector for every word included in
the training data set vocabulary.

Filipino Texts online (News articles, Wikipedia, books, etc)
«  PALITO corpus[36]
« Leipzig corpus[37]

« Isawikalexicon [38]

Twitter data set from published studies
« Yolandadata set [39]

«  Gay language data set [40]

«  Election data set [41]

«  Hate speech data set [42]

Twitter data set by web-based crawling (created by this study)
«  Mental Health PH seed words
o  Self-declared depression data set from 2019

Reddit data from the program which thisstudy isa part of
«  Mental health discussions on Reddit

«  Emotion-annotated Tweets for Disaster Risk Assessment [EMOTERA] data set [10]

https://data.jmir.org/2024/1/€53365
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Results

Overview

The first objective of this study is to construct a data set of
Philippine Twitter users who are assessed by mental health
experts. The second objective is to develop a data set of
depression symptomsthat can serve asabaselinefor predicting
depression symptoms in Filipino and English, and the third
objective is to create a language model that can represent
Filipino and English text through vector representations. The
following sections discuss the data collected, constructed data
setsfor thisstudy, and thelanguage model results, which address
the objectives of this study.

Data

A total of 75 participants were assessed by psychologists and
had a complete set of data categorized at the user level, with 60
assessed with depression, 12 not assessed with depression, and
3 not assessed with depression but have other mental health
conditions and are excluded from the study. Further statistics
inthisstudy will include only these 72 participants (60 assessed
with depression, 12 not assessed with depression). Six of these
participants assessed with depression provided 2 accounts for
Twitter. Intotal, 78 Twitter users have 577,202 tweets, 433,029
liked tweets; and atotal of 1,010,231 tweets. Thisisthetraining
data set 1. Figures 4 and 5 show the data collection results
including the distribution and statistics of the collected data.

https://data.jmir.org/2024/1/€53365
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Tables 1 to 3 show the count of Twitter users, considering the
6 dummy Twitter accounts from the participants. Table 1 shows
the statistical summaries for the Twitter data between the
depressed group and control group for tweet and retweet counts.
Table 2 shows the statistical summaries between the depressed
group and control group for account age and mentions count.
Table 3 shows the statistical summaries between the depressed
group and control group for follower and following count.

During the annotation task, an initial number of 438,718 tweets
were selected and preprocessed. A total of 102,262 tweetswere
annotated by the first-pass annotator and from this data set,
11,335 tweets have been annotated by all 3 annotators. Thefinal
data set generated in this study is 79,614 tweets, with 11,163
labeled with depression symptoms (13 categories) and 68,451
labeled with no symptoms, and is named as data set 2.

During the validation for data set 2, there were only 3 tweets
out of 68 randomly chosen validation tweets in which the
psychologists disagreed with the category label, reaching
95.59% psychol ogist validation score. Figure 6 shows the total
counts of symptom categories resulting from the annotation
task.

Another validation step is used using the Fleiss k to measure
the interannotator score using the 11,335 tweets annotated by
3 annotators and 14 label categories. The agreement score is
0.735, interpreted as “substantial agreement” on the basis of
Figure 7 [43] interpretation of the Fleiss k measurement.
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Figure 4. Data collection results (part 1). The distribution of depression assessment results shows the imbalance of data, as more users are assessed
with depression. Regarding severity, 26 individuals were assessed with “severe” depression, whereas 20 were assessed with “mild” and 14 with
“moderate” depression. The distribution of gender in our collected data is also imbalanced, with more female participants recruited for this study. For
the distribution of age, most users were aged 18 to 25 years.
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Figure 5. Data collection results (part 2). The distribution of regions shows most participants were from the National Capital Region (NCR), IV-A,
and |11 regions and other parts of the Luzon area. In the distribution of education, most are college and high school graduates. Most participants are
either employed or students as shown by the distribution of employment. CAR: Cordillera Administrative Region.
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Table 1. Datacollection results (part 3).
tweet_count retweet_count
Cout  Mean Mini- 25%  50% 75% Maximum Count Mean Mini- 25% 50% 75%  Maxi-
(SD) mum (SD) mum mum
Assessed with depression
No 12 3498.42 80 4615 1606.00 5477.25 10,843.00 12 313.75 0 525 29 40575 1960.00
(3982.08) (569.71)
Yes 66 6146.03 3 404.75 231350 6724.75 47,644.00 66 605.94 0 1 305 232 6670.00
(9198.76) (1395.77)
Table 2. Datacollection results (part 4).
tweet_age days mentions_count
Cout Mean Mini- 25%  50% 75% Maximum Count Mean Mini- 25% 50% 75% Maxi-
(SD) mum (SD) mum mum
Assessed with depression
No 12 2429.17 599 9045 2284.00 3564.75 5480.00 12 167425 24 1075 909 244850 6664.00
(1614.81) (2049.69)
Yes 66 1780.61 101 609.5 147050 2581.75 4860.00 66 295941 1 465 853 2265 37,315.00
(1389.65) (5634.60)
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Table 3. Data collection results (part 5).

Follower Following

Cout Mean Mini-  25% 50% 75% Maximum Count Mean Mini- 25% 50% 75% Maxi-
(Sb) mum (SD) mum mum

Assessed with depression

No 12 21817 7 61 178 370 490 12 330 53 1135 174 3955 1,169.00
(175.73) (364.07)

Yes 66 25253 O 29 985 27675 1,839.00 66 32165 O 64 156 406.75 1,787.00
(380.18) (393.44)

Figure6. Annotation task results. Total counts per symptom category for all the 11,163 tweets |abel ed with depression symptoms and their corresponding
symptom categories are shown here. Social, PHQ-9-emotional: worthlessness and worry, PHQ-9-emotional: depressed and sadness have the most
number of tweets, whereas Physical: movement and Substance use and PHQ-9-suicidal tendencies have the least number of tweets. MH: mental health;
PHQ-9: Patient Health Questionnaire-9.

Annotation task results

Mental health-related issues 606
PHQ-9-emotional: worthlessness and worry 1742
Social 3232
Physical: fatigue 1 676
Physical: appetite 549
Physical: sleep - 776

PHQ-9—emotional: depressed and sadness 1430

Symptom

Substance use { 170
Thinking, concentration, and decisions 995
Interest and motivation 351
Physical: movement 4 62
Physical: pains 318
PHQ-9—suicidal tendencies - 256

0 500 1000 1500 2000 2500 3000 3500 4000
Count

Figure7. Interpretation of Fleissk. Theresulting Fleissk is0.735, denoting the annotati on task agreement score as*“ substantial agreement”. Used with
permission of John Wiley & Sons - Books, from “The measurement of observer agreement for categorical data. Landis JR, Koch GG, 33(1):159-174,
Mar 1977" [43]; permission conveyed through Copyright Clearance Center, Inc.”.

Kappa Statistic Strength of Agreement
<0.00 Poor
0.00-0.20 Slight
0.21-0.40 Irair
0.41-0.60 Moderate
0.61-0.80 Substantial
0.81-1.00 Almost Perfect

of survey data, PHQ-9 questionnaireresults, and Mental Health
Constructed Data Sets . _ . Assessment results (dataset 1). The other tweet-level annotated
From al 4 types of data collected in this study, 2 labeling  data set was created from the previous annotation tasks from

mechanisms are applied: labeled data at a user level and tweet  the Twitter archive data of participants (data set 2). Both data
level. The data set of user-level annotated dataisacombination  sets share the same number of Twitter users (78 users).
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A complete list of data per data set is provided in Textbox 4,
and the summary is shown in Table 4.

Data sets collected and processed in this study can greatly help
both the mental health research and the Filipino language
processing research in the country.

We have created a data set that includes demographic data,
PHQ-9 questionnaire data, and Mental Health Assessment data.
It is important to mention that all participants in this data
collection were assessed by psychologistsviaclinical interviews.

https://data.jmir.org/2024/1/€53365
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These data can be used to explore user-level depression detection
of usersin socia media

The annotated training data set created by this study is also a
good starting point for exploring the devel opment of depression
symptom detection models because annotation rules were
constructed with mental health experts and processed by 3
annotators, with guidance and validation from the experts as
well. The interannotation agreement score achieved a Fleiss k
score of 0.735, which isinterpreted as“ substantial agreement.”
This data set has al so reached a 95.59% psychol ogist validation
score on the validation data set.
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Textbox 4. Data set information.

Tumaliuan et al

Survey data (data set 1)

« Age

o Sex

« Region

»  Education

.  Employment
o  MentaHedth_ SelfRating
« MentaHeath Services

Patient Health Questionnaire-9 (PHQ-9) data (data set 1)
« PHQ-9score

Mental health assessment data (data set 1)
«  Symptom_ThinkingConcentrationDecisions
e Symptom_lInterestMotivation

«  Symptom_Sleep

o  Symptom_Fatigue

. Symptom_Appetite

e Symptom_Movement

«  Symptom_Substance

o  Symptom_Suicidal Tendencies

«  Symptom_DepressedSadness

o  Symptom_WorthlessnessWorry

«  Symptoms Pain

e  Symptoms_Socid

«  Symptoms

« Maedicd history

«  Psychiatric History (current)

o  Psychiatric History (past)

« History of Mental llnessin Family
«  History of Family IlIness

« Religion

o Sexud Orientation

o  Substance Use History

o Other providers

o Sdf Harm

o Suicida Behavior

o Final Assessment

o Assessed with Depression

o Severity

o Assessment time (mins)

Twitter data (data set 1)
o tweet_daily_mean

o tweet_daily_max tweet_min_dt
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tweet_max_dt
is_retweet
is_reply
mentions_count
tweet_count
retweet_count
favorite_count
tweet_age days
isretweet_percentage
isreply_percentage
isowntweet
isowntweet_percentage
createdAt

blocked

follower
following

mute

lists created

lists member
lists_subscribed
protectedHistory
twitterCircle

Twitter data (data set 2)

id

full_text_cleaned

Final Symptom Category 1

Final Symptom Category 2

Final Symptom Category 3

Table 4. Data set summaries.

Raw data Data set 1: User-level depressed vs nondepressed Data set 2: Tweet-level depression symptom category
Survey data O _a

PHQ-9" O -

Mental health assessment O —

Twitter data archive

O (summarized—means, averages, €tc)

O (annotated)

Summary 72 users (78 Twitter users): 60 assessed with depression; 78 Twitter users (6 dummy accounts); 11,163 tweets (de-
12 not assessed with depression pression symptom); 68,451 tweets (no symptom)
3Not applicable.

bPHQ-9: Patient Health Questionnaire-9.
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Discussion

Depression Symptom Between Depressed and Control
Groups

Data set 2 (tweet-level depression symptom category) was
created by annotating depression symptoms of anonymized data
from both the depressed and nondepressed groups. By doing
this, we remove the bias that these symptoms can only be
experienced by the depressed group. Depression still faces many
challenges with the diagnosi s because the symptoms al so occur
in other conditions, and these symptoms can be experienced by
nondepressed users all the same. Every person experiences a
lack of sleep or common emotions such as sadness, worry,

Tumaliuan et al

disappointment, rage, and physical symptoms of headache and
fatigue every now and then.

Figure 8 shows this comparison of the amount of depression
symptoms recorded for depressed and nondepressed groups.
Further studies can be done on analyzing these depression
symptom patterns and comparing the differences in how both
groups experience these symptoms and how these symptoms
are revealed through language use.

It isinteresting to note that some symptoms of PHQ-9-suicidal
tendencies, are also detected in the nondepressed group. These
are tweets containing talks about death, for example, “if i diei
diei do not even care anymore” or “i just want to be dead face
with tongue xxlink.”

Figure 8. Symptom analysis between depressed and nondepressed groups. This figure shows the number of symptoms recorded for both groups, as
depression symptoms occur for both but differ in intensity and frequency. Social symptoms are the most recorded symptom being experienced by the
nondepression group, which may include sensitivity to criticism, irritability, and anger. The next common symptom for the nondepression group was
the PHQ-9-emotional: worthlessness and worry, which includes texts about daily worries such as school and work-related problems. MH: mental health;

PHQ-9: Patient Health Questionnaire-9.

Symptom analysis between depressed and nondepressed groups
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Word2vec Language Model Results

A language model trained with ample data can be a powerful
tool if it can capture semantic relationships between words.
Because word embedding features can capture a word’s
representation in severa dimensions, the more it can capture
these features, the better results we can achieve when training
our models on downstream tasks such as classification and
prediction tasks. Figure 9 illustrates a sample word vector output
from this algorithm.

The language model created is a combination of Wikipedia
articles, newsarticles, books, and data sets specific to web-based
language, such as Twitter and Reddit data sets. There are al'so
depression-specific topics included in these data sets to better
model the depression patterns in natural language in social
media. Finally, English and Filipino are both included in the
data sets, with purely English text, Filipino texts, and a
combination of the two. Thisisto model both languagesin a

https://data.jmir.org/2024/1/€53365
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single vector space, because “ Taglish” isthe common language
used on the web, with direct code switching between words in
both languages.

To check thelanguage mode!’ s ability to capture both languages,
the cluster embeddings of words and how they look in a 2D
space are presented subsequently. To plot these words, each
word is transformed into its 300-dimensional vector and is fit
into a KMeans model of =2 clusters. In KMeans, data points
are grouped together based on certain similarities. Centroids
are determined, which are representations of the location of the
center of each cluster, and observations are assighed to each
cluster with the nearest mean. In this test case, we check if
certain words belong to a cluster, specifically comparing if the
language modd can determinewordsfrom symptomsand cluster
them correctly. Figure 10 illustrates our first test case to show
word relationships.
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We a solook at semantic relationships captured by the language
model. Several examples below show word analogies using
cosine similarities between word vectors. Neighboring words
arewordsthat are most similar to atarget word in the vocabulary
on the basis of this cosine similarity. Positive words contribute
positively toward similarity, and negative words contribute
negatively. Figure 11 illustrates our second test case to show
similar words.

Looking at the anal ogies captured by the language model using
cosine similarities to compute positive and negative word
relationships through word vectors, Figure 12 shows examples
of correctly captured relationships by the language model.

Tumaliuan et al

A language model can never fully capture alanguage as it can
only learn what it has been trained on. Some aspects may not
be captured, such asexamplesin Figure 13. There are also some
issueswith biases, for example, with gender biasin thetraining
data, as shown in Figure 13.

The Filipino and English language models developed in this
study can be used for research on other downstream tasks such
as classification, labeling, and named entity recognition tasks.
It can also be used on non—mental health research tasks and is
best for tasks focusing on the Filipino and English languages
in social media data.

Figure 9. Word2vec vector embeddings: the word vector output for the word “kumain” or in English “ate.” Each dimension represents an extracted
feature of the text data that is extracted from this unsupervised learning algorithm.

word_to_vec_map['kumain']

array([-4.6646464e-01,

-1.1932397e+00, 2.

0376454e-01, -6.9477897e+00,

6.8528533e+00, -4.0141077e+00, -2.6217785e+00, 1.2687764e+00,
2.4475107e+00, 3.0928826e+00, -8.9264240e-01, -3.4816718e+00,
-7.9303944e-01, 5.8815236e+00, 5.4919034e-01, -2.4795973e+00,
8.0929970e-02, -8.2169850e-01, -2.1571820e+00, -4.6831360e+00,
1.9985547e+00, -1.1311437e+00, 2.9914450e-01, -1.0269141e+00,
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2.1112802e+00, -6.5582485e+00, -1.9110060e+00, 2.6409228e+00,
6.8613260e-01, 7.5624890e+00, 4.9788246e+00, 1.4587379%e-01,
3.2714430e+00, 1.6982244e+00, -2.3851380e-03, 8.6924900e-01,
-3.9199150e+00, 5.3642535e-01, 5.4603790e-01, 1.7235978e+00,
-5.2639080e+00, -3.7997308e-01, -3.0113642e+00, 2.5522470e+00,
-2.6990805e+00, 4.9247180e+00, 1.8904795e-01, -1.6870737e+00,
8.2331330e-01, 6.0770516e+00, -6.0710490e-01, 1.1515030e+00,
-2.9365516e+00, 1.6321912e+00, 1.5102484e+00, 1.8770980e+00,
-4.4962960e+00, -4.1229987e+00, 1.2450608e+00, -2.3276122e-01,
-2.2191203e+00, 1.7394879e+00, -6.1742520e-01, 4.6056250e-02,

6.3919444e+00, 2.
.5538930e-01, 2.
3.3539867e+00,
.7092104e+00, 2.
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Figure 10. Language model word symptom relationships. The first figure shows the appetite versus sadness symptoms, with test cases “craving, kain
(eat), breakfast, lungkot (sadness), haist (expression of sigh), sad,” which are combinations of English and Filipino words. We notice here that they are
also a combination of expressions (haist), emotions (craving, lungkot, and sad), or action words (kain). These examples show that these are correctly
clustered into appetite and sadness clusters. The second figure shows suicidal tendency—related words “kill, suicide, death, patayin (kill)” are clustered
together versus sadness words “sad, lungkot, lugmok (sunken).” In addition, the third figure shows mental health issue—related words “psychologist,
therapy, and trauma’ are clustered together versus movement-related words “tamad (lazy), galaw (move), kama (bed).”.
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Figure 11. Language models for similar words. From this figure, we can see that the most similar words for “Bulacan,” which is a province in the
central Luzon region in the Philippines, has similar words* Pampanga, L aguna, Hagonoy, Calumpit, etc” which are also places (provinces, municipalities),
Pampanga, Hagonoy, and Calumpit being geographically in close boundaries with Bulacan, and “Bocaue, Pulilan, Hangonoy” being towns and
municipalities in Bulacan. We also see the word neighbors for “suicide,” which includes “sucide,” which is a common wrong spelling for “suicide,”
“magpakamatay,” which is the Filipino translation, and other “suicide’ related words in both languages. We can a so see “bombing and kidnapping,”
which are common words seen with suicide as per news articles such as “suicide bombing.” We also see the words mostly associated with symptoms
such as “anxiety, worry, pain, galit (mad), irita (irritated), and magbigti (hang).”.

word = "bulacan"

[('pampanga', ©0.7358443737030029),

('laguna', @.7199677228927612),
('hagonoy', 0.6931978464126587),
('cavite', 0.6815253496170044),
('batangas', 0.6798783540725708),
('bocaue', 0.6739640235900879),
('bulakan', 0.6643749475479126),
('pulilan', 0.6537086367607117),
('calumpit', 0.644932210445404),
('pangasinan', 0.6382399797439575)]

word = "anxiety"
[('depression', ©.6644597053527832),
('migraine', 0.6080722212791443),
('depresyon', ©.5789698958396912),

word = "worry"

[(‘wori', ©.5607364177703857),
('promise’, ©.5451393723487854),
('sure', 0.5236937999725342),

word = "pain"
[('pains', 0.6610055565834045),

('sadness', 0.6096132397651672),
('discomfort', 0.5701459050178528),

word = "suicide"

[('sucide', ©.5407605767250061),
('pagpapakamatay', ©.5233020186424255),
('death', 0.49004361033439636),
('pagpapatiwakal', 0.47800150513648987),
('murder', 0.46966496109962463),
('hysteria', 0.4609432518482208),
('bombing', ©0.45023512840270996),
('nagpakamatay', 0.4378076195716858),
('panic', 0.4366177022457123),
('kidnapping', ©0.4298591613769531)]

word = "galit"
[('"inis', 0.7204680442810059),

('nagagalit', 0.6484684348106384),
('poot', 0.6338117122650146),

word = "irita"
[('inis', 0.6198936104774475),
('naiirita', 0.5976190567016602),
('imbyerna', 0.559351921081543),

word = "magbigti"
[('magpatiwakal', ©.7025496363639832),

(*‘magpakamatay', ©.6339846253395081),
('saksakin', ©.5900859236717224),
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Figure 12. Language model analogies. Synonyms were captured, such as“maganda’ (beautiful) isto “pretty” and “ugly” isto “pangit” (ugly). Thisis
another example of the model capturing word similarities in Filipino and English code switching. Antonyms were also captured, “gusto” (want) is to
“ayaw” (do not want) and “want” isto “need.” In addition, part-whole and superclass were captured, “gulong” (tire) isto “tela’ (fabric) and “kotse”
(car) isto “sinulid” (thread). Other examples captured: “pagkain” (food) isto “aso” (dog), “takoyaki” (octopus balls) isto “hayop” (animal), “Nanay”
(mother) isto “babae” (woman), and “tatay” (father) isto “lalaki” (man).

positive=['maganda', 'ugly'l, negative=['pretty']
[('pangit', 0.5525190234184265)]

positive=['gusto', 'want'], negative=['ayaw']
[("need', 0.6499773263931274)]

positive=['qgulong', 'tela'l, negative=['kotse']
[('sinulid', 0.5436260104179382)]

positive=['pagkain', 'aso'l, negative=['takoyaki']
[("hayop', 0.508664071559906) ]

positive=['nanay', 'babae'l, negative=['tatay']
[('lalaki', 0.7116712927818298) ]

Figure 13. Language model faults and biases: thefirst 2 examples show some faults with currency and geography, which gave incorrect results. Gender
biases are also shown in the last 2 examples; if “captain” isto “man,” the model resultsin a“woman” asa“villain.” In addition, if “doctor” isto “man,”
the model outputs “woman” isto “psychiatrist.”.

positive=['peso', 'baht'], negative=['philippines']
[('dollar', 0.583448588848114)]

positive=['manila', 'bangkok'], negative=['philippines']
[('maynila', 0.5512936115264893)]

positive=['captain', 'woman'], negative=['man']
[('villain', 0.43109777569770813)]

positive=['doctor', 'woman'], negative=['man']
[('psychiatrist', ©0.5288854241371155)]
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Data Set Limitations

Age Group Limitation

The population included in this study focuses on the young adult
population (aged 18-30 years). The created data set may not be
generalizable to other population samples as the language and
social mediause of individuals may be different within different
age demographics.

Tweet Symptom Annotation Limit

In this study, a maximum limit of 3 symptoms per tweet is
enforced as part of the annotation guideline. This is aimed at
simplicity because of the complex nature of the annotation task.
Aside from the number of tweets to be annotated, several
depression categories are also considered, which proved quite
challenging for the annotators. For binary label classification
tasks (depression symptom vs nondepression symptom), this
limitation may be ignored as the presence of at least one
symptom is considered a depression symptom label. Multilabel
classification tasks (14 symptom depression categories) should
be considered as a limitation of the created data set, as some
symptoms may not be included in some tweets.

Data | mbalance

This study ensuresthe validity of depression screening for each
participant, requiring multiple data collection workflow steps
and the participation of both participants and mental health
experts. Because of the limited slots for expert assessment, the
data collected shows an imbal ance between the participants for
the depressed and control groups. Thisdata set imbalance might
be worth noting for user-level depression detection studies, but
because the goa of this study is to create a tweet-level
annotation of depression and not on a user level, the data
imbalance on the user level isinsignificant. However, it is useful
that al participants were assessed by experts, so the results of
all tweet-level analyses can be routed back or compared with
user-level analyses, which unfortunately is not a scope of this
paper but can be explored in the future.

Another class imbalance in this data set is the distribution of
sex. Inthisdata set, 85% are femal e participants (61 femaleand
11 male participants). This may be attributed to the higher
prevalence of depression in female individuals among young
adults in the Philippines [33], while some similar studies on
web-based mental health intervention show similar patterns of
gender imbalance where participants are mostly female [44].
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These data set limitations should be noted when doing data
analysis on the resulting data set.

Conclusions and Future Work

Valid data sets need to be constructed to develop solutions to
identify depression patternsthrough NL P and machinelearning.
This study aimed to help in the area of depression research
through the construction of depression data sets from social
mediato aid NLPinthe Philippine setting. The proposed process
included interdisciplinary methods between psychology and
data science methods, implementing clinical screening methods
with the help of psychologists. A total of 72 participants were
assessed by psychol ogists and provided their Twitter data, with
60 assessed with depression and 12 not assessed with depression.
A baseline data set of depression symptoms in tweets was
created by manual annotation in a process constructed, guided,
and validated by psychologists. Intotal, 13 depression categories
and 1 no symptom category wereidentified during this process.
This annotation process was done by 3 annotators,
accomplishing a substantial interannotator agreement score of
Fleiss k of 0.735 and a 95.59% psychologist validation score.
From thistask, atotal of 79,614 depression symptom—annotated
tweets are created. A language model using the word2vec
algorithmisa so created, which can represent text into numbered
vectors and can be used in various machine | earning techniques
for NLP. This study created several validated data sets that can
be used further to enhance depression research in the
Philippines.

For future research, 4 directions can be explored. (1) Thisstudy
suggests future research to apply the methodol ogies performed
in this study to improve the classimbalance and size of the data
sets. The data sets can be further expanded to collect more users
and Twitter data, and the annotation process of detection
symptoms can be expanded into more tweets. (2) The data sets
in this study can be used to explore the creation of depression
symptom detection modelsin social media data using machine
learning techniques on atweet-level detection. (3) Thedata sets
in this study can also be used to explore the creation of
user-level depression detection using socia media behavior
data, PHQ-9 data, and demographic data. (4) Finally, depression
symptom patterns can be explored further in depth between the
depression and nondepression groups in this data set, as both
groups contribute to the depression symptoms data set, and both
show some level of depression symptoms.

The authors are grateful to all participants for their interest and contribution, who believe this research will open doors to mental
health research opportunitiesin the country. Furthermore, the authorswould like to thank reviewersfor their support and influence
in shaping our methods and results and #MentalHealthPH and other clinics and organizations for helping them in participant
recruitment. This work was funded by the University of the Philippines (UP) System Emerging Inter-Disciplinary Research
Program (OVPAA-EIDR-C09-07).
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