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Abstract

With the ubiquity of social media platforms, millions of people are now sharing their

online persona by expressing their thoughts, moods, emotions, and even their daily struggles

with mental health on social media. Unlike traditional observational cohort studies con-

ducted through questionnaires and self-reported surveys, we explore the reliable detection of

clinical depression from social media obtained unobtrusively.

First, we developed a semi-supervised statistical model to evaluate how the duration of

these symptoms and their expression on Twitter align with the medical findings reported

via the PHQ-9. Based on the analysis of tweets crawled from users, we demonstrate the

potential of detecting clinical depression symptoms which emulate the PHQ-9 questionnaire

clinicians use today.

Over the course of this dissertation, we examine and exploit multi-modal big (social)

data to discern depressive behaviors using a wide variety of features including individual-level

demographics. By developing a multi-modal framework and employing statistical techniques

to fuse heterogeneous sets of features obtained through the processing of visual, textual, and

user interaction data, we significantly enhance the current state-of-the-art approaches for

identifying depressed individuals on social media as well as facilitate demographic inferences

from social media. Besides providing insights into the relationship between demographics

and mental health, our research assists in the design of a new breed of demographic-aware

health interventions.

Altogether, these research topics, resulted in a framework, that when executed, will assist

in identifying community-level risk and protective factors associated with the diagnosis and

treatment of depression that could be an efficient means of studying patterns of access and

utilization of mental health services to inform interventions.
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Chapter 1

Introduction

1.1 Depression: An emerging societal burden

Depression is a highly prevalent public health concern and a major cause of disability world-

wide. Depression affects 6.7% (i.e., about 16 million) Americans each year [42]. According

to the World Mental Health Survey conducted in 17 countries, about 5% of people reported

having at least one depressive episode in 2011 [34]. Untreated or undertreated depressive

symptoms can lead to suicide and other chronic and risky behaviors such as drug or alcohol

addiction [52]. More than 90% of people who commit suicide have a pre-existing diagnosis

of depression [45]. Depression is also known to negatively affect daily aspects of life such as

work, school, sleeping and eating habits, and family or personal relationships [15]. Recent

studies also show strong associations between mental disorders and chronic diseases such as

cardiovascular disease, diabetes, asthma [28], obesity, and several adverse health behaviors

like smoking [6], physical inactivity, and heavy drinking [51].

Global efforts to curb depression involve identifying depressive symptoms through survey-

based methods employing online questionnaires. These approaches suffer from under-representation

as well as sampling bias. Survey data also exhibit problems due to temporal gaps between

the data collection and dissemination of findings.
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1.2 Harnessing Internet and social media for public

and mental health problems

Recent years have witnessed rapid growth in the analysis of social media for studying a wide

range of health problems from detecting the influenza epidemic [13] and cardiac arrest [8]

to studying mood and mental health conditions [55, 57]. The widespread adoption of social

media where people voluntarily and publicly express their thoughts, moods, emotions, and

feelings, and share their daily struggles with mental health has not been adequately tapped

into studying mental illnesses, such as depression. Insights gleaned from social media such

as Twitter can be complementary to the current survey-based methods that can assist both

governmental and non-governmental organizations in policy development.

The visual and textual content shared on different social media platforms like Twitter

offer new opportunities for a deeper understanding of self-expressed depression both at an

individual and community-level. For instance, the news headline ”Twitter Fail: Teen Sent

144 Tweets Before Committing Suicide & No One Helped” highlights the need for better

tools for gleaning useful insights from user generated content on social media platforms that

can assist policy designers in providing resources for individuals with depressive symptoms.

Recent analyses have lead to data-driven discoveries alongside the traditional hypothesis-

testing social science process [3].

This thesis describes the efforts made to investigate this methodology, and focused on

the following primary tasks.

1. Leveraging the textual content of social data to reliably capture clinical depression

symptoms of a user over time and build a proactive and automatic depression screening

tool.

2. Employing the content of posted images (colors, aesthetic, and facial presentation) for

studying depressive symptoms.

3. Exploring how the choice of profile picture show any psychological traits corresponding

to a depressed online persona.
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4. Introduce a novel approach for studying the profiles pictures as a reliable source to

glean demographic information such as age and gender, and proposed a model for

community-level management of depression.

5. Studying the underlying themes among depressed individuals generated using multi-

modal content that can be used to reliably detect depression.

The outline of the particular topics researched to accomplish these is provided in the next

section.

1.3 Outline

This thesis is a cumulative dissertation that details the foundational research towards lever-

aging social data to address our country’s one of the most pressing public health crises. As

mentioned in the above introduction, the methods introduced here can be employed for the

measurement of depression symptoms in the populations as a complementary approach for

the current survey-based methods and give better understanding of the role of social media

in identifying the high risk/protective socio-ecological factors, and their degree of influence

in depressive behavior.

This research can be divided into four concrete topics that incrementally build towards

this goal. The remainder of this dissertation is outlined as follows:

Chapter 2 presents the first research topic which introduce a statistical model that em-

ulates traditional observational cohort studies conducted through online questionnaires by

extracting, categorizing, and timely monitoring of different depression symptoms in an unob-

trusive manner by modeling user-generated content in social media as a mixture of underlying

topics evolving over time. The primary contributions referenced in this section are:

• [57] Amir Hossein Yazdavar, Hussein S Al-Olimat, Monireh Ebrahimi, Goonmeet Bajaj,

Tanvi Banerjee, Krishnaprasad Thirunarayan, Jyotishman Pathak, and Amit Sheth.

Semi-supervised approach to monitoring clinical depressive symptoms in social media.
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In Proceedings of the 2017 IEEE/ACM International Conference on Advances in Social

Networks Analysis and Mining 2017, pages 1191–1198. ACM, 2017

A semi-supervised statistical model to extract, categorize and monitor depression symp-

toms for continuous temporal analysis of individual’s tweetsfds [57]

Chapter 3 discusses the usage of the content of posted images in terms of colors, aesthetic,

facial presentation, and their associations with depressive symptoms.

Besides, the underlying relationships between visual and contextual content of likely

depressed profiles further investigated.

Our contributions are as follows:

• [59] Amir Hossein Yazdavar, Mohammad Saeid Mahdavinejad, Goonmeet Bajaj, William

Romine, Amit Sheth, Amir Hassan Monadjemi, Krishnaprasad Thirunarayan, John M

Meddar, Annie Myers, Jyotishman Pathak, et al. Multimodal mental health analysis

in social media. Plos one, 15(4):e0226248, 2020

• Analysis of the content of posted images in terms of colors, aesthetic, facial presenta-

tion, and their associations with depressive symptoms [59]

• Mental health analysis with social signals [55]

Chapter 4 focuses on how demographic information inference can assist the better un-

derstanding of behavioral changes and population health.

First, we highlight the need for an approach to circumvent the inherent limitation of

social signals for demographic inference (e.g. age, gender, race) that we believe is a key for

gaining deeper insights for population health studies.

Then, we present our attempt to automate detection of social media users’ demographic

information employing both visual content as well as textual content of social signals as not

every user are willing to share their facial identity.

• An approach for facial landmark localization, to predict gender and age from the profile

as well as the shared images. [59]

4



• Demographic inference with textual content on social media [58]

Chapter 5 focuses on characterizing the potential linguistic patterns in vulnerable user’s

language. We provide an in depth analysis of textual content generated by vulnerable users

textual content in terms of their language aspects such as analytical thinking, clout, authen-

ticity, and emotional tone.

• An approach for characterizing linguistic patterns in depressive-behavior [59]

Chapter 6 presents concluding remarks through a brief summary that highlights the

overall contributions. Besides, we provide an outlook on future work.
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Chapter 2

Semi-Supervised Approach to

Monitoring Clinical Depressive

Symptoms in Social Media

2.1 Overview

Recently, analysis of social media posts has been very successful in studying a variety of

health problems [16, 10] and more specifically, much progress has been made in studying

mood and mental health through social media content. These studies can be categorized

into two major groups, namely, lexicon-based [37, 26] and supervised [17, 40, 18, 50]. These

studies have suggested the individual’s language style, emotion, ego-network, and user en-

gagement as discriminating features to recognize the depression-indicative posts. However,

the lexicon based approaches suffer from low recall and are highly dependent on the quality

of the created lexicon. On the other hand, supervised approaches require labor intensive

annotation of a huge dataset. Experiencing clinical depression is more than feeling down for

a few days [40]. According to PHQ-9 clinical depression symptoms should persist for a few

weeks. Hence, temporal monitoring of symptoms is crucial.

Inspired by that, we develop a statistical model which emulates traditional observa-
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tional cohort studies conducted through online questionnaires by extracting, categorizing,

and timely monitoring of different depression symptoms in an unobtrusive manner by mod-

eling user-generated content in social media as a mixture of underlying topics evolving over

time. To our knowledge, this is the first study that incorporates temporal analysis of user-

generated content on social media for capturing these tell-tale symptoms.

The Diagnostic and Statistical Manual of Mental Disorders (DSM)1 suggests that clinical

depression can be diagnosed through the presence of a set of symptoms over a fixed period

of time. The PHQ-9 2 is a nine item depression scale, which incorporates DSM-V. It can be

utilized to screen, diagnose, and measure the severity of depression.

We formulated the research hypothesis is that depressed individuals discuss their symp-

toms on Twitter. Symptoms of depression include decreased pleasure in most activities

(S1), feeling down (S2), sleep disorder (S3), loss of energy (S4), a significant change in ap-

petite (S5), feeling worthless (S6), concentration problems (S7), hyper/lower activity (S8),

and suicidal thoughts (S9). This is a top-down definition of depressive disorder through

its “symptomatology”. To validate this hypothesis, we first manually examined symptoms

in a random selection of 100 user profiles in our dataset. Table 2.1 illustrates a sample of

anonymized tweets and their associated symptoms in PHQ-9.

For this topic, we formulated the following research questions considering these concerns

and are addressed in the next section.

Q1. How well can textual content in social media be harnessed to reliably capture clinical

depression symptoms of a user over time and build a proactive and automatic depression

screening tool?

Q2. Are there any underlying common themes among vulnerable users?

2.2 Contributions

This section connects the individual contributions to the above research questions.

1https://www.psychiatry.org/psychiatrists/practice/dsm/dsm5
2http://www.cqaimh.org/pdf/tool phq9.pdf
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Table 2.1: Sample of depressive-indicative phrases collected from tweets
Clinical Depression Symptoms Depressive-indicative phrases in tweets

Feeling Down ”People hate me,” ”I am Ugly,”

Sleep disorder
”we will never sleep,” ”we’re fuxx dead”
”I’m that tired,” ”why can’t I sleep”

Lassitude
”0 energy to do anything”
”cba with work,”

Obsessed with weight
”Must not.eat,” ”must.be.thin”
”94lbs, urgh I disgust myself”
”Obssessed with my weight,”

Feeling bad about yourself
”I feel like a failure”
”Im a piece of shix,”

Suicidal Thought

”I don’t wanna wake up”
”all my blades are so fuxx blunt”
”Thinking hanging myself,”
”how much blood can bleed from a cut”

[57] Amir Hossein Yazdavar, Hussein S Al-Olimat, Monireh Ebrahimi, Goonmeet Bajaj,

Tanvi Banerjee, Krishnaprasad Thirunarayan, Jyotishman Pathak, and Amit Sheth.

Semi-supervised approach to monitoring clinical depressive symptoms in social media.

In Proceedings of the 2017 IEEE/ACM International Conference on Advances in Social

Networks Analysis and Mining 2017, pages 1191–1198. ACM, 2017

This contribution addresses Research Question Q1 and describes a framework that is able

to assess the level of depression expressed in tweets for each user profile in the dataset by

integrating lexicon-based method (top-down processing) with data-driven method (bottom-

up processing). Leveraging clinical articulation of depression, we build a depression lex-

icon that contains common depression symptoms from the established clinical assessment

questionnaire such as PHQ-9 [30]. Then, the model rank the terms and compile a list of

informative lexicon terms for each user and use them as seed terms to discover latent topics

(depression symptoms) discussed by the subject in his/her tweets (bottom-up processing).

Finally, we developed a probabilistic topic modeling over user tweets with partial supervision

(by leveraging seeded clusters), named semi-supervised topic modeling over time (ssToT),

to monitor clinical depression symptoms. We used ssToT to derive the per user topic (de-

pression symptoms) distribution and per topic word distribution to screen and determine a
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Figure 2.1: Sample profile descriptions of self-declared depressed individuals

trend of symptoms over time. The major contributions of this study are two-fold:

1. First, creating a lexicon of depression symptoms which are likely to appear in the

generated content of depressed individuals.

2. Second, developing a semi-supervised statistical model to extract, categorize and mon-

itor depression symptoms for continuous temporal analysis of individual’s tweets.

Dataset: We created a dataset containing 45,000 Twitter users who self-declared their

depression and 2,000 “undeclared” users who were collected randomly. In particular, for col-

lecting self-declared depressed individual’s profiles, we utilize a subset of highly informative

depressive indicative terms in our lexicon and find the profiles that contain the depressive-

indicative terms in their description. Figure 2.1 illustrates twitter profile descriptions of two

self-declared depressed individuals.

Approach: The framework we developed aims to automatically analyze user behavior

by continuously monitoring their social media content over time intervals. To this end, the

approach enriches the (Latent Dirichlet Allocation) LDA model’s expressiveness by intro-

ducing a predefined set of seed terms. We divide each user’s collection of preprocessed tweets

into a set of tweet buckets using a specific time interval of d days. The generative process

of the proposed model for a corpus C of individual user’s tweets consisting of B buckets is

shown in Algorithm-1.

In Algorithm-1, θ shows the distribution of symptoms over buckets while Φ is the dis-

tribution of words per symptom. We employ Gibbs Sampling to approximate the posterior

9



Algorithm 1 The generative process of ssToT

1: procedure AnalyzeTwitterProfile
2: for each symptom (topic) s ∈ 1, 2, ..., 9 do
3: Draw a distribution over terms and seed sets Φs ∼ Dirichlet(β)
4: end for
5: for each bucket (document) b ∈ 1, 2, ..., B do
6: Draw a distribution over topics θb ∼ Dirichlet(α)
7: for each word wi ∈ b do
8: Choose a symptom (topic) si ∼ multinomial(θb)
9: Choose a word wi ∼ multinomial(Φsi)

10: end for
11: end for
12: end procedure

distribution over the assignment of words to topics, P (s|w). We then estimate Φ and θ

using this posterior distribution. My strategy for discovering symptoms (topics) differs from

previous methods as we incorporate prior knowledge into the inference by assigning the pre-

defined seed terms into only one of the symptoms (topics). Inspired by [4], we adapt the

Gibbs Sampling equation by restricting a topic si to a single corresponding value for each

user-specific seed term or phrase. Each term wi is assigned to the largest probability symp-

tom associated with it in Φ. We change the probability of a symptom over a bucket to zero if

the number of seed terms associated with it is less than a threshold τ . Similarly, to filter out

polysemous seed terms, we aggregate the sentiment polarity of all sentences containing all

seed terms over a bucket. If the aggregated polarity is positive, we assign the probability of

zero to all symptoms in that bucket. Finally, we visualize the probability of each symptom

over the bucket in matrix θ for further analysis and monitoring. Apart from that, if the

probability of a symptom is more than a threshold τ , the symptom would be assigned to the

bucket as a label. In this manner, our model can be utilized as a multi-label classifier over

a time interval.

Quantitative Results Since ssToT is based on semi-supervised learning, it can be con-

sidered a clustering based approach and evaluated based on clustering evaluation measures.

In addition, we are also able to employ classification accuracy to evaluate the performance

of our method for symptom discovery.
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Coherence Measures: Topic coherence measures score a single topic by identifying the

degree of semantic similarity between high-scoring words in that topic. In this manner, we

can distinguish between semantically interpretable topics and those which are artifacts of

statistical inference. The state of the art for this evaluation criterion can be grouped into two

major categories: intrinsic and extrinsic measures. Intrinsic measures evaluate the amount

of information encoded by the topics over the original corpus used to train the topic models.

Another common intrinsic measure is UMass presented by [36], which measures the word

co-occurrence in documents:

UMass(wi, wj) = log
D(wi, wj) + ε

D(wi)

where D(wi, wj) counts the number of documents containing both wi and wj words, and

D(wi) counts the ones containing wi, over the same training corpus, and ε is the smoothing

factor. The UMass metric computes these probabilities over the same corpus used to train

the topic models.

Conversely, extrinsic evaluation metrics estimate the word co-occurrence statistics on

external datasets such as Wikipedia. The UCI metric introduced by [38] utilizes the Pointwise

Mutual Information (PMI) between two words,

UCI(wi, wj) = log
p(wi, wj) + ε

p(wi)p(wj)

where the word probabilities are calculated by counting word co-occurrence in a sliding

window over an external dataset such as Wikipedia. Recently, another topic coherence

measurement has been introduced by [2] which considers context vectors for every topic’s

top word. For every word w, a context vector is generated using word co-occurrence counts

employing context window of size +-n surrounding that word. By calculating Normalized

PMI (NPMI), they showed their method has a strong correlation with human topic coherence

rating. The higher the topic coherence measure score, the higher the quality of the topics.

This, in turn, leads to better topic interpretability, given that our purpose is to extract

meaningful and interpretable topics associable with depressive symptoms.

11



Table 2.2: Sample of learned topics (symptoms) by ssToT vs LDA and their associated
coherency scores

Model Label Top Words UMass UCI NPMI

ssToT

Sleep
Disor-

der

cant sleep, wanna sleep, night, nighttime,
sleepy, need to sleep, hour, sleepover,

bedtime, go to sleep, mess, dream, midnight
crying, painful, 5:00 AM, guilt, struggle,
headaches tonight, morning, coffee, duvet,

hungover, bbe

−1.23 −1.28 −0.01

Eating
Disor-

der

fat, eat, kg, weight loss, negative calories, lbs,
thin, my thighs, paper thin, binge, eating
disorder, abs, stomach, bulimic, hating,

salad, pretend, gain, starve, mcdonalds, bones,
chubby, flat, skip, wears, kcal, puffy, hippo,

mfp, ugw

−1.18 0.20 0.02

Suicidal
Thoughts

self harm, cut, suicide, live, scar, blade, dead,
alive, bleed, need my blade, death, hanging,

deserve pain, kill me now, gun, want to die,
knife, daisies, opinion, meh, razor, sharp,

wrists, pictures, never wake up, wanna cut,
stfu, ew

−0.66 1.13 0.09

LDA

Topic
8

Sleepover, september, lost, interest,
exaggerating, its my fault, ugh, sleep, skin,
dish, saved, wake up, blocked, blow, ipad,

touches

−1.44 −2.84 −0.1

Topic
6

thigh, blood, big, beautiful, thin, smile, sleep,
blood, leave, stay, worthless, fat, tear,

pretending, sadness, fake, ugly, god, skin, eat,
morning

−3.31 −2.65 −0.08

Topic
3

Blade, ugly, fat, blood, smile, mirror, call, fit,
eat, stay, beautiful, sleep, big, tear, sad, devil,

god, skin, music
−2.69 −3.69 −0.09

For addressing the the Research Question Q2 we conduct extensive qualitative analysis

to further explore the common themes among vulnerable users.

Qualitative Results: Discovery of common depressive symptoms

The proposed ssToT model discovers depressive symptoms as latent topics from sliding

window on buckets of timestamped tweets posted by users. We rank the top terms in each

symptom p(w|s) in descending order. Table 2.2 illustrates the sample of topics learned by

ssToT and LDA model. The seeded words for the ssToT model are boldfaced, and words

12



that are judged as relevant are italicized. We observe that by constraining seed terms to

a specific symptom, the discovered terms are more relevant to that category. For example,

in LDA model Topic 8 contains three terms relevant to “Sleep Disorder” (S3); however,

it also contains lots of irrelevant terms which makes the emphasis of this topic off-target.

Although Topic 6 from LDA contains terms relevant to “Eating Disorder” (S5), it also

contains some terms related to “Sleep Disorder” and “Suicidal Thoughts” (S9). Similarly,

for Topic 3, it contains terms associated with both the “Eating Disorder” and “Suicidal

Thoughts” categories. Therefore, the topics discovered with LDA are not interpretable for

the purpose of this study.

In contrast, the topics learned from the ssToT model contain more relevant terms associ-

ated with symptom category and more interpretable topics (see Table 2.2). Additionally, the

ssToT model also captures acronyms that people use in social media; for instance, in symp-

tom 5 (Eating Disorder) “ugw” stands for “Ultimate Goal Weight” and “mfp” for “More

Food Please”, or in symptom 2 (Lack of Interest) “idec” for “I Don’t Even Care”. We also

observe the excessive usage of expressive interjections in language used by depressed users.

Terms such as “argh” (showing frustration), “aw” (indicative of disappointment), “feh” (in-

dicative of feeling underwhelmed), “ew” (denoting disgust), “Huh” (indicator of confusion),

“phew” (showing relief) were mostly discovered in their related symptoms category.

Furthermore, we observe that there are common themes and triggers of clinical depression

at the community level that they do not existing in PHQ-9. In most cases, depressed users

discuss their family and friend problems and the need for their support. For example the

topic {family, hugs, attention, parents, competition, daddy, mums, sigh, grandma, losing,

maam, friendless, love, friend, mommy, people, boyf, gf} shows that the person is suffering

from a relationship problem. Another common theme is school and academic stress {schools,

college, exam, classmate, friendless, teacher, assignment}.
In summery, our proactive and automatic screening tool is able to identify clinical de-

pressive symptoms with an accuracy of 68% and precision of 72%.
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Chapter 3

Studying Depressive Behavior

through Visual Imagery

3.1 Overview

According to eMarketer[33], photos accounted for 75% of content posted on Facebook world-

wide, and are the most engaging type of content (87%). The ease and naturalness of expres-

sion through visual imagery can serve to glean depressive symptoms in vulnerable individuals

who often seek social support through social media [48]. Thus, the choice of profile image

can be a proxy for one’s online persona [31], providing a window into an individual’s mental

health status. For instance, choosing a profile image with the emaciated legs of an individual

with several cuts portrays negative self-view. Moreover, psychologists have argued that peo-

ple use pictures to communicate messages in social media posts which represent our “Ideal

Self”, or who we want to be. Indeed, we are constantly motivated to pursue behaviors that

bring us closer to our Ideal Self.

The recent emergence of photo-sharing platforms such as Instagram, provides a unique

opportunity to study people’s behavior through the emotions [54] with broader application

in personality prediction [41] and demographic inferences. Utilizing these platforms for

population-levels analysis helps to improve public health concerns [23] such as obesity [35],
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Figure 3.1: Sample profile descriptions of self-declared depressed individuals

substance use [24], depression, and anxiety [53]. The strong associations between color

sensitivity and mood has been highlighted by several studies [7]. In an earlier research, a

strong correlation between specific color selection such as yellow and depressive behavior has

been reported by [32]. The general findings suggest that people suffering from depression

are likely to reveal their mood through their choice of colors (such as preference for darker

shades) in everyday life situations [9].

Thus, the extraction of emotional state from the visual content of posted images and

profile images where it can express users’ emotions more vividly investigated in this research.

As such, this research topic is concerned with the following questions.

Q3 . How well does the content of posted images (colors, aesthetic, and facial presentation)

reflect depressive symptoms?

Q4 . Does the choice of profile picture show any psychological traits corresponding to a de-

pressed online persona?
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Table 3.1: Facial Presence Comparison in Profile/Posted images for Depressed
and Control Users – *** alpha = 0.05

Face Found in % Of Users χ2

Depressed Control
Media 72% 81% 163.52***
Profile 4% 12% 167.2***

Not found 8% 7% 2.55

3.2 Contributions

[59] Amir Hossein Yazdavar, Mohammad Saeid Mahdavinejad, Goonmeet Bajaj, William

Romine, Amit Sheth, Amir Hassan Monadjemi, Krishnaprasad Thirunarayan, John M

Meddar, Annie Myers, Jyotishman Pathak, et al. Multimodal mental health analysis in

social media. Plos one, 15(4):e0226248, 2020

In the publication, Multimodal Mental Health Analysis is Social Media [59], we investigate

how the visual content in posted images and profile images provide valuable psychological

cues for understanding a user’s depression status. As opposed to a typical computer vi-

sion framework for object recognition that relies on thousands of predetermined low-level

features, emotions reflected in facial expressions are important when assessing user’s online

behavior, attributes contributing to the computational aesthetics, and sentimental quotes

they may subscribe to. Besides, for capturing facial presence, we employed the model has

been introduced in [61] where a multilevel convolutional coarse-to-fine network cascade de-

veloped to tackle facial landmark localization problem. We identified facial presentation and

emotion from facial expression. Table 3.1 illustrates facial presentation differences in both

profile and posted images (media) for depressed users and control users in Ut. For the con-

trol class, facial presence was significantly higher in both profile images and shared media

(8%, 9% respectively) compared to the depressed class. In contrast with age and gender

disclosure, vulnerable users were less likely to disclose their facial identity, possibly due to

lack of confidence or fear of stigma.

General Image Features: The importance of interpretable computational aesthetic

features for studying users’ online behavior has been highlighted before [14]. Color, as
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a pillar of the human vision system, has a strong association with conceptual ideas like

emotion [25]. We measured the normalized red, green, blue, the mean of the original colors,

brightness, and contrast relative to variations of luminance. We represented images in Hue-

Saturation-Value color space that seems intuitive for humans, and measured the mean and

variance for saturation and hue. Saturation is defined as the difference in intensity between

different light wavelengths that compose the color. Although hue is not interpretable, high

saturation indicates vividness and chromatic purity, which are more appealing to the human

eye [31]. Colorfulness is measured as a difference against gray background [46]. Naturalness

is a measure of correspondence between images and human perception of reality [46]. In color

reproduction, naturalness is measured from the mental recollection of the colors of familiar

objects.

Additionally, there is a tendency among vulnerable users to share sentimental quotes

bearing negative emotions. We performed optical character recognition (OCR) with python-

tesseract to extract text and their sentiment [20] score. As illustrated in Table 3.2, vulnerable

users tend to use less colorful (higher grayscale) profile images and shared images to convey

their negative feelings, and also share images that are less natural.

In general, control users identified darker, grayer colors with negative mood, and gener-

ally preferred brighter, more vivid colors. By contrast, vulnerable users were found to prefer

darker, grayer, and bluer colors. We found a strong positive correlation between self-declared

depression and a tendency to perceive one’s surroundings as gray or lacking in color. With

respect to the aesthetic quality of images (saturation, brightness, and hue), there is a signifi-

cant difference between the two classes, with depressed users more frequently sharing images

that are less appealing to the human eye.

We employed an independent samples t-test, while adopting Bonferroni Correction as a

conservative approach to adjust the confidence intervals. Overall, we had 223 features, and

chose Bonferroni-corrected alpha level of 0.05/223 = 2.24e− 4 (*** p < alpha, **p < 0.05).

In general, the control users identified darker, grayer colors with negative moods, and

generally preferred brighter, more vivid colors. In contrast, vulnerable users preferred darker,

grayer colors, and bluer images. Vulnerable users shared images that are less aesthetically
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Table 3.2: Statistical significance (t-statistic) of the mean of salient features for
both depressed and control classes – ** alpha= 0.05, *** alpha = 0.05/223

Feature
Depressed

(µ)
Control

(µ)

95 percent
Conf.

interval
T-stat

Image-based

Prof. colorfulness 108.05 118.85 (-15.38, -6.22) -4.62***
Prof. avgRGB 134.39 139.00 ( 2.3 6.92) -3.92***
Prof. naturalness 0.37 0.61 (-0.304, -0.192) -12.72***
Prof. hueVAR 0.0517 0.072 (-0.027, -0.008) -4.56***
Prof. saturationV 0.032 0.040 (-0.015, -0.003) -3.92***
Prof. saturationM 0.21 0.31 (-0.122, -0.078) -8.95***
Shared BlueChanM 119.53 134.09 (-9.82, -19.28) -6.04***
Shared GrayScaleM 0.54 0.49 (0.03, 0.068) 5.47***
Shared Colorfulness 106.12 122.37 (-14.98, -10.753) -11.94***
Shared SaturationV 0.033 0.047 (-0.01, -0.010) -9.26***
Shared SaturationM 0.198 0.289 (-0.106, -0.074) -10.95***
Shared Naturalness 0.486 0.651 (-0.193, -0.136) -16.28***

Social-based

Friends count 610.196 1380.25 (-1023, -516) -5.98***
Followers count 589.47 1340.83 (-1148.08, -354) -3.727**
Statuses count 3722 7766 (-6281, -1806) -3.55**
Avg favorite cnt 0.22 0.67 (-0.781, -0.103) -2.57**
Avg retweet cnt 876.75 2720 (-2673, -1013) -4.36***
Favourites count 2021 5199.67 (-5038, -1317) -3.35**

pleasing with lower sharpness, and those that do not contain faces or contain only one face.

On the other hand, control users tended to use sharper images with multiple faces. Addi-

tionally, vulnerable users shared images with more text content, often containing depressive

quotes and negative sentiments. The desire to socialize and connect with others is also

manifested in the visual imagery of vulnerable users. The images shared by vulnerable users

tend to contain a single face (belonging to the user), rather than surrounded by friends and

family. This further indicates the focus on the self, which is one of the most consistent

markers of a mental disorder. This is also associated with an extensive usage of first person

singular pronouns – which is another reliable marker of depression in content analysis of

depressive behavior.
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Chapter 4

Demographic Information Inference

with Social Media

4.1 Overview

Inferring demographic information like gender and age can be crucial for stratifying our

understanding of population-level epidemiology of mental health disorders. Relying on elec-

tronic health records data, previous studies have explored gender differences in depressive

behavior from different angles including prevalence, age of onset, comorbidities, as well as

biological and psychosocial factors. For instance, women have been diagnosed with depres-

sion twice as often as men, [43]. On the other hand, suicide rates for men are three to five

times higher compared to women [5].Although depression can affect anyone at any age, the

signs and risk factors for depression vary for different age groups [12]. Depression triggers

for children include domestic violence, and loss of a pet, or family member. For adolescents,

depression may arise from hormonal imbalances.

Age Enabled Ground-truth Dataset: We extracted a user’s age by applying regular

expression patterns to profile descriptions (such as ”17 years old, self-harm, anxiety, depres-

sion”). We compiled ”age prefixes” and ”age suffixes”, and used three age-extraction rules:

1. I am X years old, 2. Born in X, and 3. X years old, where X is a ”date” or age (e.g., 1994).
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Figure 4.1: The age distribution for depressed and control users in ground-truth dataset

Fig 4.1 depicts the age distribution in Ua. The general trend, consistent with the results in

[60], is biased toward younger individuals . Indeed, according to the Pew Research Center,

47% of Twitter users are in general 30 years old or younger [19]. The median age is 17 for

the depressed class versus 19 for the control class. This suggests that the depressed-user

population is younger, or depressed adolescents are more likely to disclose their age in order

to connect with peers (social homophily)[1].

Gender Enabled Ground-truth Dataset: We selected a subset of 1464 users Ug from

Ut who disclosed their gender in their profile description. For statistical significance, we

performed a chi-square test (null hypothesis: gender and depression are two independent

variables). Fig 4.2 illustrates gender association with each of the two classes. Blue circles

(positive residuals, see Fig 4.2-A,D) show a positive association among corresponding row and

column variables, and the red circles (negative residuals, see Fig 4.2-B,C) imply a repulsion.

Our findings indicate a strong association (Chi-square: 32.75, p-value:1.04e-08) between

female gender, and expression of depressive symptoms on Twitter. These observations are

consistent with the current literature which have shown that more women than men are

diagnosed with depression [22].

Q5 . Are profiles pictures reliable enough to represent demographic information such as age
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Figure 4.2: Gender and Depressive Behavior Association (Chi-square test: color-code:
(blue:association), (red: repulsion), size: amount of each cell’s contribution)

and gender, and can they be used for community-level management of depression?

Q6 . Is there any other clue in the written content of the users that can be used for predicting

age and gender information?

4.2 Contribution

[59] Amir Hossein Yazdavar, Mohammad Saeid Mahdavinejad, Goonmeet Bajaj, William

Romine, Amit Sheth, Amir Hassan Monadjemi, Krishnaprasad Thirunarayan, John M

Meddar, Annie Myers, Jyotishman Pathak, et al. Multimodal mental health analysis in

social media. Plos one, 15(4):e0226248, 2020

In the publication, Multimodal Mental Health Analysis is Social Media [59], we investigate

both the visual and textual content for predicting age and gender.

Prediction with Textual Content: We employed [47]’s weighted lexicon of terms that
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uses the dataset of 75,394 Facebook users who shared their status, age, and gender. The

predictive power of this lexica was evaluated on Twitter, and Facebook, showing promising

results [47]. Utilizing these two weighted lexicon of terms, we predict the demographic

information (age or gender) of useri (denoted by Demoi) using the following equation:

Demoi =
∑

termsεlex

Weightlex(term) ∗ Freq(term, doc)i
WC(doc)i

where Weightlex(term) is the lexicon weight of the term, and Freq(term, doc)i represents

the frequency of the term in the user generated doci, and WC(doc)i measures total word

count in (doc)i.

Prediction with Visual Imagery: Inspired by [61]’s approach for facial landmark local-

ization, we used their pre-trained CNN consisting of convolutional layers, including unshared

and fully-connected layers, to predict gender and age from both the profile and shared images.

Demographic Prediction Analysis We investigated the benefits and drawbacks of each

data modality for demographic information prediction. For gender prediction, on average,

the profile image-based predictor provided a more accurate prediction for both the depressed

and the control class (0.92 and 0.90), compared to the content-based predictor (0.82). For

age prediction, the textual content-based predictor (on average 0.60) outperformed both of

the visual-based predictors (on average profile: 0.51, Media: 0.53). However, not every user

provided facial identity on his or her account. We studied facial presentation for each age

group to examine any association between age group, facial presentation, and depressive

behavior. Less than 3% of vulnerable users between 11-19 years revealed their facial iden-

tity. Although the content-based gender predictor was not as accurate as the image-based

predictor, it is adequate for population-level analysis.
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Chapter 5

Characterizing Linguistic Patterns in

Depressive-indicative Language

5.1 Overview

Language biases in social media posts can be a good representative of emotional state. Fig

5.1 illustrates the word clouds that distinguish the word usage of likely-depressed and non-

depressed profiles. It is clear that depressed users often care more about their appearance.

This is indicative by their usage of terms such as “pretty” and “beautiful.” They also have a

tendency to talk about their family and relations using words such as family, hugs, parents,

daddy, mums, sigh, grandma, maam, friendless, love, friend, mommy, people ,boyf, and gf.

In contrast, the control users usually talk about daily events and news such as “hurricane”

and “Trump”. Such differences in word usage highlight the fact that user generated words

can be distinguishable features for detecting depressed user profiles.

Q7 . Is there any language cues that characterize vulnerable users?
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Figure 5.1: Word usage difference of likely vulnerable individuals versus random profiles

5.2 Contribution

[59] Amir Hossein Yazdavar, Mohammad Saeid Mahdavinejad, Goonmeet Bajaj, William

Romine, Amit Sheth, Amir Hassan Monadjemi, Krishnaprasad Thirunarayan, John M

Meddar, Annie Myers, Jyotishman Pathak, et al. Multimodal mental health analysis in

social media. Plos one, 15(4):e0226248, 2020

In this publication, Multimodal Mental Health Analysis in Social Media [49], we provided an

in depth analysis of textual content generated by vulnerable users textual content in terms

of analytical thinking, clout, authenticity, and emotional tone.

Thinking Style: The words we use to communicate can reveal our style of thinking.

There are two common approaches for extracting an individual’s thinking style. First, mea-

suring one’s natural way of trying to understand, analyze, and organize complex events has

a strong association with analytical, formal, and logical thinking. Linguistic Inquiry and

Word Count (LIWC) relates higher analytic thinking to more formal and logical reasoning,

whereas a lower value indicates a focus on narratives. Second, cognitive processing, which

measures problem solving in the mind, is captured through words such as ”think,” ”be-

lieve,” ”realize,” and ”know” and demonstrates ”certainty” in communication. High values

for analytical thinking implies clarity of thought.

Critical thinking: ability is related to education [29], and is impacted by different

stages of cognitive development at different ages [29]. It has been shown that older people

communicate with greater cognitive complexity while comprehending nuances and subtle
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differences [29]. All of these findings corroborate with our results (Table 5.1.)

We observed notable differences in raw intelligence and the ability to think analytically in

depressed and control users among different age groups (see Figure 5.2- A, F and Table 5.1).

Overall, vulnerable younger users do not think as logically based on their relative analytical

score and cognitive processing ability. We can also observe that the differences between age

groups above 35 tend to become smaller [21].

Authenticity: Authenticity measures the degree of honesty. Authenticity is often as-

sessed by measuring present tense verbs, first person singular pronouns (e.g., I, me, my), and

by examining the linguistic manifestations of false stories [39]. There is a decreasing trend

in authenticity with age (see Fig 5.2-B.) Authenticity for depressed adolescents is strikingly

higher than their control peers, and decreases with age (Fig 5.2-B.)

Clout: People with high clout speak more confidently and with certainty, employing

more social words with fewer negations (e.g., no, not) and swear words. In general, mid-life

is relatively stable w.r.t. relationships and work. We see the same pattern in our data (see

Fig 5.2-C and Table 5.1). Unsurprisingly, lack of confidence (the 6th PHQ-9 [30] symptom)

is a distinguishable characteristic of vulnerable users, leading to their lower clout scores,

especially among depressed users younger than 34 years old.

Self-references: First person singular words often indicate interpersonal involvement,

and their high usage is associated with negative affective states such as nervousness and

depression [44]. Consistent with prior studies, the frequency of first person singular words

for depressed users is significantly higher compared to that of the control class. Similarly to

[44], adolescents tend to use more first-person (e.g. I), and second person singular (e.g. you)

pronouns (Fig 5.2-G). The impact of the above phenomenon is reflected in significantly higher

frequency of self-references for depressed adolescents. As with the control class, a downtrend

suggests that as depressed individuals age, they make more distinctions and psychologically

distance themselves from their topics.

Informal Language Markers; Swear, Netspeak: Swear lexicon includes terms such

as “fu**”, “dam*”, and “shi*”. Several studies have highlighted that the use of profanity

by young adults has significantly increased over the last decade [27]. We observed the same
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pattern in both the depressed and the control classes (Table 5.1), with a higher rate for

depressed users [17]. Psychologists have also shown that swearing may indicate that an

individual is not a fragmented member of a society [27]. Depressed adolescents who show

a higher rate of interpersonal involvement and relationships, have a higher rate of cursing

(Fig 5.2-E). Also, Netspeak lexicon measures the frequency of terms such as ‘lol’ and ‘thx’.

Although the rate is higher for the depressed class, we did not find any pattern concerning

adult development.

Sexual, Body: The sexual lexicon contains terms like ”horny”, ”love”, and ”incest”,

and body terms like ”ache”, ”heart”, and ”cough”. Both start with a higher rate for de-

pressed users and decreases gradually as they age , possibly due to changes in sexual desire

with age [11] (Fig 5.2-H,I and Table 5.1.)

26



Figure 5.2: Characterizing Linguistic Patterns in two aspects: Depressive-behavior and Age
Distribution
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Table 5.1: Statistical Significance Test of Linguistic Patterns/Visual Attributes
for Different Age Groups with one-way ANOVA, *** alpha = 0.001, ** alpha =
0.01

Text-based

Feature
Mean
(SD) F-value

[11,19) [19,23) [23,34) [34,46) [46,60)

Analytic
27.62
(16.62)

38.61
(19.16)

47.28
(20.69)

67.88
(18.51)

72.05
(20.79)

84***

Authentic
58.54
(19.54)

55.04
(20.04)

49.21
(22.05)

33.99
(19.73)

28.39
(19.04)

22***

Clout
51.6
(21.35)

53.43
(21.26)

56.27
(19.81)

70.28
(17.46)

71.21
(13.50)

9***

Dic
85.04
(6.06)

82.63
(6.21)

80.48
(6.56)

75.87
(6.91)

74.09
(5.95)

37***

Article
3.52
(0.78)

3.92
(0.73)

4.00
(0.80)

4.52
(1.38)

5.13
(1.00)

35***

Sixltr
15.48
(2.84)

16.58
(3.07)

18.65
(3.71)

20.88
(4.74)

21.33
(4.11)

52***

Cogn. words
12.17
(2.53)

11.24
(2.38)

10.99
(2.55)

8.36
(2.63)

8.75
(1.96)

28***

Self-ref
14.13
(2.35)

12.45
(2.56)

10.96
(2.60)

9.05
(3.69)

7.55
(3.38)

85***

Swear
0.96
(0.59)

0.89
(0.53)

0.57
(0.48)

0.36
(0.41)

0.33
(0.30)

18***

Money
0.27
(0.40)

0.38
(0.19)

0.45
(0.25)

0.52
(0.22)

0.78
(0.37)

15***

Work
0.80
(0.39)

1.09
(0.53)

1.31
(0.76)

1.67
(0.83)

2.02
(1.01)

69***

Image-based

Prof. Naturalness
37.80
(13.84)

48.05
(18.64)

52.33
(28.51)

64.33
(24.53)

68.07
(15.28)

10***

Prof. Saturation
20.31
(1.95)

23.27
(1.99)

29.78
(1.99)

38.76
(2.14)

33.13
(1.94)

9***

Prof. Colorfullness
106.47
(42.70)

107.95
(39.15)

111.01
(42.09)

113.97
(35.48)

123.60
(27.60)

0.89

Shared avgRGB
139.20
(18.12)

140.45
(16.00)

131.55
(16.32)

133.74
(22.41)

139.02
(22.30)

3**

Prof. GrayMean
0.471
(0.19)

0.474
(0.16)

0.456
(0.21)

0.470
(0.14)

0.450
(0.11)

0.12
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Chapter 6

Conclusion

6.1 Summary

In this thesis, we demonstrated the impact of social media on extraction and timely moni-

toring of depression symptoms. We developed a statistical model using a hybrid approach

that combines a lexicon-based technique with a semi-supervised topic modeling technique to

extract per user topic distribution (clinical, symptomatic of depression) and per topic word

distribution (symptom indicators) by textual analysis of tweets over different time windows.

Our approach complements the current questionnaire-driven diagnostic tools by gleaning

depression symptoms in a continuous and unobtrusive manner. Our experimental results

reveal that there are significant differences in the topic preferences and word usage pattern

of the self-declared depressed group from random users in our dataset which indicates the

competency of our model for this task. Our model yields promising results with an accu-

racy of 68% and a precision of 72% for capturing depression symptoms per user over a time

interval which is competitive with a fully supervised approach.

Besides, we presented an in-depth analysis of visual and contextual content of likely

depressed profiles on Twitter. We employed them for demographic (age and gender) inference

processes. We also developed a multi-modal framework, employing statistical techniques

for fusing heterogeneous sets of features obtained by processing visual, textual, and user
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interactions. Conducting an extensive set of experiments, we assessed the predictive power

of our multi-modal framework while comparing it against state-of-the-art approaches for

depressed user identification on Twitter. The empirical evaluation shows that our multi-

modal framework is superior to them and it improved the average F1-Score by 5 percent.

Effectively, visual cues gleaned from content and profile images shared on social media can

further augment inferences from textual content for reliable determination of depression

indicators and diagnoses.

Over the course of this dissertation, we have outlined a number of contributions that

have improved the process to what we see today.

First, we created a semi-supervised statistical model to evaluate how the duration of

these symptoms and their expression on Twitter align with the medical findings reported

via the PHQ-9[57].

Next, we significantly enhanced the state-of-the-art model for identifying depressive be-

havior in social media by developing a multi-modal framework and employing statistical

techniques to fuse heterogeneous sets of features obtained through the processing of visual,

and textual content.

Besides providing insights into the relationship between demographics and mental health,our

research assists in the design of a new breed of demographic-aware health interventions[56,

58].

These advances were combined, with inspiration from [56], to create a comprehensive

framework that exploit different data modality for understanding depressive behavior in

social media.

Altogether, these research topics, resulted in a framework, that when executed, will

assisting identifying community-level risk and protective factors associated with the diagnosis

and treatment of depression that could be an efficient means of studying patterns of access

and utilization of mental health services to inform interventions.
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6.2 Future Work

There is an immediate next step to address.

1. How can the models introduced in this research be leveraged to different data sources

such as longitudinal electronic health record (EHR) systems, private insurance reim-

bursement, and claims data, to develop a robust “big data” platform for detecting

clinical depressive behavior at the community level?

With respect to integrating the signals from social data along with longitudinal EHR

data, we envision that employing the geo-location information of the social media users, we

are able to perform the cross studies and expanding our findings analysis by gaining insights

from the other sources.

All in all, leveraging social media for assisting public health research have a healthy

outlook and can have a considerable impact on the state of the art, moving forward.
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Abstract

Depression is a major public health concern in the U.S. and globally. While successful early

identification and treatment can lead to many positive health and behavioral outcomes,

depression, remains undiagnosed, untreated or undertreated due to several reasons,

including denial of the illness as well as cultural and social stigma. With the ubiquity of social

media platforms, millions of people are now sharing their online persona by expressing their

thoughts, moods, emotions, and even their daily struggles with mental health on social

media. Unlike traditional observational cohort studies conducted through questionnaires

and self-reported surveys, we explore the reliable detection of depressive symptoms from

tweets obtained, unobtrusively. Particularly, we examine and exploit multimodal big (social)

data to discern depressive behaviors using a wide variety of features including individual-

level demographics. By developing a multimodal framework and employing statistical tech-

niques to fuse heterogeneous sets of features obtained through the processing of visual,

textual, and user interaction data, we significantly enhance the current state-of-the-art

approaches for identifying depressed individuals on Twitter (improving the average F1-

Score by 5 percent) as well as facilitate demographic inferences from social media. Besides

providing insights into the relationship between demographics and mental health, our

research assists in the design of a new breed of demographic-aware health interventions.

Introduction

Depression is a highly prevalent public health concern and a major cause of disability world-

wide. Depression affects 6.7% (i.e., about 16 million) Americans each year [1]. According to

the World Mental Health Survey conducted in 17 countries, about 5% of people reported hav-

ing at least one depressive episode in 2011 [2]. Untreated or undertreated depressive
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symptoms can lead to suicide and other chronic and risky behaviors such as drug or alcohol

addiction [3]. More than 90% of people who commit suicide have a pre-existing diagnosis of

depression [4].

Global efforts to curb depression involve identifying depressive symptoms through survey-

based methods employing online questionnaires. These approaches suffer from under-repre-

sentation as well as sampling bias. Survey data also exhibit problems due to temporal gaps

between the data collection and dissemination of findings.

Recent years have witnessed rapid growth in the analysis of social media for studying a

wide range of health problems from detecting the influenza epidemic [5] and cardiac arrest [6]

to studying mood and mental health conditions [7, 8]. The widespread adoption of social

media where people voluntarily and publicly express their thoughts, moods, emotions, and

feelings, and share their daily struggles with mental health has not been adequately tapped into

studying mental illnesses, such as depression. Insights gleaned from social media such as Twit-

ter can be complementary to the current survey-based methods that can assist both govern-

mental and non-governmental organizations in policy development.

The visual and textual content shared on different social media platforms like Twitter offer

new opportunities for a deeper understanding of self-expressed depression both at an individ-

ual and community-level. For instance, the news headline “Twitter Fail: Teen Sent 144 Tweets

Before Committing Suicide & No One Helped” highlights the need for better tools for gleaning

useful insights from user generated content on social media platforms that can assist policy

designers in providing resources for individuals with depressive symptoms. Recent analyses

have lead to data-driven discoveries alongside the traditional hypothesis-testing social science

process [9]. They have suggested that language style, sentiment, users’ activities, and engage-

ment expressed in social media posts can predict the likelihood of depression [10, 11]. These

studies often use psycholinguistic analysis, supervised and unsupervised language modeling,

and expressed topics of interest. However, except for a few attempts, [12–15], these investiga-

tions have seldom studied extraction of emotional state from the visual content of posted

images and profile images. Visual content can express users’ emotions more vividly, and psy-

chologists have noted that imagery is an effective medium for communicating difficult

emotions.

According to eMarketer [16], photos accounted for 75% of content posted on Facebook

worldwide, and are the most engaging type of content (87%). Indeed, “a picture is worth a

thousand words” and now, “photos are worth a million likes.” Similarly, on Twitter, the tweets

with image links get twice as much attention as those without [17], and video-linked tweets

drive up engagement [18]. The ease and naturalness of expression through visual imagery can

serve to glean depressive symptoms in vulnerable individuals who often seek social support

through social media [19]. Further, as psychologist Carl Rogers highlights, we often pursue

and promote our Ideal-Self. In this regard, the choice of profile image can be a proxy for one’s

online persona [20], providing a window into an individual’s mental health status. For

instance, choosing a profile image with the emaciated legs of an individual with several cuts

portrays negative self-view [21]. Moreover, psychologists have argued that people use pictures

to communicate messages in social media posts which represent our “Ideal Self”, or who we

want to be. Indeed, we are constantly motivated to pursue behaviors that bring us closer to our

Ideal Self.

Inferring demographic information like gender and age can be crucial for stratifying our

understanding of population-level epidemiology of mental health disorders. Relying on elec-

tronic health records data, previous studies have explored gender differences in depressive

behavior from different angles including prevalence, age of onset, comorbidities, as well as bio-

logical and psychosocial factors. For instance, women have been diagnosed with depression
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PLOS ONE | https://doi.org/10.1371/journal.pone.0226248 April 10, 2020 2 / 27

Funding: This work was supported by NIH

R01MH105384-01A1 (Jyotishman Pathak, PI, Amit

Sheth, PI, https://federalreporter.nih.gov/Projects/

Details/?projectId=891050). The funders had no

role in study design, data collection and analysis,

decision to publish, or preparation of the

manuscript.

Competing interests: The authors have declared

that no competing interests exist.

42



twice as often as men, [22] and a national psychiatric morbidity survey in the UK has shown a

higher risk of depression in women [23]. On the other hand, suicide rates for men are three to

five times higher compared to women [24]. Women are more likely to socialize and express

their dysphoria, while men tend to express their anger and show negative behaviors such as

alcohol abuse and drug dependency [25].

Although depression can affect anyone at any age, the signs and risk factors for depression

vary for different age groups [26]. Depression triggers for children include domestic violence,

and loss of a pet, or family member. For adolescents, depression may arise from hormonal

imbalances [27].

Late-life depression has caused the suicide rate in people aged 80 to 84 to be more

than twice that of the general population [28]. Depression in the elderly population often

occurs with other medical conditions that persist, which can increase the risk of death.

Therefore, inferring demographic information while studying depressive behavior from

passively sensed social data can shed better light on the population-level epidemiology of

depression.

The recent advancements in deep neural networks, specifically for image analysis tasks,

can lead to detecting demographic features such as age and gender [29]. We aim to show that

by determining and integrating a heterogeneous set of features from different modalities—

aesthetic features from posted images (colorfulness, hue variance, sharpness, brightness, blur-

riness, naturalness), choice of profile picture (for gender, age, and facial expression), screen

name, language features from both textual content and profile’s description (n-gram, emo-

tion, sentiment), sociability from ego-network, and user engagement—we can identify indi-

viduals who are more likely to be depressed from a data set of 8,770 human-annotated

Twitter users.

We address the following research questions: 1) How well does the content of posted images

(colors, aesthetic, and facial presentation) reflect depressive symptoms? 2) Does the choice of

profile picture show any psychological traits corresponding to a depressed online persona? 3)

Are profiles pictures reliable enough to represent demographic information such as age and

gender, and can they be used for community-level management of depression? 4) Are there

any underlying themes among depressed individuals generated using multimodal content that

can be used to reliably detect depression?

Our contributions include:

• Analysis of the content of posted images in terms of colors, aesthetic, facial presentation, and

their associations with depressive symptoms;

• Uncovering the underlying relationships between visual and contextual content of likely

depressed profiles obtained using a demographic inference process which can facilitate com-

munity-level management of depression; and

• Testing the performance of our interpretable heterogeneous feature set for predicting

depressive symptoms.

1 Related work

We have divided the related work into four subsections. First, we discuss the state-of-the-art

approaches for studying depressive behavior on social data. Second, we review studies that

have inferred demographic information using social media data.Then, we discuss the associa-

tion between color sensitivity and mental health disorders. Finally, we cover state-of-the-art

studies that have used visual imagery to study individual’s behavior.

Multimodal mental health analysis with social data
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1.1 Mental health analysis using social media

Several efforts have attempted to automatically detect depression from social media content

utilizing machine learning, deep learning, and natural language processing approaches. From

conducting a retrospective study of tweets, De Choudhury et al., (2013) characterizes depres-

sion based on factors such as language, emotion, style, ego-network, and user engagement.

They built a classifier to predict the likelihood of depression from a written post [30] or an

individual’s profile [31]. Moreover, there have been significant advances due to the shared task

[32] focusing on methods for identifying depressed users on Twitter at the Computational Lin-

guistics and Clinical Psychology Workshop (CLP 2015). A corpus of nearly 1,800 Twitter users

was built for evaluation, and the best models employed topic modeling [33], Linguistic Inquiry

and Word Count (LIWC) features, and other metadata [34]. More recently, a neural network

architecture has been introduced [35] to combine Twitter posts into a representation of users’

activities for detecting depressed users.

Another active line of research has focused on capturing warning signs of suicide and self-

harm [36]. Through analysis of tweets posted by individuals attempting committing suicide,

they indicate quantifiable signals of suicidal ideations. Moreover, the CLP 2016 [36] defined a

shared task on detecting the severity of mental health from forum posts. All of these studies

derive discriminative features to classify depression in user-generated content at message-

level, individual-level, or community-level. The recent emergence of photo-sharing platforms

such as Instagram has attracted researchers’ attention to study individual’s behavior from their

visual narratives—ranging from mining their emotions [37], and happiness trend [38], to

studying medical concerns [39]. Researchers have shown that people use Instagram to engage

in social exchange and share their difficult experiences [13]. The role of visual imagery as a

mechanism of self-disclosure by relating visual attributes to mental health disclosures on Insta-

gram was highlighted by [14] where individual Instagram profiles were utilized to build a pre-

diction framework for identifying markers of depression. The importance of data modality to

understand user behavior on social media has been highlighted by [40]. More recently, a deep

neural network sequence modeling approach that marries audio and text data modalities to

analyze question-answer style interviews between an individual and an agent has been devel-

oped to study mental health [40]. Similarly, a multimodal depressive dictionary learning pro-

cess was proposed to detect depressed users on Twitter [41]. They provide sparse user

representations by defining a feature set consisting of social network features, user profile fea-

tures, visual features, emotional features, topic-level features, and domain-specific features.

Particularly, our choice to develop a multi-modal prediction framework is intended to

improve upon previous work involving the use of images in multimodal depression analysis

[41] and prior work on studying Instagram photos [15].

1.2 Demographic information inference on social media

Social media has been introduced as a critical channel to answer diverse research questions

offering a wealth of data for public health research [42–44].

It can also assist in better understanding the relationship between behavioral changes and

population health [45]. However, the lack of demographic indicators (e.g. age, gender, race)

within the data is a major limitation for gaining deeper insights. Several research efforts have

attempted to automate detection of social media users’ demographic information as summa-

rized below. For gender inference, several studies have analyzed users’ tweets to detect gender

differences reflected in linguistic patterns [46]), profile colors [47], names [48], profile images

[49], social network connections [50], and user description [46]. For instance, a supervised

model was developed by [51] to determine users’ gender by employing features such as screen-
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name, full name, profile description, and content on external resources (e.g., personal blog).

Another supervised model was built to predict the user’s age group by employing features

including emoticons, acronyms, slang words and phrases, punctuation, capitalization, sen-

tence length, and included links/images, along with online behaviors such as number of

friends, post time, and commenting activity [52]. To attempt to infer the age of Dutch Twitter

users, a model was built that utilizes the life stage of users such as secondary school student,

college student, or employee [53]. Similarly, a novel model was introduced for extracting age

for Twitter users by relying on profile descriptions while devising a set of rules and patterns

[54]. They also parse descriptions for occupation by consulting the SOC2010 list of occupa-

tions [55] and validating it through social surveys. A novel age inference model was developed

while relying on homophily interaction information and content to predict the age of Twitter

users [56]. The intuition is that people within the same age group share similar content and

become friends with contemporaries. Using an extensive set of experiments, they show that

their model outperformed other state-of-the-art age inference models by leveraging online

interaction and content information simultaneously. The limitations of textual content for

predicting age and gender was highlighted by [57]. They distinguish language use based on

social gender, age identity, biological sex, and chronological age by collecting crowdsourced

signals from a game in which players (crowd) guess the biological sex and age of a user based

only on their tweets. Their findings indicate how linguistic markers can be misleading (e.g., a

heart represented as<3 can be misinterpreted as feminine when the writer is male). Estimat-

ing age and gender from facial images by training convolutional neural networks (CNN) for

face recognition is another active line of research [58].

1.3 Colors sensitivity and depressive behavior

The strong associations between color sensitivity and mood has been highlighted by several

studies [59]. In an earlier research, a strong correlation between specific color selection such

as yellow and depressive behavior has been reported by [60]. With respect to color discrimi-

nation, findings based on a sample of 20 male patients, aged 18 between 45 years old with

schizophrenia and manic-depressive psychosis, indicated that when their right hemisphere

was depressed, the identification of color by saturation, shade, and color tone was impaired

[61]. More recently, the association of color vision with bipolar disorder explored [62]. The

general findings suggest that people suffering from depression are likely to reveal their mood

through their choice of colors (such as preference for darker shades) in everyday life situa-

tions [63]. In this study, we leveraged the visual content shared on Twitter for studying such

signals.

1.4 Social media and image analysis

The recent emergence of photo-sharing platforms such as Instagram, provides a unique oppor-

tunity to study people’s behavior through the emotions [37] with broader application in per-

sonality prediction [64] and demographic inferences. Utilizing these platforms for population-

levels analysis helps to improve public health concerns [39] such as obesity [65], substance use

[66], depression, and anxiety [67].

With regards to personality prediction, early efforts have shown that bag-of-visual-words

and Facebook profile images could predict users’ personality [68]. Various sets of features have

been obtained from the images of 11,736 Facebook users were extracted to build a computa-

tional model which has more predictive power than human raters for predicting similar per-

sonality traits [69].
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2 Dataset

This study is focused on obtaining community-level insights about depression signs and

depressive behavior. As such, even though we analyzed individual’s behavioral health informa-

tion–which is considered sensitive—we utilized anonymized users in our datasets as per the

approved Institutional Review Board (IRB) protocol. The study was approved and the

informed consent process by Wright State University Institution review Board (SC#6258)

4.1.3.

Self-disclosure refers to revealing personal and intimate information about oneself to oth-

ers, which can be therapeutic for psychological well-being [70]. Previous efforts highlight

diverse modes of mental health self-disclosures on social media [12]. Self-disclosure clues have

been extensively utilized for creating ground-truth data for numerous social media analytic

studies such as predicting users’ demographics [54], and depressive behavior [8]. For instance,

vulnerable individuals may employ depressive-indicative terms in their Twitter profile descrip-

tions. Other individuals may share their age and gender, e.g., “16 year old suicidal girl”. We

employed a large dataset of 45,000 Twitter users with self-reported depressive symptoms intro-

duced initially in [8]. All information was obtained using advanced search API [71].

To seed the search, we created a lexicon of depressive symptoms consisting of 1,500 depres-

sive-indicative terms with the help of clinical psychologists, and employed it to collect the

Twitter profiles of individuals with self-declared depressive symptoms [72]. More specifically,

the dataset provides the users’ profile information including screen name, profile description,

follower/followee counts, profile image, and tweet content, which can express various depres-

sion-relevant characteristics, and determine whether a user indicates any depressive behavior.

Three human judges from the Department of Psychology at Wright State University assisted

us in creating this annotated dataset. We reported the inter-rater agreement as K = 0.74 based

on Cohen’s Kappa statistics [8]. To create a robust gold standard dataset, we discarded the

instances in which at least two (out of three) of our annotators did not agree about the depres-

sive symptoms. Our final dataset contains 8770 users with 3981 depressed users, and 4789 con-

trol users that do not express any depressive symptoms in their Twitter data. This dataset Ut

contains the metadata values of each user such as profile descriptions, followers_count, create-

d_at, and profile_image_url. Table 1 illustrates a sample of depressive-indicative phrases that

appear in tweets from likely vulnerable users.

Table 1. Sample of depressive-indicative phrases collected from tweets.

Clinical Depression Symptoms Depressive-indicative phrases in tweets

Feeling Down “People hate me,” “I am Ugly,” “I am depressed”

Sleep disorder “we will never sleep,” “we’re fuxx dead”

“I’m that tired,” “why can’t I sleep”

Lassitude “0 energy to do anything”

“cba with work,” “I just want to snuggle up all day in bed”

Obsessed with weight “Must not.eat,” “must.be.thin”

“94lbs, urgh I disgust myself”

“Obssessed with my weight,” “I just want be skinny”

Feeling bad about yourself “I feel like a failure”

“Im a piece of shix,”

Suicidal Thought “I just don’t want to wake up tomorrow morning”

“all my blades are so fuxx blunt”

“Thinking hanging myself,” “I’ve never been so sure about suicide”

“how much blood can bleed from a cut into a vain”

https://doi.org/10.1371/journal.pone.0226248.t001
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To further measure the robustness of our dataset, we conducted another experiment by

obtaining additional annotation from our colleagues from the Department of Psychiatry at

Weill Cornell Medical College. Using the following formula, we computed a statistically reli-

able sample size:

SampleSize ¼
z2�pð1� pÞ

e2

1þ
z2�pð1� pÞ

e2N

� �

where N is population size, Z is z-score, e denotes margin of error, and p represents standard

deviation.

Specifically, we employed our dataset of 8770 (population size), and confidence interval of

95% (margin of error 5%) to obtain 400 users as a concrete sample size. We then randomly

selected 400 users from the dataset of 8770 users to be evaluated by two additional human

judges (from the Department of Psychiatry at Weill Cornell Medical College) by manually

annotating whether users’ content reflected depressive behavior or not. The average inter-rater

agreement was (85% agreement, 0.77) based on Cohen’s Kappa statistics, which denotes sub-

stantial agreement and implies the robustness of our dataset.

2.1 Age enabled ground-truth dataset

We extracted a user’s age by applying regular expression patterns to profile descriptions (such

as “17 years old, self-harm, anxiety, depression”) [54]. We compiled “age prefixes” and “age

suffixes”, and used three age-extraction rules: 1. I am X years old, 2. Born in X, and 3. X years

old, where X is a “date” or age (e.g., 1994). We selected a subset of 1061 users among Ut as gold

standard dataset Ua who disclosed their age. From these 1061 users, 822 belonged to the

depressed class, and 239 belonged to the control class. From the 3981 depressed users, 20.6%

disclosed their age in contrast with only 4% (239/4789) among the control group, suggesting

that self-disclosure of age is more prevalent among vulnerable users. Fig 1 depicts the age dis-

tribution in Ua. The general trend, consistent with the results in [56, 73], is biased toward

younger individuals. Indeed, according to the Pew Research Center, 47% of Twitter users are

in general 30 years old or younger [74]. Similar data collection procedures with comparable

distribution have been used previously [56]. We discuss our approach to mitigate the impact

of the bias in Section 3. The median age is 17 for the depressed class versus 19 for the control

class. This suggests that the depressed-user population is younger, or depressed adolescents

are more likely to disclose their age in order to connect with peers (social homophily) [75].

2.2 Gender enabled ground-truth dataset

We selected a subset of 1464 users Ug from Ut who disclosed their gender in their profile

description. Out of 1464 users, 64% belonged to the depressed group, and the rest (36%)

belonged to the control group. 23% of the likely depressed users disclosed their gender, which

is considerably higher (12%) than that of the control class. Once again, gender disclosure varies

among the two gender groups. For statistical significance, we performed a chi-square test (null

hypothesis: gender and depression are two independent variables). Fig 2 illustrates gender

association with each of the two classes. Blue circles (positive residuals, see Fig 2A and 2D)

show a positive association among corresponding row and column variables, and the red cir-

cles (negative residuals, see Fig 2B and 2C) imply a repulsion. Our findings indicate a strong

association (Chi-square: 32.75, p-value:1.04e-08) between female gender, and expression

of depressive symptoms on Twitter. These observations are consistent with the current litera-

ture which have shown that more women than men are diagnosed with depression [76]. In
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particular, the female-to-male ratio is 2:1 and 1:9 for major depressive disorder and dysthymic

disorder, respectively.

3 Data modality analysis

We now provide an in-depth analysis of visual and textual content of vulnerable users.

3.1 Visual content analysis

We show that the visual content in posted images and profile images provide valuable psycho-

logical cues for understanding a user’s depression status. Profile images and posted images can

surface self-stigmatization [77]. As opposed to a typical computer vision framework for object

recognition that relies on thousands of predetermined low-level features, emotions reflected in

facial expressions are important when assessing user’s online behavior, attributes contributing

to the computational aesthetics, and sentimental quotes they may subscribe to.

The following sections present an in-depth analysis of visual content for both the depressed

class and the control class with respect to three aspects: facial presence, facial expressions, and

general image features.

3.1.1 Facial presence. For capturing facial presence, we employed the model has been

introduced in [78] where a multilevel convolutional coarse-to-fine network cascade developed

to tackle facial landmark localization problem. We identified facial presentation, emotion

from facial expression, and demographic features from profile images and posted images [79].

Table 2 illustrates facial presentation differences in both profile and posted images (media) for

depressed users and control users in Ut. For the control class, facial presence was significantly

higher in both profile images and shared media (8%, 9% respectively) compared to the

depressed class. In contrast with age and gender disclosure, vulnerable users were less likely to

disclose their facial identity, possibly due to lack of confidence or fear of stigma.

Fig 1. The age distribution for depressed and control users in ground-truth dataset.

https://doi.org/10.1371/journal.pone.0226248.g001
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3.1.2 Facial expression. Following [20]’s approach, we adopted Ekman’s model [80] of six

emotions: anger, disgust, fear, joy, sadness, and surprise, and used the Face++ API [79] to

automatically capture these emotions from the shared images. The positive emotions were joy

and surprise, and negative emotions were anger, disgust, fear, and sadness. Foreach user u in

Ut, we processed profile images and shared images for both the depressed and control groups

with at least one face from the shared images (Table 3). For the images that contained multiple

faces, we perform mean pooling over the frames to obtain the expected emotional features.

Fig 2. Gender and depressive behavior association (Chi-square test: Color-code: (blue:Association), (red:

Repulsion), size: Amount of each cell’s contribution).

https://doi.org/10.1371/journal.pone.0226248.g002

Table 2. Facial presence comparison in profile/posted images for depressed and control users—��� alpha = 0.05.

Face_Found_in % Of Users χ2

Depressed Control

Media 72% 81% 163.52���

Profile 4% 12% 167.2���

Not_found 8% 7% 2.55

https://doi.org/10.1371/journal.pone.0226248.t002

Table 3. Statistics of processed shared/profile images.

# of Processed Prof. Images # of Processed Shared Images

Depressed Control Depressed Control

3466 4127 265785 401435

https://doi.org/10.1371/journal.pone.0226248.t003
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Fig 3 illustrates the inter-correlation of these features. Additionally, we have observed that

the emotions extracted from facial expressions correlated with the emotional signals captured

from textual content utilizing LIWC. This indicates that visual imagery can be utilized as a

complementary channel for measuring online emotional signals.

3.1.3 General image features. The importance of interpretable computational aesthetic

features for studying users’ online behavior has been highlighted by several efforts [81]. Color,
as a pillar of the human vision system, has a strong association with conceptual ideas like emo-

tion [82]. We measured the normalized red, green, blue, the mean of the original colors,

brightness, and contrast relative to variations of luminance. We represented images in Hue-
Saturation-Value color space that seems intuitive for humans, and measured the mean and

variance for saturation and hue. Saturation is defined as the difference in intensity between

different light wavelengths that compose the color. Although hue is not interpretable, high sat-

uration indicates vividness and chromatic purity, which are more appealing to the human eye

[20]. Colorfulness is measured as a difference against gray background [83]. Naturalness is a

measure of correspondence between images and human perception of reality [83]. In color

reproduction, naturalness is measured from the mental recollection of the colors of familiar

objects. Additionally, there is a tendency among vulnerable users to share sentimental quotes

bearing negative emotions. We performed optical character recognition (OCR) with python-

tesseract [84] to extract text and their sentiment [85] score. As illustrated in Table 4, vulnerable

users tend to use less colorful (higher grayscale) profile images and shared images to convey

their negative feelings, and also share images that are less natural. In general, control users

identified darker, grayer colors with negative mood, and generally preferred brighter, more

vivid colors. By contrast, vulnerable users were found to prefer darker, grayer, and bluer col-

ors. We found a strong positive correlation between self-declared depression and a tendency

to perceive one’s surroundings as gray or lacking in color. With respect to the aesthetic quality

of images (saturation, brightness, and hue), there is a significant difference between the two

classes, with depressed users more frequently sharing images that are less appealing to the

human eye.

We employed an independent samples t-test, while adopting Bonferroni Correction as a

conservative approach to adjust the confidence intervals. Overall, we had 223 features, and

chose Bonferroni-corrected alpha level of 0.05/223 = 2.24e − 4 (��� p< alpha, ��p< 0.05).

Fig 3. The Pearson correlation between the average emotions derived from facial expressions through the shared

images and emotions from textual content for depressed-(a) and control users-(b). Pairs without statistically

significant correlation are crossed (p-value<0.05).

https://doi.org/10.1371/journal.pone.0226248.g003
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In general, the control users identified darker, grayer colors with negative moods, and gen-

erally preferred brighter, more vivid colors. In contrast, vulnerable users preferred darker,

grayer colors, and bluer images. Vulnerable users shared images that are less aesthetically

pleasing with lower sharpness, and those that do not contain faces or contain only one face.

On the other hand, control users tended to use sharper images with multiple faces. Addition-

ally, vulnerable users shared images with more text content, often containing depressive quotes

and negative sentiments.

The desire to socialize and connect with others is also manifested in the visual imagery of

vulnerable users. The images shared by vulnerable users tend to contain a single face (belong-

ing to the user), rather than surrounded by friends and family. This further indicates the focus

on the self, which is one of the most consistent markers of a mental disorder. This is also asso-

ciated with an extensive usage of first person singular pronouns—which is another reliable

marker of depression in content analysis of depressive behavior.

3.2 Demographics inference & language cues

LIWC [86] has been used extensively for examining the latent dimensions of self-expression

for analyzing personality [87], depressive behavior, demographic differences [53, 57], etc. Sev-

eral studies have shown that females employ more first-person singular pronouns [88], and

deictic language (context-dependent words) [89], while males tend to use more articles [90]

which characterize concrete thinking, and formal, informational, affirmative words [91]. For

age analysis, the salient findings show that older individuals use more future tense verbs, [88]

suggesting a shift in focus while aging. They also show more positive emotions [92], employ

fewer self-references (i.e. ‘I’, ‘me’), and more first person plural pronouns [88]. Depressed

users employ first person pronouns more frequently [93], and repeatedly use negative emo-

tions and anger words. We analyzed psycholinguistic cues and language style to study the asso-

ciation between depressive behavior and demographics. Specifically, we adopted Levinson’s

adult development grouping [94] that partitions users in Ua into 5 age groups: (14,19], (19,23],

Table 4. Statistical significance (t-statistic) of the mean of salient features for both depressed and control classes—�� alpha = 0.05, ��� alpha = 0.05/223.

Feature Depressed (μ) Control (μ) 95 percent Conf. interval T-stat

Image-based Profile_colorfulness 108.05 118.85 (-15.38, -6.22) -4.62���

Profile_averageRGB 134.39 139.00 (2.3 6.92) -3.92���

Profile_naturalness 0.37 0.61 (-0.304, -0.192) -12.72���

Profile_hueVAR 0.0517 0.072 (-0.027, -0.008) -4.56���

Profile_saturationVAR 0.032 0.040 (-0.015, -0.003) -3.92���

Profile_saturationMean 0.21 0.31 (-0.122, -0.078) -8.95���

Shared_imageBlueChan.Mean 119.53 134.09 (-9.82, -19.28) -6.04���

Shared_imageGrayScaleMean 0.54 0.49 (0.03, 0.068) 5.47���

Shared_imageColorfulness 106.12 122.37 (-14.98, -10.753) -11.94���

Shared_imageSaturationVAR 0.033 0.047 (-0.01, -0.010) -9.26���

Shared_imageSaturationMean 0.198 0.289 (-0.106, -0.074) -10.95���

Shared_imageNaturalness 0.486 0.651 (-0.193, -0.136) -16.28���

Social-based Friends_count 610.196 1380.25 (-1023, -516) -5.98���

Followers_count 589.47 1340.83 (-1148.08, -354) -3.727��

Statuses_count 3722 7766 (-6281, -1806) -3.55��

Avg_tweet_favorite_count 0.22 0.67 (-0.781, -0.103) -2.57��

Avg_tweet_retweet_count 876.75 2720 (-2673, -1013) -4.36���

Favourites_count 2021 5199.67 (-5038, -1317) -3.35��

https://doi.org/10.1371/journal.pone.0226248.t004
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(23,34], (34,46], and (46,60]. Then, we applied LIWC for characterizing linguistic styles for

each age group for users in Ua.

3.2.1 Qualitative language analysis. The recent LIWC version [86] summarizes textual

content in terms of language variables such as analytical thinking, clout, authenticity, and

emotional tone. It also measures other linguistic dimensions such as descriptor categories

(e.g., percent of target words gleaned from the dictionary, or words longer than six letters—

Sixltr), informal language markers (e.g., swear words, netspeak), and other linguistic aspects

(e.g., first person singular pronouns).

Thinking Style: The words we use to communicate can reveal our style of thinking. There

are two common approaches for extracting an individual’s thinking style. First, measuring

one’s natural way of trying to understand, analyze, and organize complex events has a strong

association with analytical, formal, and logical thinking. LIWC relates higher analytic thinking

to more formal and logical reasoning, whereas a lower value indicates a focus on narratives.

Second, cognitive processing, which measures problem solving in the mind, is captured

through words such as “think,” “believe,” “realize,” and “know” and demonstrates “certainty”

in communication. High values for analytical thinking implies clarity of thought.

Critical thinking ability is related to education [95], and is impacted by different stages of

cognitive development at different ages [96]. It has been shown that older people communicate

with greater cognitive complexity while comprehending nuances and subtle differences [95].

All of these findings corroborate with our results (Table 5).

We observed notable differences in raw intelligence and the ability to think analytically in

depressed and control users among different age groups (see Fig 4A and 4F and Table 5).

Overall, vulnerable younger users do not think as logically based on their relative analytical

score and cognitive processing ability. We can also observe that the differences between age

groups above 35 tend to become smaller [97].

Authenticity: Authenticity measures the degree of honesty. Authenticity is often assessed

by measuring present tense verbs, first person singular pronouns (e.g., I, me, my), and by

examining the linguistic manifestations of false stories [98]. People who lie use fewer self-refer-

ences, and fewer complex words. Psychologists often see a child’s first successful lie as a mental

milestone growth [99]. There is a decreasing trend in authenticity with age (see Fig 4B).

Authenticity for depressed adolescents is strikingly higher than their control peers, and

decreases with age (Fig 4B).

Clout: People with high clout speak more confidently and with certainty, employing more

social words with fewer negations (e.g., no, not) and swear words. In general, mid-life is rela-

tively stable w.r.t. relationships and work. A recent study has shown that age 60 is best for self-

esteem [100] as people take on managerial roles at work, and maintain satisfyinging relation-

ships with their spouses. We see the same pattern in our data (see Fig 4C and Table 5). Unsur-

prisingly, lack of confidence (the 6th PHQ-9 [101] symptom) is a distinguishable characteristic

of vulnerable users, leading to their lower clout scores, especially among depressed users youn-

ger than 34 years old.

Self-references: First person singular words often indicate interpersonal involvement, and

their high usage is associated with negative affective states such as nervousness and depression

[92]. Consistent with prior studies, the frequency of first person singular words for depressed

users is significantly higher compared to that of the control class. Similarly to [92], adolescents

tend to use more first-person (e.g. I), and second person singular (e.g. you) pronouns (Fig 4G).

The impact of the above phenomenon is reflected in significantly higher frequency of self-ref-

erences for depressed adolescents. As with the control class, a downtrend suggests that as

depressed individuals age, they make more distinctions and psychologically distance them-

selves from their topics.
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Informal Language Markers; Swear, Netspeak: Swear lexicon includes terms such as

“fu��”, “dam�”, and “shi�”. Several studies have highlighted that the use of profanity by young

adults has significantly increased over the last decade [102]. We observed the same pattern in

both the depressed and the control classes (Table 5), with a higher rate for depressed users

[10]. Psychologists have also shown that swearing may indicate that an individual is not a frag-

mented member of a society [103]. Depressed adolescents who show a higher rate of interper-

sonal involvement and relationships, have a higher rate of cursing (Fig 4E). Also, Netspeak

lexicon measures the frequency of terms such as ‘lol’ and ‘thx’. Although the rate is higher for

the depressed class, we did not find any pattern concerning adult development.

Sexual, Body: The sexual lexicon contains terms like “horny”, “love”, and “incest”, and

body terms like “ache”, “heart”, and “cough”. Both start with a higher rate for depressed users

and decreases gradually as they age, possibly due to changes in sexual desire with age [104]

(Fig 4H and 4I and Table 5).

3.2.2 Quantitative language analysis. We employed a one-way ANOVA to compare the

impact of various factors, and validate our findings above. Table 5 illustrates our findings, with

Table 5. Statistical significance test of linguistic patterns/visual attributes for different age groups with one-way ANOVA, ��� alpha = 0.001, �� alpha = 0.01.

Feature Mean (SD) F-value

[11,19) [19,23) [23,34) [34,46) [46,60)

Text-based Analytic 27.62

(16.62)

38.61

(19.16)

47.28

(20.69)

67.88

(18.51)

72.05

(20.79)

84���

Authentic 58.54

(19.54)

55.04

(20.04)

49.21

(22.05)

33.99

(19.73)

28.39

(19.04)

22���

Clout 51.6

(21.35)

53.43

(21.26)

56.27

(19.81)

70.28

(17.46)

71.21

(13.50)

9���

Dic 85.04

(6.06)

82.63

(6.21)

80.48

(6.56)

75.87

(6.91)

74.09

(5.95)

37���

Article 3.52

(0.78)

3.92

(0.73)

4.00

(0.80)

4.52

(1.38)

5.13

(1.00)

35���

Sixltr 15.48

(2.84)

16.58

(3.07)

18.65

(3.71)

20.88

(4.74)

21.33

(4.11)

52���

Cogn. words 12.17

(2.53)

11.24

(2.38)

10.99

(2.55)

8.36

(2.63)

8.75

(1.96)

28���

Self-ref 14.13

(2.35)

12.45

(2.56)

10.96

(2.60)

9.05

(3.69)

7.55

(3.38)

85���

Swear 0.96

(0.59)

0.89

(0.53)

0.57

(0.48)

0.36

(0.41)

0.33

(0.30)

18���

Money 0.27

(0.40)

0.38

(0.19)

0.45

(0.25)

0.52

(0.22)

0.78

(0.37)

15���

Work 0.80

(0.39)

1.09

(0.53)

1.31

(0.76)

1.67

(0.83)

2.02

(1.01)

69���

Image-based Profile_Naturalness 37.80

(13.84)

48.05

(18.64)

52.33

(28.51)

64.33

(24.53)

68.07

(15.28)

10���

Profile_SaturationMean 20.31

(1.95)

23.27

(1.99)

29.78

(1.99)

38.76

(2.14)

33.13

(1.94)

9���

Profile_Colorfullness 106.47

(42.70)

107.95

(39.15)

111.01

(42.09)

113.97

(35.48)

123.60

(27.60)

0.89

Shared_avgRGB 139.20

(18.12)

140.45

(16.00)

131.55

(16.32)

133.74

(22.41)

139.02

(22.30)

3��

Profile_GrayMean 0.471

(0.19)

0.474

(0.16)

0.456

(0.21)

0.470

(0.14)

0.450

(0.11)

0.12

https://doi.org/10.1371/journal.pone.0226248.t005
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a degree of freedom (df) of 1055. The null hypothesis is that the sample means for each age

group are similar for each of the LIWC features.

3.3 Demographic prediction

We leveraged both the visual and textual content for predicting age and gender.

3.3.1 Prediction with textual content. We employed [105]’s weighted lexicon of terms

that uses the dataset of 75,394 Facebook users who shared their status, age, and gender. The

predictive power of this lexica was evaluated on Twitter, and Facebook, showing promising

results [105]. Utilizing these two weighted lexicon of terms, we are predicting the demographic

information (age or gender) of useri (denoted by Demoi) using the following equation:

Demoi ¼
X

terms�lex

WeightlexðtermÞ �
Freqðterm; docÞi

WCðdocÞi

where Weightlex(term) is the lexicon weight of the term, and Freq(term, doc)i represents the fre-

quency of the term in the user generated doci, and WC(doc)i measures total word count in

(doc)i. As our data are biased toward younger individuals, we report age prediction

Fig 4. Characterizing linguistic patterns in two aspects: Depressive-behavior and age distribution.

https://doi.org/10.1371/journal.pone.0226248.g004
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performance for each age group, separately (Table 6). Moreover, to measure the average accu-

racy of this model, we built a balanced dataset (keeping the total number of users above 23—

416), and then randomly sampled the same number of users from the age ranges (11,19] and

(19,23]. The average accuracy of this model was 0.63 for depressed users, and 0.64 for the con-

trol class. Table 8 illustrates the performance of gender prediction for each class. The average

accuracy was 0.82 on Ug ground-truth dataset.

3.3.2 Prediction with visual imagery. Inspired by [78]’s approach for facial landmark

localization, we used their pre-trained CNN consisting of convolutional layers, including

unshared and fully-connected layers, to predict gender and age from both the profile and

shared images. We evaluated the performance of the gender and age prediction task on Ug and

Ua, respectively, as shown in Table 6.

3.3.3 Demographic prediction analysis. We delved deeper into the benefits and draw-

backs of each data modality for demographic information prediction. This is crucial as the dif-

ferences between language cues between age groups above 35 tend to become smaller (see Fig

4A, 4B and 4C), making the prediction harder for older individuals [97]. In this case, the other

data modality (e.g., visual content) played an integral role as a complementary source for age

inference. For gender prediction, on average, the profile image-based predictor provided a

more accurate prediction for both the depressed and the control class (0.92 and 0.90), com-

pared to the content-based predictor (0.82). For age prediction (see Table 6), the textual con-

tent-based predictor (on average 0.60) outperformed both of the visual-based predictors (on

average profile: 0.51, Media: 0.53). However, not every user provided facial identity on his or

her account (see Table 2). We studied facial presentation for each age group to examine any

association between age group, facial presentation, and depressive behavior (see Table 7). We

can see youngsters in both the depressed and control classes are not likely to present their face

in their profile image. Less than 3% of vulnerable users between 11-19 years revealed their

facial identity. Although the content-based gender predictor was not as accurate as the image-

based predictor, it is adequate for population-level analysis (see Table 8).

4 Multi-modal prediction framework

We used the above findings for predicting depressive behaviors. Our model exploits an early

fusion [40] technique in feature space and requires modeling each user u in Ut as vector

Table 6. Age Prediction performance from visual and textual content for different age group(years old).

Group Measure Text-based Image-based (Profile) Image-based (Media)

(11,19] (19,23] (23,34] (34,46] (11,19] (19,23] (23,34] (34,46] (11,19] (19,23] (23,34] (34,46]

Depressed Sensitivity 0.23 0.38 0.65 0.33 0.29 0.29 0.22 1.0 0.11 0.1 0.19 0.22

Specificity 0.95 0.53 0.69 0.96 0.92 0.92 0.57 0.80 0.96 0.94 0.72 0.58

ACC 0.59 0.46 0.67 0.65 0.47 0.46 0.40 0.900 0.50 0.49 0.46 0.40

Control Sensitivity 0.14 0.31 0.62 0.69 0.12 0.1 0.40 0.25 0.15 0.30 0.63 0.64

Specificity 0.98 0.63 0.61 0.90 0.90 0.95 0.53 0.75 0.98 0.62 0.60 0.91

ACC 0.56 0.47 0.62 0.80 0.49 0.48 0.47 0.51 0.56 0.46 0.62 0.77

https://doi.org/10.1371/journal.pone.0226248.t006

Table 7. Facial presentation distribution for different age group(in years old) in profile and media.

% Users Faces_Found_ in_Profile % Users Faces_Found_ in_Media

[11,19) [19,23) [23,34) [34,46) [46,60) [11,19) [19,23) [23,34) [34,46) [46,60)

Control 4.55 9.58 13.84 17.85 21.42 89.70 88.35 78.46 67.85 78.57

Depressed 2.71 5.88 10.52 8.33 14.28 90.21 90.58 76.31 83.33 85.71

https://doi.org/10.1371/journal.pone.0226248.t007
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concatenation of individual modality features. As opposed to the computationally expensive

late fusion schemes, where each modality requires a separate supervised modeling, this model

reduces the learning effort and has shown promising results [106]. To develop a generalizable

model that avoids overfitting, we performed feature selection using statistical tests and all rele-
vant ensemble learning models. Adding feature selection tests adds randomness to the data by

creating shuffled copies of all features (shadow feature), and then trains the Random Forest

classifier on the extended data. Iteratively, it checks whether the actual feature has a higher Z-

score than its shadow feature (See Algorithm 1 and Fig 5) [107].

Algorithm 1: Ensemble Feature Selection
Function Main
for each Feature Xj 2 X do
ShadowFeatures  RndPerm(Xj)

RndForrest(ShadowFeatures, X);
Calculate Imp (Xj, MaxImp(ShadowFeatures));

if Imp(Xj) > MaxImp(ShadowFeatures) then
Generate next hypothesis, return Xj

Once all hypothesis generated;
Perform Statistical Test
H0 : Hi ¼ EðHÞvsH1 : Hi 6¼ EðHÞ Hi � Nðð0:5NÞðð

ffiffiffiffiffiffiffiffiffiffiffiffiffi
0:25N
p

Þ
2
ÞÞ //Binomial

Distribution;
if Hi � E(H) then
Feature is important

else
Feature is important

Next, we adopted an ensemble learning method which integrated the predictive power of

multiple learners with two main advantages; a high degree of interpretability with respect to

the contributions of each feature, and a high predictive power. For prediction, we have y0i ¼Pm
t¼1

ftðuiÞ where ft is a weak learner and y0i denotes the final prediction.

In particular, we optimized the loss function:

L<t> ¼
Xn

i¼1

lðyi; y
0<t� 1>

i þ ftðuiÞÞ þ φðftÞ

where φ incorporates L1 and L2 regularization. In each iteration, the new ft(ui) is obtained by

fitting the weak learner to the negative gradient of loss function. Particularly, by estimating the

loss function with Taylor expansion:

L<t> �
Xn

i¼1

lðyi; y
0<t� 1>

i Þ þ ð
@lðyi; y

0<t� 1>
i

@y0<t� 1>
i

ÞftðuÞ þ ð
@

2lðyi; y
0<t� 1>
i

@y0<t� 1>2

i

ÞftðuiÞ
2

where its first expression is constant, the second and the third expressions are first (gi) and

Table 8. Gender prediction performance through visual and textual content.

Face found in Image-based Predictor Content-based Predictor

Depressed Control Depressed Control

Sens. Spec. ACC (95% CI) Sens. Spec. ACC (95% CI) Sens. Spec. ACC (95% CI) Sens. Spec. ACC (95% CI)

Profile 0.90 1.0 0.92

(0.80, 0.98)

0.91 0.87 0.90

(0.81, 0.95)

0.87 0.50 0.82

(0.79, 0.85)

0.86 0.76 0.82

(0.79, 0.85)

Media 0.57 0.70 0.58

(0.54, 0.62)

0.46 0.65 0.51

(0.46, 0.55)

https://doi.org/10.1371/journal.pone.0226248.t008
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Fig 5. Ranking features obtained from different modalities with an ensemble algorithm.

https://doi.org/10.1371/journal.pone.0226248.g005
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second order derivatives (hi) of the loss.

L<t> ¼
Xn

i¼1

ðgiftðuiÞ þ hiftðuiÞÞ þ φðftÞ

To explore the weak learners, assume ft has k leaf nodes, Ij be subset of users from Ut

belongs to the node j, and wj denotes the prediction for node j. Then, for each user i belonging

to Ij, ft(ui) = wj and φðftÞ ¼ 1=2l
Pk

j¼1
W2

j þ gk

L<t> ¼
Xk

j¼1

½ð
X

i�Ij

giÞwj þ 1=2ð
X

i�Ij

hi þ lÞw
2

j Þ� þ gk

Next, for each leaf node j, deriving w.r.t wj:

wj ¼
�
P

i�Ii
gi

P
i�Ij
hi þ l

and by substituting weights:

L<t> ¼ � 1=2
Xk

j¼1

ð
P

i�Ij
giÞ

2

P
i�Ij
hi þ l

þ gk

which represents the loss of fixed weak learners with k nodes. The trees are built sequentially,

such that each subsequent tree aims to reduce the errors of its predecessor trees. Although, the

weak learners have a higher degree of biases, the ensemble model produces a strong learner

that effectively integrates the weak learners by reducing bias and variance (the ultimate goal of

supervised models) [108, 109]. Table 9 illustrates how our multimodal framework outperforms

the baselines for identifying depressed users in terms of average specificity, sensitivity, F-Mea-

sure, and accuracy in a 10-fold cross-validation setting on Ut dataset. Fig 6 shows how the like-

lihood of being classified into the depressed class varies with each feature added to the model

for a sample user in the dataset. The prediction bar (the black bar) shows that the log-odds of

prediction is 0.31, that is, the likelihood of this person being a depressed user is 57% (1 / (1 +

exp(-0.3))). The figure also sheds light on the impact of each contributing feature. The waterfall

Table 9. Model’s performance for depressed user identification in Twitter using different data modalities.

Model# Data Source Ref. Year Features Model Spec. Sens. F-1 Acc.

N-grams LIWC Sentiment Topics Metadata

I Content [110] 2016 X NB 0.69 0.70 0.69 0.70

II [111] 2016 X X User Acti. N/A (LR) 0.73 0.74 0.73 0.74

III [112] 2015 X X X User Acti. Log-linear 0.83 0.80 0.81 0.82

IV [113] 2015 X X X X LR 0.84 0.83 0.84 0.84

V [114] 2015 X X X X User Acti. SVM 0.86 0.84 0.85 0.85

VI N/A N/A X SVM(Pre. embed.) 0.72 0.72 0.72 0.72

VII N/A N/A X SVM(Train w2vec) 0.70 0.70 0.70 0.70

VIII Cont., Net. [10] 2013 X X X SVM, PCA 0.84 0.80 0.83 0.85

IX Image N/A N/A N/A LR 0.68 0.67 0.67 0.68

X N/A N/A SVM 0.69 0.67 0.67 0.69

XI N/A N/A RF 0.72 0.70 0.69 0.71

Ours Cont.,Image,Net. N/A X X X X X X N/A 0.87 0.92 0.90 0.90

https://doi.org/10.1371/journal.pone.0226248.t009
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charts represent how the probability of being depressed varies when adding each feature. For

example, for our dataset, the “Analytic thinking” score measured by LIWC from the tweet con-

tent is a high value of 48.43 (Median:36.95, Mean: 40.18) and this decreases the chance of the

user being classified into the depressed group by the log-odds of -1.41. This is due to the fact

that depressed users have significantly lower “Analytic thinking” scores compared to the con-

trol class. Moreover, the “Clout” score of 40.46 is considered a low value (Median: 62.22,

Mean: 57.17), and increases the chance of being classified as a depressed user. This is justifiable

Fig 6. The explanation of the log-odds prediction of outcome (0.31) for a sample user (y-axis shows the outcome

probability (depressed or control), the bar labels indicate the log-odds impact of each feature).

https://doi.org/10.1371/journal.pone.0226248.g006
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given the clear association between low self-esteem and risk for depression. With respect to

the visual features, the mean and the median of “shared colorfulness” is 112.03 and 113, respec-

tively. The value of 136.71 would be high, and decreases the chance of being depressed by log-

odds of -0.54. As mentioned earlier, depressed users preferred darker, and grayer colors. The

score of 0.46 as “profile naturalness” is considered high compared to 0.36 (the mean for the

depressed class) which justifies pull down of the log-odds by −0.25. Using network features,

for instance, the “two hop neighborhood” for depressed users (Mean: 84) are less than that of

the control users (Mean: 154), and is reflected in pulling down the log-odds by -0.27.

4.1 Baselines

To test the efficacy of our multi-modal framework for detecting depressed users, we compared

it against existing content, content-network, and image-based models (based on the aforemen-

tioned general image features, facial presence, and facial expressions).

4.1.1 Content-based models. Language biases in social media posts can be a good repre-

sentative of emotional state. Fig 7 illustrates the word clouds that distinguish the word usage of

likely-depressed and non-depressed profiles. It is clear that depressed users often care more

about their appearance. This is indicative by their usage of terms such as “pretty” and “beauti-

ful.” They also have a tendency to talk about their family and relations using words such as

family, hugs, parents, daddy, mums, sigh, grandma, maam, friendless, love, friend, mommy, peo-
ple, boyf, and gf. In contrast, the control users usually talk about daily events and news such as

“hurricane” and “Trump”. Such differences in word usage highlight the fact that user gener-

ated words can be distinguishable features for detecting depressed user profiles. See Table 9 for

the comparative performance of our prediction framework against state-of-the-art methods

used for predicting depressive behaviors—many of which employed the same feature sets and

hyperparameter settings (see Models I-V). Several prior efforts have demonstrated that word

embedding models can reliably enhance short text classification [115], Model VI by employing

pre-trained word embeddings which have trained over 400 million tweets [116] while repre-

senting a user with retrieving word vectors for all the words a user used in tweets and profile

description. We aggregate these word vectors through their means and feed it as input to a

SVM classifier with a linear kernel. In Model VII, we employed [8]’s dataset of 45,000 self-

reported depressed users and trained a Skip-gram model with negative sampling to learn word

representations. We chose this model because it generates robust word embeddings even

when the collection of training words are sparse [117]. We set dimensionality to 300 and a neg-

ative sampling rate to 10 sample words, which has shown promising results with medium-

sized datasets [117]. Besides, we have observed that many vulnerable users chose specific

Fig 7. Word usage difference of likely vulnerable individuals versus random profiles.

https://doi.org/10.1371/journal.pone.0226248.g007
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account names, such as “Suicidal_Thoughxxx,” and “younganxietyyxxx,” which are good indi-

cators of their depressive behavior. We used Levenshtein distance between depression indica-

tive terms in [8]’s depression lexicon and the screen name to capture their degree of semantic

similarity [118].

4.1.2 Image-based models. We employed the aforementioned visual content features

including facial presence, aesthetic features, and facial expression for depression prediction.

We use three different models: Logistic Regression (Model IX), SVM (Model X), and Random

Forest (Model XI). The poor performance of image-based models suggests that relying on a

unique modality would not be sufficient for building a robust model due to the complexity

and abstruse nature of the prediction task.

4.1.3 Network-based models. Network-based features indicate the user’s desire to

socialize and connect with others. There is a notable difference between the number of

friends, followers, favorites, and status count for depressed and control users (see Table 4).

For building a baseline Model VIII, we obtained egocentric network measures for each user

based on the network formed using @-replies interactions among them. The egocentric social

graph of a user u is an undirected graph of nodes in u’s two-hop neighborhood in our Ua

dataset, where the edge between nodes u and v implies that there has been at least one

@-reply exchange. Network-based features including Reciprocity, Prestige Ratio, Graph Den-
sity, Clustering Coefficient, Embeddedness, Ego components and Size of two-hop neighborhood
were extracted from each user’s network [10] to reliably capture user context for depression

prediction.

High values for the three metrics—clustering coefficient, embeddedness, and number of

ego networks—indicates that the depressed users tend to build a close network of trusted peo-

ple to share their mental health issues. For both graph density and size of the two-hop neigh-

borhood, a lower value indicates fewer interactions.

Conclusion and future work

We presented an in-depth analysis of visual and contextual content of likely depressed pro-

files on Twitter. We employed them for demographic (age and gender) inference processes.

We developed a multimodal framework, employing statistical techniques for fusing heteroge-

neous sets of features obtained by processing visual, textual, and user interactions. Conduct-

ing an extensive set of experiments, we assessed the predictive power of our multimodal

framework while comparing it against state-of-the-art approaches for depressed user identifi-

cation on Twitter. The empirical evaluation shows that our multimodal framework is supe-

rior to them and it improved the average F1-Score by 5 percent. Effectively, visual cues

gleaned from content and profile images shared on social media can further augment infer-

ences from textual content for reliable determination of depression indicators and diagnoses.

In the future, we plan to apply our approach to various data sources such as longitudinal elec-

tronic health record (EHR) systems, and private insurance reimbursement and claims data,

to develop a robust “big data” platform for detecting clinical depressive behavior at the com-

munity level.
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13. Andalibi N, Öztürk P, Forte A. Sensitive Self-disclosures, Responses, and Social Support on Insta-

gram: The Case of# Depression. In: CSCW; 2017. p. 1485–1500.

14. Reece AG, Danforth CM. Instagram photos reveal predictive markers of depression. EPJ Data Sci-

ence. 2017; 6(1):15. https://doi.org/10.1140/epjds/s13688-017-0118-4

15. Ahsan U, De Choudhury M, Essa I. Towards using visual attributes to infer image sentiment of social

events. In: Neural Networks (IJCNN), 2017 International Joint Conference on. IEEE; 2017. p. 1372–

1379.

16. MARANGA P. Social Photos Generate More Engagement: New Research; 2014. Available from:

https://www.socialmediaexaminer.com/photos-generate-engagement-research/.

17. Cooper BB. 10 Surprising New Twitter Stats to Help You Reach More Followers; 2016. Available from:

https://blog.bufferapp.com/10-new-twitter-stats-twitter-statistics-to-help-you-reach-your-followers.

18. Taylor M. New research: Twitter users love to watch, discover and engage with video; 2015. Available

from: https://blog.twitter.com/marketing/en_us/a/2015/new-research-twitter-users-love-to-watch-

discover-and-engage-with-video.html.

19. Seabrook EM, Kern ML, Rickard NS. Social networking sites, depression, and anxiety: a systematic

review. JMIR mental health. 2016; 3(4). https://doi.org/10.2196/mental.5842

20. Liu L, Preotiuc-Pietro D, Samani ZR, Moghaddam ME, Ungar LH. Analyzing Personality through

Social Media Profile Picture Choice. In: ICWSM; 2016. p. 211–220.

21. Montesano A, Feixas G, Caspar F, Winter D. Depression and Identity: Are Self-Constructions Nega-

tive or Conflictual? Frontiers in psychology. 2017; 8:877. https://doi.org/10.3389/fpsyg.2017.00877

PMID: 28611716

22. Nolen-Hoeksema S. Sex differences in unipolar depression: evidence and theory. Psychological bulle-

tin. 1987; 101(2):259. https://doi.org/10.1037/0033-2909.101.2.259 PMID: 3562707

23. McManus S, Bebbington P, Jenkins R, Brugha T. Mental Health and Wellbeing in England: Adult Psy-

chiatric Morbidity Survey 2014: a Survey Carried Out for NHS Digital by NatCen Social Research and

the Department of Health Sciences, University of Leicester. NHS Digital; 2016.
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Abstract—With the rise of social media, millions of people
are routinely expressing their moods, feelings, and daily strug-
gles with mental health issues on social media platforms like
Twitter. Unlike traditional observational cohort studies conducted
through questionnaires and self-reported surveys, we explore the
reliable detection of clinical depression from tweets obtained
unobtrusively. Based on the analysis of tweets crawled from users
with self-reported depressive symptoms in their Twitter profiles,
we demonstrate the potential for detecting clinical depression
symptoms which emulate the PHQ-9 questionnaire clinicians
use today. Our study uses a semi-supervised statistical model
to evaluate how the duration of these symptoms and their
expression on Twitter (in terms of word usage patterns and
topical preferences) align with the medical findings reported via
the PHQ-9. Our proactive and automatic screening tool is able to
identify clinical depressive symptoms with an accuracy of 68%
and precision of 72%.

Keywords—Semi-supervised Machine Learning, Natural Lan-
guage Processing, Social Media, Mental Health

I. INTRODUCTION

A common global effort to manage depression involves
detecting depression through survey-based methods via phone
or online questionnaires1. However, these studies suffer from
underrepresentation, sampling biases, and incomplete informa-
tion. Additionally, large temporal gaps between data collection
and the dissemination of findings can delay the administration
of timely and appropriate remedial measures. Cognitive bias,
which prevents participants from giving truthful responses, is
yet another limitation [1]. In contrast, Twitter is a valuable
resource for learning about users’ feelings, emotions, behav-
iors, and decisions that reflect their mental health as they
are experiencing the ups and the downs in real-time. For
example, news headlines such as “Twitter fail: Teen Sent 144
Tweets Before Committing Suicide & No One Helped” and
“Jim Carrey’s Girlfriend: Her Last Tweet Before Committing
Suicide ’Signing Off”, illustrate the expression of emotional

1https://www.cdc.gov/mentalhealthsurveillance/

turmoils in tweets and subsequent deliberate actions in the
physical world.

In recent years, much progress has been made in studying
mood and mental health through social media content [2; 3; 4;
5; 6]. These studies can be categorized into two major groups;
namely, lexicon-based [7; 8], and supervised [5; 9; 10; 11;
12]. These studies suggested the individual’s language style,
emotion, ego-network, and user engagement as discriminating
features to recognize depression-indicative posts. However, the
lexicon-based approaches suffer from low recall and are highly
dependent on the quality of the created lexicon. On the other
hand, supervised approaches require labor intensive annotation
of a huge dataset. Besides, suffering from clinical depression
is more than feeling down for a few days [13]. Indeed, clinical
depression is diagnosed through a set of predefined symptoms
which last for a fixed period.

Inspired by that, we develop a statistical model which
emulates traditional observational cohort studies conducted
through online questionnaires by extracting, categorizing, and
unobtrusively monitoring different symptoms of depression by
modeling user-generated content in social media as a mixture
of underlying topics evolving over time. To our knowledge,
this is the first study that incorporates temporal analysis of
user-generated content on social media for capturing these
tell-tale symptoms. We crawled 23 million tweets posted by
over 45,000 Twitter users who self-reported symptoms of
depression in their profile descriptions.

The present study answers the following questions: 1)
How well can textual content in social media be harnessed to
reliably capture a user’s symptoms of clinical depression over
time and build a proactive and automatic depression screening
tool? 2) Are there any underlying common themes among
depressed users?

We assess the level of depression expressed in tweets for
each user profile in our dataset by integrating a lexicon-based
method (top-down processing) with a data-driven method
(bottom-up processing). Leveraging the clinical articulation
of depression, we build a depression lexicon that contains
common depression symptoms from the established clinical
assessment questionnaire PHQ-9 [13]. We rank the terms and
compile a list of informative lexicon terms for each user and
use them as seed terms to discover latent topics (depression
symptoms) discussed by the subject in his/her tweets (bottom-
up processing). We develop a probabilistic topic modeling
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over user tweets with partial supervision (by leveraging seeded
clusters), named semi-supervised topic modeling over time
(ssToT), to monitor clinical depression symptoms. We apply
ssToT to derive the per user topic (depression symptoms)
distribution and per topic word distribution to screen and
determine a trend of symptoms over time.

The major contributions of this multidisciplinary study,
conducted by a team of computer scientists and mental health
experts are two-fold: First, we create a lexicon of depres-
sion symptoms which are likely to appear in the generated
content of depressed individuals; second, we develop a semi-
supervised statistical model to extract, categorize, and monitor
depression symptoms for continuous temporal analysis of an
individual’s tweets. Empirical evaluations show our model is
superior to five baselines in terms of the quality of learned
topics (clinical depression symptoms).

II. RELATED WORK

Several efforts have attempted to automatically detect
depression in social media content using machine learning
approach. Conducting a retrospective study over the content of
tweets posted by depressed and non-depressed individuals for
one year, [14] characterize depression based on factors such as
language, emotion, style, ego-network, and user engagement.
They utilize these distinguishing characteristics to build a
classifier to predict the likelihood of depression in a post [14]
or in an individual [9]. In another study, [10] leverage affective
aspect, linguistic style, and topics as a feature for detecting
depressed communities. [15] employ various features includ-
ing sentence polarity for detection of depressed individuals
in Twitter. They use n-grams, psychological categories, and
emoticons as features. Similarly, [16] apply a classifier for
identifying potential cases of social network mental disorders.
Moreover, there have been significant advances in the field by
introducing a shared task [11] at the Computational Linguistics
and Clinical Psychology Workshop (CLP 2015) focusing on
methods for identifying depressed users on Twitter. A corpus
of nearly 1,800 Twitter users was built for evaluation; among
the several participants in the shared task, the best models
employed topic modeling [2], and various features such as
bag of words, LIWC features, metadata and clustering features
[17]. Another related line of research focused on capturing
suicide and self-harm signals from Twitter posts [18]. Through
analysis of tweets posted by individuals attempting committing
suicide, [19] indicate quantifiable signals of suicidal ideations.
Moreover, the 2016 ACL Computational Linguistics and Clin-
ical Psychology Workshop [20] defined a shared task on
detecting the severity of the mental health forum posts. All
of these studies define some discriminative features to classify
depression in user-generated content in a message, for a user
or at a community level. However, our approach facilitates de-
tection of depression through fine-grained temporal monitoring
of subjects’ behavior by analyzing the symptoms of depression
mirrored in their topics of interest and word usage. Apart from
that, what makes our model different is that it does not require
any labeled dataset.

In the context of lexicon-based approaches, [8] use a
dictionary-based method for assigning an overall depression
score to subjects. They count all the phrases that are matched

with depression indicators without considering separate symp-
tom categories. [21] study the usage of keyword the “depres-
sion” in tweets. They find initial evidence that individuals
tweet about their depression and even disclose updates about
their mental health treatment on Twitter. They found an as-
sociation between excessive use of negative-emotions-related
words and having a major depressive disorder. In contrast,
no relation has been found in the use of positive-emotions-
related words and depression. Similarly, [7] propose an NLP
methodology for automatic screening of depression using a
depression lexicon incorporating both metaphorical and non-
metaphorical words and phrases. They perform a web search
to retrieve documents containing “depression is like *” pattern.
However, in natural language, words can be ambiguous. For
instance, depression may be used to express different concepts
such as “economic depression”, “great depression”, “depres-
sion era”, and “tropical depression”. Moreover, neurotypical
people use this term to express their transient sadness. For
instance, consider: “I am depressed, I have a final exam
tomorrow”. Furthermore, the experience of depression may
be expressed implicitly, making a lexicon-based approach
insufficient for accurate fine-grained analysis of depression
symptoms over time. Another inherent drawback of all lexicon-
based methods is their high precision at the expense of low
recall and lack of context-sensitivity. For instance, “...sleep
forever...” may indicate suicidal thoughts rather than the act
of sleeping. In short, our study differs from existing works in
that we developed a statistical model for the linguistic analysis
of social media content authored by a subject by seeking
depression indicators and their variation over time.

III. PROPOSED APPROACH

The Diagnostic and Statistical Manual of Mental Disorders
(DSM)2 suggests that clinical depression can be diagnosed
through the presence of a set of symptoms over a fixed period
of time. The PHQ-9 3 is a nine item depression scale, which
incorporates DSM-V. It can be utilized to screen, diagnose, and
measure the severity of depression. Our research hypothesis is
that depressed individuals discuss their symptoms on Twitter.
Symptoms of depression include decreased pleasure in most
activities (S1), feeling down (S2), sleep disorders (S3), loss
of energy (S4), a significant change in appetite (S5), feeling
worthless (S6), concentration problems (S7), hyper/lower ac-
tivity (S8), and suicidal thoughts (S9). This is a top-down defi-
nition of depressive disorder through its “symptomatology”. To
validate this hypothesis, we first manually examined symptoms
in a random selection of 100 user profiles in our dataset. Table
I illustrates a sample of anonymized tweets and their associated
symptoms in PHQ-9. This table highlights the importance of
developing appropriate models of textual content to capture
depressive behavior on Twitter.

Motivated by these observations, we investigate two ap-
proaches for detecting symptoms of clinical depression on
Twitter, emulating the PHQ-9 questionnaire. The first approach
captures clinical depression using bottom-up processing of user
tweets and distributional semantics to uncover symptoms of
depression via related word clusters. The second approach
hybridizes the first approach with top-down processing by

2https://www.psychiatry.org/psychiatrists/practice/dsm/dsm5
3http://www.cqaimh.org/pdf/tool phq9.pdf
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TABLE I. TWEETS SAMPLE AND THEIR ASSOCIATED SYMPTOMS

PHQ-9 Symptoms Short-text Document
Lack of Interest I’ve not replied all day due to total lack of interest,

depressed probs
Feeling Down i feel like i’m falling apart.
Sleep Disorder Night guys. Hope you sleep better than me.
Lack of Energy so tired, so drained, so done
Eating Disorder I just wanna be skinny and beautiful
Low Self-esteem I am disgusted with myself.
Concentration Problems I couldn’t concentrate to classes at all can’t stop

thinking
Hyper/Lower Activity so stressed out I cant do anything
Suicidal Thoughts I want summer but then i don’t... It’ll be harder to

hide my cuts.

using the lexicon terms to guide the extraction of symptoms
from tweets.

A. Bottom-up processing:LDA

In health data mining, the problem of discovering latent
topics represents a promising research area [22]. We hy-
pothesize that by analyzing a user’s topic preferences (what)
and word usage (how) we can monitor depression symptoms.
Our approach is based on latent variable topic models, more
specifically, Latent Dirichlet Allocation (LDA). LDA is an
unsupervised method that views a document as a mixture of
latent topics, where a topic is a distribution of co-occuring
words. Different terms expressing a related facet would be
grouped together under the same topic. We apply LDA to
extract latent topics discussed by users in our dataset.

Not surprisingly, the topics learned by LDA are not granu-
lar and specific enough to correspond to depressive symptoms.
Several prior studies also highlight that the results from the
traditional LDA do not correlate well with human judgments
[23; 24]. Some work has been done to guide the discovery
of latent topics in LDA by incorporating domain knowledge
in different ways; from defining a set of First-Order Logic
(FOL) rules [25] to constraining the occurrence of some terms
together by encoding a set of Must-Links and Cannot-Links
associated with the domain knowledge [26] or in the context
of aspect extraction for sentiment analysis by providing some
relevant terms for a few aspects [27].

The key difference between our seeding model and this
study is that we supervise the topics at the token level rather
than measure the distribution over a predefined list of terms.
In particular, we restrict the occurrence of relevant tokens
within the specified topics. We will further explain the seeding
approach in the following section.

B. Hybrid processing: Proposed ssToT Model

The basis of traditional LDA is the frequency of the
co-occurrence of terms in various contexts. This syntactic
approach often results in many terms from different symptom
categories being merged into a single topic. By constraining
symptom-related seed terms so that they only appear in a
single topic, we bias the “bottom-up” learned topics to align
with expected “top-down” symptom categories. In particular,
we add supervision to LDA, by using terms that are strongly
related to the 9 depression symptoms as seeds of the topical
clusters and guide the model to aggregate semantically-related
terms into the same cluster.

To generate a set of seed terms for each symptom cate-
gory, we leverage the lexicon as background knowledge. In
particular, in collaboration with our psychologist clinician, we
built a lexicon of depression-related terms that are likely to
be utilized by individuals suffering from depression. We use
patient health questionnaire (PHQ-9) categories as a predefined
list of depression symptoms. Furthermore, given the colloquial
language of social media, we use Urban Dictionary (a crowd-
sourced online dictionary of slang words and phrases)4 for
expanding the lexicon using the synset of each of the nine
PHQ-9 depression symptoms categories. We also employ Big
Huge Thesaurus5 to obtain synonyms for each symptom cate-
gory. The consistency of the built lexicon with psychologist’s
requirements has been vetted by our psychologist collabora-
tors. After several rounds of refinement by domain experts,
the final lexicon contains more than 1,620 depression-related
symptoms categorized into nine different clinical depression
symptom categories which are likely to appear in the tweets
of individuals suffering from clinical depression.

However, there are important challenges to overcome in
order to effectively leverage our lexicon for compiling a
seed cluster. First, social media users often use diverse terms
to express a specific concept. They use creative descriptive
metaphorical phrases and explanations for symptoms. One may
say, “I’m so exhausted all time” while another may say “so
tired, so drained, so done” while both of these utterances
discuss the unique medical concept “Lack of Energy”. Second,
language of social media contains polysemous words in its
vocabulary. Their interpretation requires context for Word
Sense Disambiguation (WSD). For instance, “Cut my finger
opening a can of fruit” and “scars don’t heal when you keep
cutting” use “cut” in different contexts and senses.

To address the first challenge, our algorithm automatically
generates a personalized set of seed terms per user which is a
subset of the available terms in the lexicon. In this manner, a
list of highly informative seeds will be generated per user. For
the above examples, the term “exhausted” would be a seed
for the first user while “drained” and “tired” would be the
seeds for the second user. To address the second challenge,
given the recent advances in sentiment analysis techniques [28;
29; 30], we disambiguate a polysemous word based on the
sentiment polarity of its enclosing sentence. We include a term
as a seed only if the enclosing context has negative sentiment.
We perform sentiment analysis using the Python TextBlob6,
a standard library, which determines positive/neutral/negative
polarity for any document. For the above example, “cut” is
not a seed for the first user, but is a seed for the second user,
as the first tweet reflects a neutral sentiment while the second
tweet indicates a negative sentiment.

On the other hand, experiencing clinical depression is more
than feeling down for a few days. According to PHQ-9 clinical
depression symptoms should persist for a few weeks. Hence,
temporal monitoring of symptoms is crucial.

4http://www.urbandictionary.com/
5https://words.bighugelabs.com/
6https://textblob.readthedocs.io/en/dev/
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IV. ALGORITHM

Motivated by the above observations, we propose our
framework to automatically analyze user behavior by continu-
ously monitoring their social media content over time intervals.
To this end, the proposed approach enriches the LDA model’s
expressiveness by introducing a predefined set of seed terms.
We divide each user’s collection of preprocessed tweets into a
set of tweet buckets using a specific time interval of d days.
The generative process of the proposed model for a corpus C
of individual user’s tweets consisting of B buckets is shown
in Algorithm-1.

Algorithm 1 The generative process of ssToT
1: procedure ANALYZETWITTERPROFILE
2: for each symptom (topic) s ∈ 1, 2, ..., 9 do
3: Draw a distribution over terms and seed sets

Φs ∼ Dirichlet(β)
4: end for
5: for each bucket (document) b ∈ 1, 2, ..., B do
6: Draw a distribution over topics θb ∼ Dirichlet(α)
7: for each word wi ∈ b do
8: Choose a symptom (topic) si ∼ multinomial(θb)
9: Choose a word wi ∼ multinomial(Φsi

)
10: end for
11: end for
12: end procedure

In Algorithm-1, θ shows the distribution of symptoms over
buckets while Φ is the distribution of words per symptom.
We employ Gibbs Sampling to approximate the posterior
distribution over the assignment of words to topics, P (s|w).
We then estimate Φ and θ using this posterior distribution.
Our strategy for discovering symptoms (topics) differs from
previous methods as we incorporate prior knowledge into the
inference by assigning the pre-defined seed terms into only
one of the symptoms (topics). Inspired by [23], we adapt
the Gibbs Sampling equation by restricting a topic si to a
single corresponding value for each user-specific seed term
or phrase. Each term wi is assigned to the largest probability
symptom associated with it in Φ. We change the probability
of a symptom over a bucket to zero if the number of seed
terms associated with it is less than a threshold τ . Similarly,
to filter out polysemous seed terms, we aggregate the sentiment
polarity of all sentences containing all seed terms over a
bucket. If the aggregated polarity is positive, we assign the
probability of zero to all symptoms in that bucket. Finally, we
visualize the probability of each symptom over the bucket in
matrix θ for further analysis and monitoring. Apart from that,
if the probability of a symptom is more than a threshold τ , the
symptom would be assigned to the bucket as a label. In this
manner, our model can be utilized as a multi-label classifier
over a time interval. The quality of our multi-label classifier
is evaluated as follows.

V. EXPERIMENTAL RESULTS

We first discuss data collection procedure, followed by
qualitative and quantitative analysis. We highlight that since
this study analyzes individual’s behavioral health informa-
tion, which may considered as sensitive, in our datasets,
we anonymized users’ real identities as per the approved
institutional review board (IRB) protocol.

Dataset: We created a dataset containing 45,000 Twitter
users who self-declared their depression and 2,000 “unde-
clared” users who were collected randomly In particular,

for collecting self-declared depressed individual’s profiles, we
utilize a subset of highly informative depressive indicative
terms in our lexicon and find the profiles that contain these
terms in their description. Afterwards, we crawled the tweets,
the tweets’ timestamp, and the list of friends and followers
of these users. After removing the profiles with less than 100
tweets, we obtained 7,046 users with 21 million timestamped
tweets, with each user contributing at most 3,200 tweets due to
the Twitter Search API limitation. Next, we randomly sampled
2,000 profiles of users with self-reported depression symptoms
and 2,000 random users who do not have any depression terms
in their profile descriptions. We denote this subset of 4,000
users by U . We preprocess these tweets by changing the space
delimiter into underscore in all phrases in the tweets that are
listed in our lexicon as a seed phrase ( e.g., lack of interest).
Topic modeling is a word-level approach while most of the
depression seeds in our lexicon are phrases. Consequently, seed
phrase replacement plays an integral role in the success of our
algorithm. Next, we apply platform-specific filtering, followed
by non-ASCII character and stopword removal, as well as
lemmatization. Platform-specific filtering includes substituting
retweets (“RT @username” by RT), user mentions (“@user-
name” by MENTION), and hyperlinks (by URL). For spelling
correction, we utilize the PyEnchant spell checker library7.
Furthermore, alphabetic character repetition (writing identical
characters in sequence for emphasis, e.g., fattttttttt, sleeeeeep)
is addressed by defining regular expressions and enhancing the
available NLTK tweet tokenizer library8.

A. Qualitative Results

1) Discovery of depressive symptoms: Our ssToT model
discovers depressive symptoms as latent topics from sliding
window on buckets of timestamped tweets posted by users.
We rank the top terms in each symptom p(w|s) in descending
order. Table II illustrates the sample of topics learned by
ssToT and LDA model. The seeded words for the ssToT
model are boldfaced, and words that are judged as relevant
are italicized. We observe that by constraining seed terms to
a specific symptom, the discovered terms are more relevant to
that category. For example, in LDA model Topic 8 contains
three terms relevant to “Sleep Disorder” (S3); however, it also
contains lots of irrelevant terms which makes the emphasis
of this topic off-target. Although Topic 6 from LDA contains
terms relevant to “Eating Disorder” (S5), it also contains some
terms related to “Sleep Disorder” and “Suicidal Thoughts”
(S9). Similarly, for Topic 3, it contains terms associated with
both the “Eating Disorder” and “Suicidal Thoughts” categories.
Therefore, the topics discovered with LDA are not interpretable
for the purpose of this study.

In contrast, the topics learned from the ssToT model
contain more relevant terms associated with symptom category
and more interpretable topics (see Table II). Additionally, the
ssToT model also captures acronyms that people use in social
media; for instance, in symptom 5 (Eating Disorder) “ugw”
stands for “Ultimate Goal Weight” and “mfp” for “More Food
Please”, or in symptom 2 (Lack of Interest) “idec” for “I Don’t
Even Care”. We also observe the excessive usage of expressive
interjections in language used by depressed users. Terms such

7http://pythonhosted.org/pyenchant/
8http://www.nltk.org/api/nltk.tokenize.html
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TABLE II. SAMPLE OF LEARNED TOPICS (SYMPTOMS) BY SSTOT VS LDA AND THEIR ASSOCIATED COHERENCY SCORES

Model Label Top Words UMass UCI NPMI

ssToT

Sleep
Disorder

cant sleep, wanna sleep, night, nighttime, sleepy, need to sleep, hour, sleepover,
bedtime, go to sleep, mess, dream, midnight crying, painful, 5:00 AM, guilt,

struggle, headaches tonight, morning, coffee, duvet, hungover, bbe
−1.23 −1.28 −0.01

Eating
Disorder

fat, eat, kg, weight loss, negative calories, lbs, thin, my thighs, paper thin, binge,
eating disorder, abs, stomach, bulimic, hating, salad, pretend, gain, starve,

mcdonalds, bones, chubby, flat, skip, wears, kcal, puffy, hippo, mfp, ugw
−1.18 0.20 0.02

Suicidal
Thoughts

self harm, cut, suicide, live, scar, blade, dead, alive, bleed, need my blade, death,
hanging, deserve pain, kill me now, gun, want to die, knife, daisies, opinion, meh,

razor, sharp, wrists, pictures, never wake up, wanna cut, stfu, ew
−0.66 1.13 0.09

LDA
Topic 8 Sleepover, september, lost, interest, exaggerating, its my fault, ugh, sleep, skin, dish,

saved, wake up, blocked, blow, ipad, touches −1.44 −2.84 −0.1

Topic 6 thigh, blood, big, beautiful, thin, smile, sleep, blood, leave, stay, worthless, fat, tear,
pretending, sadness, fake, ugly, god, skin, eat, morning −3.31 −2.65 −0.08

Topic 3 Blade, ugly, fat, blood, smile, mirror, call, fit, eat, stay, beautiful, sleep, big, tear, sad,
devil, god, skin, music −2.69 −3.69 −0.09
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Fig. 1. Sample trend analysis of depressive symptoms

as “argh” (showing frustration), “aw” (indicative of disap-
pointment), “feh” (indicative of feeling underwhelmed), “ew”
(denoting disgust), “Huh” (indicator of confusion), “phew”
(showing relief) were mostly discovered in their related symp-
toms category.

Furthermore, we observe that there are common themes
and triggers of clinical depression at the community level
that they do not existing in PHQ-9. In most cases, depressed
users discuss their family and friend problems and the need
for their support. For example the topic {family, hugs, at-
tention, parents, competition, daddy, mums, sigh, grandma,
losing, maam, friendless, love, friend, mommy, people, boyf,
gf} shows that the person is suffering from a relationship
problem. Another common theme is school and academic
stress {schools, college, exam, classmate, friendless, teacher,
assignment}.

To visualize depressive symptoms discovered for each user
over a specific period, we keep the topics which contain at least
certain number of seed terms as dominant words (among the
top 20 terms associated with that topic) and discard the others.

Figure 1 depicts the sample of various depressive symp-
toms learned by ssToT and their distribution over time. It
shows when and for how long a specific depressive symptom
occurred. To check the validity of each topical trend, human
annotators were asked to manually annotate all the buckets for
the presence of all symptoms. Further details are provided in
the next section.

VI. QUANTITATIVE RESULTS

Since ssToT is based on semi-supervised learning, it can be
considered a clustering based approach and evaluated based on
clustering evaluation measures. In addition, we are also able
to employ classification accuracy to evaluate the performance
of our method for symptom discovery. In this section, we first
discuss the state of the art in clustering measures and how we
adopt these measures to compare the performance of the ssToT
model with existing methods. Then, we discuss the process of
creating a ground truth dataset for evaluating the performance
of the ssToT for discovering depressive symptoms as a multi-
label classifier over different time periods.

Coherence Measures: Topic coherence measures score a
single topic by identifying the degree of semantic similarity
between high-scoring words in that topic. In this manner, we
can distinguish between semantically interpretable topics and
those which are artifacts of statistical inference. The state of
the art for this evaluation criterion can be grouped into two
major categories: intrinsic and extrinsic measures. Intrinsic
measures evaluate the amount of information encoded by the
topics over the original corpus used to train the topic models.

Another common intrinsic measure is UMass presented by
[31], which measures the word co-occurrence in documents:

UMass(wi, wj) = log
D(wi,wj)+ε

D(wi)

where D(wi, wj) counts the number of documents contain-
ing both wi and wj words, and D(wi) counts the ones contain-
ing wi, over the same training corpus, and ε is the smoothing
factor. The UMass metric computes these probabilities over
the same corpus used to train the topic models.

Conversely, extrinsic evaluation metrics estimate the word
co-occurrence statistics on external datasets such as Wikipedia.
The UCI metric introduced by [32] utilizes the Pointwise
Mutual Information (PMI) between two words,

UCI(wi, wj) = log
p(wi,wj)+ε
p(wi)p(wj)

where the word probabilities are calculated by counting
word co-occurrence in a sliding window over an external
dataset such as Wikipedia. Recently, another topic coherence
measurement has been introduced by [33] which considers
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context vectors for every topic’s top word. For every word w,
a context vector is generated using word co-occurrence counts
employing context window of size +-n surrounding that word.
By calculating Normalized PMI (NPMI), they showed their
method has a strong correlation with human topic coherence
rating. The higher the topic coherence measure score, the
higher the quality of the topics. This, in turn, leads to better
topic interpretability, given that our purpose is to extract
meaningful and interpretable topics associable with depressive
symptoms. We used Palmetto9 for measuring the quality of
topics learned based on NMPI and UCI measures (Wikipedia
as an external corpus). UMass was measured by creating
our Lucene index on tweets from users in set U (intrinsic
evaluation)10. Table II shows a sample of the coherency of
topics learned (symptoms) for LDA and ssToT models based
on UMass, UCI, and NPMI metrics. We can clearly see that
the topics learned by the ssToT model are more coherent for
all the three measures.

Baselines: To further evaluate the ssToT-learned topics, we
compare them with the topics obtained from a set of existing
unsupervised and semi-supervised approaches. k-means: A
clustering approach based on distributional similarity employ-
ing cosine similarity measure. LSA: An unsupervised approach
that gleans distributional semantics by clustering correlated
terms into latent topics using singular value decomposition.
LDA: A Bayesian approach that represents a document as a
mixture of topics. BTM: A state-of-the-art unsupervised topic
modeling framework for short texts which utilizes distributed
representations of words and phrases [34]. Partially Labeled
LDA: A semi-supervised topic model which constrains latent
topics to align them with human-provided labels [24].

To determine the number of topics for all LDA variants, we
use perplexity using 80% of the data to train and 20% to test.
We choose 15 topics as a proper level of granularity as it has
the lowest perplexity and is suitable for our task. We set the
number of Gibbs iterations to 1,000, α to 0.5, β to 0.1 and the
rest of the parameters to default values. We use the Stanford
Topic Modeling Toolbox11 to run all LDA variants except
BTM, which is downloaded from its author’s webpage12. We
use cosine similarity as a distance function for k-means. Table
III denotes the average coherence score for each model. Due to
space limitations, we only report the average coherence of all
symptoms for each algorithm. Coherency measures judge each
model’s output based on how well they represent a specific
topic. This aligns with our objective of providing outputs
that are well associated with depressive symptoms rather than
some generic set of terms grouped together. These numbers
indicate that the ssToT model outperforms other state-of-the-art
techniques regardless of the corpus that probabilities are gained
from: Wikipedia for UCI or the same corpus in UMass. We
note that although, on average, the ssToT model outperforms
the other five baselines in terms of discovering coherent topics,
there are rare exceptions. For instance, the topic containing
{fat, time, feel, dinner, weight, eat, hate, skinny} learned by
the BTM algorithm about Eating Disorder has scores of -0.19,
0.8, and 0.08 for UMass, UCI, and NPMI respectively, which

9http://rebrand.ly/palme9bf7
10http://rebrand.ly/howtod52e
11http://nlp.stanford.edu/software/tmt/tmt-0.4/
12https://github.com/xiaohuiyan/BTM

TABLE III. AVERAGE COHERENCY OF DIFFERENT MODELS VS. SSTOT

Model UMass UCI NPMI
LDA -2.68 -3.03 -0.109
BTM -1.42 -2.18 -0.058

P-LDA -1.12 -2.48 -0.123
K-Mean -1.70 -2.95 -0.102

LSA -1.43 -3.23 -0.107
ssToT -1.00 -1.62 -0.026

Fig. 2. Symptom distribution in the gold standard dataset
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implies that it is more coherent compared to its associated
topics learned by ssToT (see Table III). However, when we
further analyzed the rest of the topics learned by BTM, we
noticed the poor quality of the other learned topics, as the
average coherency also indicates.

VII. SYMPTOM PREDICTION (MULTI-LABEL
CLASSIFICATION)

We showed how ssToT is highly effective in terms of
the quality of learned topics (depressive symptoms). In this
section, we further investigate the power of the ssToT model
as a multi-label classifier. Specifically, we try to predict the
correct set of labels (depressive symptoms) for each bucket of
tweets. We build a ground truth dataset of 10400 tweets in
192 buckets. Each bucket contains tweets that are posted by
the user within span of 14 days (in compliance with PHQ-
9). Tweets are selected from a randomly sampled subset of
both self-reported depressed users and random users. Three
human judges (undergraduate students who are native English
speakers) manually annotated each tweet using the nine PHQ-
9 categories as labels. Additionally, the non-relevant tweets
that do not show any depressive symptoms, have been labeled
as “cannot judge”. The average inter-annotator agreement
is K=0.74 based on Cohen’s Kappa statistics. We build a
labeled bucket by merging the labeled tweets. Figure 2 depicts
symptoms distribution in the gold standard dataset.

Our semi-supervised ssToT model does not use the labeled
data during training. In particular, we are not supervising
the LDA model with a labeled-dataset like Labeled-LDA
[35]. Instead, we are using the labeled dataset for evaluating
the performance of the ssToT model in assigning a set of
symptoms to each bucket. We evaluate the performance of the
ssToT in terms of the average precision, recall, and F-score
in detecting depressive symptoms for each bucket of tweets
when tested against human judgment. We show that our ssToT
model can predict the presence of each of the nine depressive
symptoms for a different bucket with an accuracy of 0.68 (see
Table IV) which gives a precision of 0.72 on average.

We observed that the best results were achieved for “Lack
of Interest” (symptom 1) with a 0.90 F-Measure and the worst
result was obtained for “Concentration Problems” (symptom
7). We noticed that our ssToT model works well with less
descriptive symptoms since it generates relevant seed terms
to discover the latent symptom. For instance, consider the
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following tweets selected from our dataset: “Overthinking
always destroy my mood”, “This essay is dragging so much,
can’t deal with essays and revisions any more :(”, “I need
a break from my thoughts”, and “my head is such a mess
right now”. The first tweet contains the depression-indicative
keywords “overthinking”, which can easily be interpreted as
“Concentration Problems” while the other utterances, although
they are labeled into the same symptom category (according to
our human annotator), are descriptive and metaphoric and do
not contain any depressive-indicative term. However, there are
some tweets such as “overthinking killed my happiness” that,
even though they contain the depression-indicative terms of
“Concentration Problems”, (overthinking in this case) cannot
be grouped into “Concentration Problems” category. Such
examples contribute to a high number of false positives and low
precision for this category. Furthermore, sometimes correctly
determining the category of depressive symptoms is challeng-
ing even for a human. For instance, in the tweet “Need to
sleep, always so f***ing tired” one may categorize it as “Lack
of Energy” while another may consider it as “Sleep Disorder”.

To further test the robustness of our ssToT model as a
multi-label classifier, we compare its results to common su-
pervised approaches for performing multi-label classification,
namely the binary relevance (BR) and classifier chains (CC)
methods [36]. The BR method transforms the problem of
multi-label into multiple binary models by creating one model
for each label. For this, each binary model will be trained to
predict the relevance of each of the labels. On the other hand,
CC is a chaining method that uses L binary transformations
(one for each label) similar to BR, but it can also model
label correlations while maintaining acceptable computational
complexity. As supervised baseline approaches, Multinomial
Naive Bayes and SVM models have been chosen for the two
aforementioned methods. These two models have been widely
utilized as a baseline by most previous studies [24]. Note
that in the task of supervised multi-label classification, labels
are available during training. We used Meka (a Multi-label
Extension to WEKA)13 for building the baselines. We use
a bag-of-word model and perform 10-fold cross-validation to
evaluate accuracy for each symptom (see Table IV).

These results show that in spite of the semi-supervised
nature of ssToT model, it is competitive with supervised ap-
proaches and improves upon them in five out of nine symptom
classification in terms of F-score along with providing better
averaged accuracy. A key advantage of ssToT over supervised
approach is that it does not require labor-intensive, expensive,
and time-consuming manual annotation of data in training.

Our study has limitations. For users who do not generate
ample content on their profiles or are reluctant to publicly
reveal their depressive symptoms, we cannot assess their de-
pressive behaviors. Additionally, we only detect the presence,
duration, and frequency of symptoms rather than their severity.
Furthermore, more severely depressed individuals may be more
inclined to publicly express their depression and biasing our
sample.

13http://meka.sourceforge.net/

TABLE IV. MODEL’S PERFORMANCE FOR BUCKET LEVEL SYMPTOM
PREDICTION, (P:PRECISION, R:RECALL, F:F-SCORE, AA. IS THE

AVERAGE ACCURACY FOR EACH MODEL.

Model AA. S1 S2 S3 S4 S5 S6 S7 S8 S9
P 0.68 0.94 0.67 0.62 0.71 0.96 0.63 0.38 0.96

BR-MNB 0.66 R 0.74 0.78 0.72 0.59 0.86 0.95 0.82 0.86 0.93
F 0.74 0.81 0.70 0.60 0.89 0.90 0.73 0.84 0.96
P 0.73 0.95 0.73 0.61 0.90 0.99 0.70 0.71 0.91

CC-MNB 0.63 R 0.66 0.80 0.68 0.55 0.84 0.87 0.65 0.85 0.80
F 0.72 0.83 0.73 0.57 0.91 0.92 0.72 0.90 0.88
P 0.88 0.81 0.91 0.94 0.98 0.74 0.62 0.81 0.79

BR-SVM 0.695 R 0.69 0.94 0.69 0.42 0.84 0.96 0.80 0.80 0.82
F 0.79 0.85 0.76 0.53 0.91 0.93 0.80 0.88 0.90
P 0.87 0.93 0.79 0.93 0.97 0.98 0.74 0.92 1.0

CC-SVM 0.71 R 0.70 0.93 0.66 0.40 0.83 0.94 0.79 0.80 0.84
F 0.80 0.86 0.75 0.51 0.91 0.95 0.82 0.89 0.91
P 0.87 0.93 0.79 0.91 0.97 0.98 0.74 0.92 0.79

ssToT 0.68 R 0.93 0.98 0.69 0.53 0.90 0.92 0.19 0.24 0.59
F 0.90 0.89 0.78 0.68 0.93 0.82 0.30 0.38 0.68

VIII. CONCLUSION AND FUTURE WORK

We demonstrated the impact of social media on extraction
and timely monitoring of depression symptoms. We developed
a statistical model using a hybrid approach that combines a
lexicon-based technique with a semi-supervised topic model-
ing technique to extract per user topic distribution (clinical,
symptomatic of depression) and per topic word distribution
(symptom indicators) by textual analysis of tweets over dif-
ferent time windows. Our approach complements the current
questionnaire-driven diagnostic tools by gleaning depression
symptoms in a continuous and unobtrusive manner. Our ex-
perimental results reveal that there are significant differences
in the topic preferences and word usage pattern of the self-
declared depressed group from random users in our dataset
which indicates the competency of our model for this task.
Our model yields promising results with an accuracy of 68%
and a precision of 72% for capturing depression symptoms
per user over a time interval which is competitive with a fully
supervised approach. In future, we plan to apply our approach
to various data sources such as longitudinal electronic health
record (EHR) systems and private insurance reimbursement
and claims data, to develop a robust “big data” platform for
detecting clinical depressive behavior at the community level.
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Abstract—With ubiquity of social media platforms, millions
of people are routinely sharing their moods, feelings and even
their daily struggles with mental health issues by expressing
it verbally or indirectly through images they post. In this
study, we aim to examine exploitation of big multi-modal social
media data for studying depressive behavior and its population
trend across the U.S. to better understand a regions influence
on the prevailing environment and available care. In partic-
ular, employing statistical techniques along with the fusion
of heterogeneous features gleaned from different modalities
(shared images and textual content), we build models to detect
depressed individuals and their demographics.

Keywords-Multi-modal Analysis, Machine Learning, Natural
Language Processing, Statistical analysis, Social Media, Mental
Health, Regression

I. INTRODUCTION

Depression is a highly prevalent public health challenge
and a major cause of disability worldwide. According to the
World Mental Health Survey conducted in 17 countries, on
average, about 5% of people reported having an episode of
depression in 2011[1]. It also affects 6.7% of Americans
(that is, more than 16 million) each year 1. Untreated or
under-treated clinical depression can be serious enough to
lead to suicide and other risky behaviors such as drug or
alcohol addiction2. More than 90% of people who commit
suicide have been diagnosed with depression [2].

A global effort to curb clinical depression involves iden-
tifying it through survey-based methods via phone or online
questionnaires. These approaches mainly suffer from under-
representation as well as sampling biases (a small group of
respondents). Besides, survey data also exhibit problems due
to temporal gaps between the data collection and dissem-
ination of findings, reflecting participant’s responses over

1http://bit.ly/2okBKNy
2http://www.webmd.com/depression/guide/untreated-depression-

effects#1

a short period of time. In contrast, with an unprecedented
growth of social media, large number of people voluntarily
share large amounts of data by expressing their moods,
feelings, emotions, and daily struggles with mental health
problems on social media platforms like Twitter. This offers
opportunities for new understanding of these communities.
For instance, the news headlines such as “Twitter Fail:Teen
Sent 144 Tweets Before Committing Suicide & No One
Helped” highlights the need for better tools for gleaning
useful insights from user generated content on social media.

Recent years have witnessed rapid growth in the analysis
of social media for studying a wide range of health problems,
from detecting influenza epidemic [3], [4] and cardiac arrest
[5] to study mood and mental health conditions [6], [7].
Previous research efforts suggested that language style,
sentiment, ego-network, and user engagement are discrimi-
nating features to predict the likelihood of depression in a
post [8] or in an individual [9], [10]. These studies often rep-
resent psychological status of online users via their language
via psycholinguistic analysis, supervised and unsupervised
language modeling, or studying individuals topic of interest.
However, except few attempts [cite, cite, cite] investigations
in the fields are seldom concerned with visual attributes of
mental health reflects on various social media platforms.
Interestingly, according to eMarketer, photos accounted for
75% of content posted by Facebook pages worldwide and
they are the most engaging type of content on Facebook
(87%). It has been argued that sharing them is the best way
get more attention from the followers. Indeed, an old saying
of ”a picture is worth a thousand words” recently changed
to ”photos are worth a million likes”. Similar to Facebook,
photos are more engaging for Twitter users. The tweets
attached with image links get two times more engagement
rate of those without 4. We recall that getting social support
from peers has been highlighted as a primary motivation for
sharing depressive indicative content in social media [6].
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The easiness of expressing emotion through images where
they often gaining more attention compared to the verbal
form, is plausible motivation for sharing depressive images.
Besides, as the psychologist Carl Rogers highlights, we often
pursue attitudes which bring us closer to our Ideal-Self. In
this regard, the choice of profile image can either represent
our online persona or persona we choose to paint for others
to see. We believe this can have roots in the mental health
status of a person, and the visual attributes of it can provide
emotional expression that can yield insights into mental
illness. Inspired by that, we study the profile pictures of
likely depressed individuals in order to discover relevant
signals from colors, aesthetic and facial attributes, to better
understand the psychology and the intent behind choosing
the personal profile image.

Furthermore, the recent advancements in deep-
convolutional neural networks, specifically for the image
analysis task, has lead to a significant improvement in age
and gender classification. Inspired by that, we develop a
big data approach to automatically detect likely depressed
individuals by exploiting heterogeneous set of features
gleaned from different modality from studying the content
of posted images (colorfulness, hue variance, sharpness,
brightness, blurriness, naturalness), the choice of profile
picture (gender, age, and emotion estimation), the choice
of screen name, language features from both generated
textual content and profiles description (n-gram, emotion,
sentiment [11], [12], [13])(see Figure 1). In particular, we
address the following research questions: 1) How well do
the content of posted images (colors, aesthetic and facial
presentation) can reflect depressive behavior? Does the
choice of profile picture show any psychological trait of
online depressed persona? Are they reliable enough to
represent the demographics such as age and gender? 2)Are
there any underlying common themes among depressed
individuals generated visual and textual content?

Figure 1. System architecture and the overall process
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