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Abstract 
 
 
 
Social media has now become the most popular medium for self-expression and            
community building. More and more people are turning to it to express, write, vent or               
just be while being comfortable doing so because it’s an accepted social norm. 
Using a dataset extracted from Twitter of depressed and non-depressed users, this            
project aims at studying the characteristic features that make suitable early indicators            
of depression in Twitter-Users, hence early detection of depression. The project has            
to put to application Natural Language Processing and Machine Learning algorithms.  
In its first phase, the project at the moment uses text mining, assigning moods to               
different tweets, predicting change in moods, running experiments on non-voluntary          
data. 
 
SEMESTER 2 
 
For semester two, the project aims at generalising and extending mental health tracking             
to include 7 more psychological diseases and collect data for them respectively,            
using Twitter. The details, including Aim and motivation has been continued from Page             
No. 23.  
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Introduction  
Mental Health has long been ignored by everyone alike because of the lack of visibility               
in contrast to that of physical injuries or diseases. 
 
My project focuses on the most common yet underestimated psychological illness which            
is a major contributor to the overall global burden of diseases:  Depression.  
 
Statistics 
About 300 million people in the world are suffering from/dealing with depression and             1

about 90% of these don’t know how to.  
The reasons being as trivial as lack of awareness, scarcity of mental health resources              
and the stigma attached to mental health issues. 
 
According to recent stats released by WHO, in October 2018 India was identified as one               
of the most depressed nations in the world, with about 6.8% of its population suffering               
from a serious mental disorder. 
 
The Problematic narrative 
Depression is most commonly associated with sadness, tiredness, loss of or increased            
appetite, difficulty concentrating or problem-solving and social withdrawal. But often          
gets associated with usual mood fluctuations or short-lived emotional responses to           
everyday challenges. 

As a result, the grave mental disorder is being casually used as an adjective  2

Depression if left undiagnosed is a progressive disease which in the later stage poses              
loss of functionality, retreating to isolating and at its worst poses a risk to a person's life                 
and affects everybody else in his surroundings. (not much different from cancer). Close             
to 800,000 people die due to suicide every year. Suicide is the second leading cause of                
death in 15-29-year-olds.1 

The death of legends like Anthony Bourdain and Robin William brought depression to             3

the main sphere of discussion. The most popular comments from the unfortunate events             
had the following general format: “He was the last person we suspected to commit              
suicide” or “But he looked completely healthy and happy”. 

1 https://www.who.int/news-room/fact-sheets/detail/depression 
2 Continued discussion in the problem formulation section. 
3 https://www.cheatsheet.com/health-fitness/tragic-reason-robin-williams-death-even-worse-anyone-realized.html/ 
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The key word here is ‘looked’. Which makes us realise that depression runs deeper              
than a person’s voluntary display of the behaviour.  4

 
Meanwhile, the social media revolution introduced a new dimension in the world. People             
have adapted to it. In fact, it has established itself as the most popular medium of                
self-expression and community building owing to comfort (everything a click away) and            
efficiency(reaching several people at the same time) it offers.  

Elvis Saravia et al., mentions in his paper that this social withdrawal among people              
suffering from mental illness makes them seek social media as a platform to share their               
feelings and illness. [1] 

I believe that the more people talk about it or work on it, the more likely is it for                   
discussion on mental health issues to penetrate the living rooms.  

Inspired and motivated to help people realise the importance of mental health, my work              
aims at identifying depression symptoms at an early age, so people can get help and               
prevent what’s coming.  

Afterall, prevention is better than cure. 

  

4 Discussion continued in the problem formulation section. 
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Problem Formulation  
Offline Depression Detection 
Traditionally, depression detection is done in a face to face test with a clinical              
psychologist who bases her/his judgement on diagnostic criteria from manuals like the            
DSM-V i.e. the Diagnostic and Statistical Manual of Mental Disorders.  5

The guidelines and tests for clinical detection of depression check for verbal and             
behavioral patterns in the patient’s physical world.  

But with the advent of social media, a virtual dimension got introduced which until              
recently did not gain attention as a plausible source from studying depressive symptoms             
in users. 
 
The data on social media is user-generated data which will be studied in this project. 
 

User-Generated data is of two types: 
Voluntary and Involuntary  
 
For classification of the features my model uses: 
Voluntary UGD - Features are those that the user consciously chooses to reveal. For              
example: The tweets as written and posted by the users and information extracted from              
these come under Voluntary UGD. 
Features extracted from this mode will include text-mining on tweets to assess the             
mood of tweets and user-profile information. 
 
Involuntary UGD - Features include those features which get exhibited by default or by              
chance in the social media signatures a user creates while using it. I.e., behaviourism              
exhibited without consciously trying to.  
For Example: Timestamps and time-series of tweets, geolocations, number of tweets,           
number of social connections, intricate details like antidepressant medicine names in           
tweets. 
 
The problem at hand is the use of these features to find non-incidental             
commonalities between depressed users in order to implement a Classification          
Problem. 
 

5 https://www.psnpaloalto.com/wp/wp-content/uploads/2010/12/Depression-Diagnostic-Criteria-and-Severity-Rating.pdf 
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Why Social Media 

Social media generates countless data every day because millions of active users share             
and communicate in an entire community, it changes human interaction. 
With the increasing engagement with social media of the public, many studies showed             
that social media has already been increasingly used in population health monitoring,            
and is beginning to be used for mental health applications. Employing social media has              
been suggested to be beneficial to mental health studies, as it provides an unbiased              
collection of individuals’ language usages and behaviours. Additionally, information from          
social media bears the potential to complement traditional survey techniques in its            
ability to provide finer grained measurements of behaviour over time while dramatically            
expanding population sample sizes. Initial evidence has been found to show that people             
do post about their depression and their treatments on social media. And numerous             
studies have presented that based on the symptoms and indicators of depression, it is              
possible to use data mining and machine learning techniques to develop models to             
discover likely instances of depression on social media.  6

 

 
  

6 What about Mood Swings? Identifying Depression on Twitter with Temporal Measures of Emotion 
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Data 
The precurred dataset from [2] consists of two types of Dataset: Labelled and             
Unlabelled. 

The labelled category further has two datasets, one labelled positive (for depressed            
users) and the other for non-depressed users on Twitter. 

For every given Twitter user, the dataset contains profile information of the user, an              
identified anchor tweet to infer the mental state and all the other tweets published              
within one month from the anchor tweet. This was done to capture the state of mental                
health month exactly before diagnosis. 

Labelled, Depressed Users Dataset :  
The users whose anchor tweets satisfied the strict pattern: "(I'm/ I was/ I am/ I've been)                
diagnosed depression" as inspiration from  [Coppersmith et al., 2014]. 
This database contains 1,402 depressed users and 292,564 tweets (within one month            
of the anchor tweet for each user). 
 
Labelled, Non-Depression Dataset:  
Consists of all the users if they did not have any tweet containing the character string                
“depress” as of December 2016. 
 
Unlabelled Data : 
Following the above extraction methods, the dataset of labelled, depressed users is            
much smaller than that of labelles, non-depressed users. So this unlabelled contains the             
users whose anchor-tweet loosely contained the string “depress”. 
This dataset is extremely noisy. 
Notes about the data : 

1. Does not contain accounts with more than 15,000 followers were removed. 
2. Does not contain users with anchor tweets that are parts of narratives(in quotes). 
3. Does not contain users with anchor tweets talking to diagnosis as an event in the               

past. 
4. Does not contain users with anchor tweets which are retweets. 
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Preparing Data for Feature Identification 
 
Data Visualisation 
 
The data contains json files of the users in the two categories of classification              
(depressed and non-depressed) segregated acc. To the description above. 
Following is the relevant content extracted from data. 
 
Anchor Tweets DataFrame  : 7

 
User Information DataFrame :  
 
For a single user :  
 

        Features identified for further processing: 
1.Username (Unique Key ) 
2. Name 
3. Followers-count 
4. Following 
5. Statuses_count 
6. Description/Bio 
7. Timezone  
8. GeoTag 
9. Account Verified (Boolean) 

7 As the users labelled as depressed are under 5000, Proposed manual annotations for improving the 
accuracy and authenticity of the dataset. 
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User-Info DataFrame  for all Users : 

 

Timeline DataFrame : 
 
Timeline DataFrame 
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Details of the Dataframe:  
The information extracted from Users’ Timelines consists of the following          
information. 
For each user : 
1. A list datatype of the timestamps of all tweets. (to check for time patterns, in               

order to check for sleep discrepancies.) 
2. A list of datatype contains all the tweets from the user’s timeline. 
3. Username: The Unique key for every user. 

 
UGD - Based Division of Features   8

 
Voluntary UGD Involuntary UGD 

Tweets  Follower count 

username Following count 

 timestamps 

 
**Note : 
Please note, the tweets are only one of the various behaviour traits exhibited by the               
user. 
 
  

8 Voluntary UGD Features : 
The text from tweets, appended in one document per user (as described above ) and personnel information extracted from profile-information json                                         
files make up the voluntary UGD features. 
 
Involuntary UGD features: 
A combination of time-series data along with number of tweets a user profile has, its number of connections, geo labels and time-stamps. 
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Information Available for every User 
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Feature Identification 
 
In the previous arguments, we have established that the advent of social media has              
introduced a new dimension outside the physical world. Every user of social media has              
her/his set of social media traits which can be extracted and studied. 
To understand the process of feature identification we follow the following steps: 
 
Purpose : 
The aim of extracting every relevant piece of information from a user’s social media              
handle is to be able to observe similar traits/patterns in depressed users. The following              
discussion aims at achieving this. 
 
Challenges: 
As seen from the table in the above page, data from social media is sparse and patchy. 
Not every property or trait exhibited by a user is a trait indicating depression. So while                
every category above is a feature, not every category is a feature contributing to              
depression attributes. 
 
Previous Work: 
A majority of previous work towards the problem statement focuses on only one of all               9

the features : 
User’s Tweets. However there are the features a user chooses to exhibit and thus              
study of these alone cannot be sufficient. It would be the same as deciding if a person is                  
depressed or not on the basis of how he chooses to say in front of people (which didn’t                  
indicate any sickness in case of the world stars like Robin Williams. ) 
 
The problem at hand is the use of these features to find non-incidental             
commonalities between depressed users in order to implement a Classification          
Problem. The features identified here take inspiration from the studies conducted on            
the features independently and build from there. The idea is to be able to combine them                
for the classification problem.  

9  An example: https://github.com/niquejoe/Classification-of-Depression-on-Social-Media-Using-Text-Mining#about 
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Mood Swings Behaviour 
 
Inspired from and further built on the work in the paper titled “What about mood swings:                
Identifying depression on twitter with temporal measures of emotions”. [5] which           
recognises the emotions and a change in them as the basic classification problem. 
 
Studies showing the connection of frequent mood-swings in depression patients.  
These also aim to analyse the threshold by which negative emotional words occur more              
in tweets from a depressed user than those by non-depressed users. 
 
Procedure 
The dictionary contains words with their corresponding polarity, which is essential to            
calculating the sentiment of each tweet, each word will be separated, tokenized and             
given its polarity. Every tweet will consist of the summation of all polarities of each word                
and divided by the number of words in that tweet. 
Once preprocess is done. You can find the file in the directory            
"processed_data/output.xlsx". Opening it you will find that the ID (tweet) and Sentiment            
of each tweet is separated into 2 columns. With this output you now have a twitter data                 
set and its corresponding sentiment filtered by depressive keywords. (Positive, Neutral           
and Negative). 

1. First Model 
a. Data Preprocessing 

i. All time-line tweets for every user taken  
ii. Preprocessing - removing emoticons and punctuation  10

b. Dictionary used: Context dictionary, Multi-Perspective Question Answering       
MPQA, prepares the lexicon and weight used. 

c. Calculates the sentiment of the sentence assigning weight to every word           
(+1,-1 and 0), summing and normalizing for the number of words. 

d. The results are stored for every user. 
 
 

2. Second Model 
a. Data processing 

10 Problematic as no difference between i am beautiful and I am, beautiful or between you are beautiful vs 
you are beautiful! 
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i. In this case, the emoticons were not removed, neither the          
punctuation, to facilitate the use of VADER . 11

 
b. Lexicon Used: VADER, gold baseline results. 

 
 
Stats: 
About 40% of the labelled category users have net sentiment per tweet as positive. 
 
  

11 VADER (Valence Aware Dictionary and sEntiment Reasoner) is a lexicon and                      
rule-based sentiment analysis tool that is specifically attuned to sentiments expressed                     
in social media. VADER uses a combination of A sentiment lexicon is a list of lexical                               
features (e.g., words) which are generally labeled according to their semantic                     
orientation as either positive or negative. VADER not only tells about the Gives the weight                             
of positivity or negativity. 
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 Timestamp Analysis - Posting pattern indication 
 

 

For a single User: 
 

 
 

 
For 100 Users 

 

 

Indraprastha Institute of Information and Technology 
20 



 

 
 

For 2000 users (classified positive)  
 

 
 
Observations: 
We see a similarity in trend with respect to the time distribution of tweets by depressed                
users as the two peaks in the graph above. 
Most users have two peak-time periods: 

1. 12 midnight to 3:00 am 
2. 3:00pm to 5:00 pm 

 
The analysis of timestamps takes inspiration from the DSM-V criteria of irregular            
sleeping patterns and time-schedules. 
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4-Fold Features as picked up from Shien et. al (source 
paper) 
 

1. Social Network Features 
2. Emotional Features 
3. Topic Level Features 
4. Domain-Specific Features 

Details in the Features Analysis sheet attached. 
 
Binary Classification Results 
Data Split into 80:20. Followed by sparse dictionary learning (Source: Shien et. al.) for              
the feature table, Because the data is from twitter, it is sparse. Metric Used currently:               
accuracy and precision 
The data has been trained and tested under 5-fold cross-validation.  
 
 
 
Performance 
Source paper accuracy: 80 % 
 
Naive Bayes  
Accuracy: 68.56% 
 
Regression 
Accuracy: 76.7851 % 
 
Dictionary Model Learning with Song et al., 2015  
Accuracy: 80.234   % 
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SEMESTER ONE- PROJECT SUMMARY SO FAR 
 
Data Used: Source Paper: Depression Detection via Harvesting Social Media: A           
Multimodal Dictionary Learning Solution 
 
Details :  
In Source Paper : Depression Detection via Harvesting Social Media: A           
Multimodal Dictionary Learning Solution  
Type: Depression 
SM Platform: Twitter 
No. of Users: 2516 post annotation  
How data looks for each use : 

 
 
 
 
 
 
 
 
The procured Dataset consists of two Types of data :          
Labelled and Unlabelled. 

 
4-FOLD FEATURE EXTRACTION PARALLEL TO DSM-V  

1. Social Network Features 
2. Emotional Features 
3. Topic Level Features 
4. Domain-Specific Features 
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Description and The features of each feature group displayed below: 

 
OBSERVATIONS: 

1. Positive sentiment tweet prevalent: 39.6% Depressed classified Users        
have net sentiment per tweet as positive. Further stressing upon the fact that             
sadness is only one of the several symptoms of depression and not depression             
itself. 

 
2. Converging Timestamp Patterns : Indicate similarity in posting behaviour         

for the time brackets: 
➔ Midnight to 3:00 am 
➔ 3:00 pm to 5:00 pm  

 
 
 
 
 
 
 
 
 

Binary Classification Results 
1. Data split 80:20. 

Indraprastha Institute of Information and Technology 
25 



 

2. Sparse Matrix conversion for higher computation speeds. 
3. Metrics being used: accuracy 
4. Trained and Tested over 5-fold classification.  

 
Performance  
Identifying Users at the risk of depression 
Source Paper : 80% 
Regression Model (as of 20.01.2020 : RIISE Presentation) : 81.27% (slightly above            
base paper.) 
 
 
 
 
  

Indraprastha Institute of Information and Technology 
26 



 

SEMESTER 2: PROJECT EXTENSION  
 
In the second part of the project, we expand from depression to mental health in               
general.  
 

Motivation :  
The previous sem I was able to achieve gold-standard results with simple-regression by             
simply taking into account all behavioural patterns in online in-parallel to what they are              
acc. To DSM-V. 
 
People display the same traits online as they do offline, it’s just hidden in data. What                
we’re doing here is analysing the data, processing it, finding patterns and identifying             
traits online pointing to a particular mental health state. 
For this purpose, the previous sem we used the data provided in the source paper.  
Roadblocks/Disadvantages 
➔ Only 2516 users. 
➔ Non-annotated data, 20% false positives 
➔ Outdated data (before 2016): 4 years is enough for the evolution of new             

symptoms and traits and updating the DSM-V. 
➔ Multimodal data not available so visual features couldn’t be implemented. 
➔ Only depressed users dataset, so no availability of all-inclusive mental-health          

dataset. 
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AIM :  
 

Overcoming Disadvantages : 
For the purpose, the project has been divided into the following parts :  
 

1. Fixing dataset problems by data collection. 
2. Replicating the results on the new dataset. 
3. Expanding dataset to cover not just depression but other psychological issues as            

well namely : 
3.1. Depression 
3.2. Anxiety 
3.3. Ptsd 
3.4. ADHD 
3.5. PPD 
3.6. Bipolar disorder 
3.7. Compulsive disorder 
3.8. Major depression 

4. Identifying Features, word clouds for each of these. 
 
 
The aim is to be able to track Mental Health and provide a gold-standard dataset to                
facilitate better research.  
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DATA COLLECTION  
 
To the purpose of this project, I collected a dataset of depression users on Twitter.  
 

I. Choosing a Suitable API for Data Collection  
 

1. Official Twitter Api - Limitations: 
a. Can't get tweets older than a week. (unless we pay) - Biggest Limitation 
b. A limit of 180 requests per 15 minutes. 
c. A limit of 100 tweets per request. 

 
Keeping in mind the requirements of our dataset, I needed a different API. 
Some other APIs available via Github : 
(Links attached) 
 

2. API 1: Twitterscraper - Limitations/bugs 
twitterscraper 
After 5 days, the API started showing bugs and some of the tweets were half cut.                
Hence, rejected. 

 
3. API 2: Twitter-Scraper: 

twitter-scraper 
This API is used only for specific information sets of a user’s profile, namely:  
#tweets, #followers, #following, bio  :  textual information  
display picture URL:  graphic data 

 
4. API 3: GetOldTweets: 

GetOldTweets-python 
Main API used for anchor tweet identification and timeline tweets procurement,           
as it allows using for queries: 
➔ a query statement 
➔ Start and end date: We have started from April 2018 for as updated data              

as possible. 
➔ As well as set username  

 

II. Anchor Tweets Extraction 
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Taking inspiration from the source paper, the query statement used for identification of             
anchor tweets are as follows: 
“I am/was/got/have been/’ve been/I’m” diagnosed with <insert disease name>”. 
 
The API: GetOldTweets matches with words and not the exact composition, we get             
several false positives. 

 
2-step Weeding Out Procedure: 
 
Step-1 Automated 
 

1. Repetitive usernames 
2. Absence of personal pronoun from the text. eg: he has been diagnosed with             

depression 
3. Talk of the past, eg: “was diagnosed with depression 5 years back” 
4. Accounts > 10000 followers because can be public interest initiatives or           

organisations. 
5. Verified accounts: because they can be public interest initiatives or organisations. 
6. Picture-less accounts because it does not satisfy multimodal data requirements. 

 
Step-2 Hand Annotation 
 
Hand annotation while unintelligent was crucial to ensure the dataset is 100% correct             
and there are no false-positives. The only place where other datasets, in the past, have               
lost out on is lack of accuracy.  
Ensuring the anchor tweet is correct comes closest to ensure that and makes this              
dataset gold standard. 
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ANNOTATION 

PURPOSE OF ANNOTATIONS: 

1. Annotations is the act of evaluating raw data. 
2. To provide the Ground Truth for the machine learning model to learn from. (in              

our case identify users actually having a disorder or not) 
3. Used for Supervised Machine Learning applications. (In our case learn the           

behaviors of depressed people, learn from it and predict for pre classified users             
and compare results for model accuracy) 

4. No algorithm can outperform human annotators, so our algorithm can be at max             
as correct as the annotations/ground truth fed into the model. 

5. Computers are excellent at delivering this information to interested users, they           
are much less adept at understanding language itself, Hence the need for            
annotation. 

AIM OF ANNOTATIONS IN THE PROJECT:  
To know if the author of a tweet has been “diagnosed with the respective              
disorder/disease their data has been extracted for”. 
 

ANNOTATION CRITERIA 
The text must contain the above which may either be (both classified ‘1’) : 
 
A. Mentioned Directly: (Which Can Be Automated) 

1. "i was diagnosed with depression" 

2. i got diagnosed with depression" 

3. "i have been diagnosed with depression" 

4. "diagnosed me with depression" 

5. "i have been diagnosed with clinical depression" 

6. "i was diagnosed with clinical depression" 

7. "i got diagnosed with clinical depression" 

8. "i was officially diagnosed with depression" 

9. "diagnosed me with clinical depression" 

10. "i have been officially diagnosed with clinical       

depression" 
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B. Indirect/Long Composition: Requires Hand Annotation 
 
“we care and I care a lot of people care and your living such a               

great life don’t be sad be with your friends and try and be             

happy but Ik it can be hard I suffer from depression and social             

anxiety And I was diagnosed by a doctor but I hope it gets             

better for you” 

 

ANNOTATION TYPE AND SPECIFICATIONS: 

1. Binary Classification:  Two available classes :  

a. Positive (1): suffers from the disorder  
b. Negative (0): doesn't suffer from the disorder. 

2. Types of Annotators required for the above data: 

a. Corpus Exploration  

i. Done manually. 
ii. The group of corpus explor- ers encompasses all those who aim at            

exploiting linguistic data in order to find evidence for or against           
linguistic hypotheses. In our case: whether the person has a          
disorder or not. 

iii. These people need to know (i) how to find instances of specific            
phenomena they are interested in, and (ii) how to interpret the           
anno- tations of the phenomena in question. 

b. The Language Engineer: 

i. Instead of inspecting the data “manually”, as the corpus explorer does,           
the language engineer applies automatic methods to the annotated data          
to process them further.  

ii. This in- cludes a variety of tasks, such as statistical evalu- ations, training             
and testing of algorithms, and the extraction of various types of linguistic            
information. 
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READING ANNOTATION FILES: 

1. Google sheets have been used to document the annotations. Links given with            
each dataset details. 

2. The first two columns (Column A and Column B) are respectively the reason for              
rejection and the classification, both of which are entries by hand. 

3. Classification: 

a. Markings: if the respective person is <disorder> positive or not. 
b. Tags Used: 0 and 1 
c. ‘0’: User Does Not Suffer From The Disorder 
d. ‘1’: User Suffers From The Disorder 

4. Reason For Rejection: 

a. Marking: If the classification for a user is “0” i.e. “Does Not Suffer From              
The Disorder”, This category mentions the reason for the negative          
classification. 

b. Tags: Comments 3-4 words. 
c. Most Frequent/Typical Remarks Include: 

i. Self-diagnosis 
ii. About somebody else 
iii. Lack of specific required terminology  

 
 
 

Sources: 

 12

 
*Please refer to Appendix I (page: 48) for a complete description and Symptoms for              
every disorder the data has been collected for.  

121. Machine Learning: Making binary annotations a little less boring 
2. 1. The Basics - Natural Language Annotation for Machine Learning [Book] 
3. Towards User-Adaptive Annotation Guidelines 
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DATASET DETAILS 
 

1. Depressed Users Dataset  
 

DEPRESSION DATASET DETAILS 

Disorder/Disease Depression 
(all types) 

Total Users Identified from Anchor 
Tweets Queries 36924 

Users Annotated  

Annotated Users in the database 10,000 

Period of identification 2017-01-01 to 2020-05-01 

Link to annotation Google Sheet depression-annotation 
 
Examples of Anchor tweets:  
 

 
 
 
 
 
  

Indraprastha Institute of Information and Technology 
34 

https://docs.google.com/spreadsheets/d/18ZKRfARk5ExN8agHytsilPVCI0TEYBRQ82JiPQVhy4I/edit?usp=sharing


 

2. Anxiety Users Dataset  
 

ANXIETY DATASET DETAILS 

Disorder/Disease Anxiety 
(functional or otherwise) 

Total Users Identified from Anchor 
Tweets Queries 16083 

Users Annotated 6000 

Annotated Users in the database 3000 (till now) 

Period of identification 2018-04-01---2020-05-01 

Link to annotation Google Sheet anxiety-annotation 

 
Annotation example: 
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3. PTSD Users Dataset  
 

PTSD DATASET DETAILS 

Disorder/Disease PTSD 
(Post-trauma stress disorder) 

Total Users Identified from Anchor 
Tweets Queries 5208 

Users Annotated 2700 

Annotated Users in the database 2,394 

Period of identification 2019-04-01----2020-05-01 

Link to annotation Google Sheet ptsd-annotation 
 
Example of rejection sets :  
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4. ADHD Users Dataset  
 

ADHD DATASET DETAILS 

Disorder/Disease ADHD 
Attention Deficit Hyperactivity Disorder 

Total Users Identified from Anchor 
Tweets Queries 955 

Users Annotated 600 

Annotated Users in the database 532 (till now) 

Period of identification 2018-04-01----2020-04-01 

Link to annotation Google Sheet adhd_annotation 
 
Example of anchor-tweets: 
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5. Bipolar Users Dataset 
 

BIPOLAR DATASET DETAILS 

Disorder/Disease Bipolar Personality Disorder 

Total Users Identified from Anchor 
Tweets Queries 1000 

Users Annotated 874 

Annotated Users in the database 610 (till now) 

Period of identification 2018-04-01---2020-04-01 

Link to annotation Google Sheet bipolar-annotation 
 
Annotation example:  
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6. PPD Users Dataset 
 

PPD DATASET DETAILS 

Disorder/Disease Postpartum Depression 

Total Users Identified from Anchor 
Tweets Queries 866 

Users Annotated 585 

Annotated Users in the database 396 

Period of identification 2018-04-01----2020-05-01 

Link to annotation Google Sheet ppd_annotation 
 
Annotation Example
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7. OCD Users Dataset 
 

OCD DATASET DETAILS 

Disorder/Disease Obsessive-Compulsive Disorder 

Total Users Identified from Anchor 
Tweets Queries 2883 

Users Annotated 2465 

Annotated Users in the database 800 (till now) 

Period of identification 2018-04-01--2020-05-01 

Link to annotation Google Sheet ocd-annotation 
 
Annotation Example: 
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8. MDD Users Dataset 
 

MDD DATASET DETAILS 

Disorder/Disease Major Depressive Disorder 

Total Users Identified from Anchor 
Tweets Queries 

945 

Users Annotated 884 

Annotated Users in the database 300(till now) 

Period of identification 2018-04-02---2020-05-01 

Link to annotation Google Sheet mdd-annotation 

 
Annotation example: 
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MENTAL HEALTH DATASET MILESTONES ACHIEVED  
My best efforts to achieve the following mental health dataset milestones : 

1. Record Number of Users : About 16,000 Unique Users with adverse           
Mental Health identified in a period of 2 years. 

2. Record Minimum False Positives: In all earlier attempts made at          
collecting mental health datasets from Social Media, a loose         
text-mining has been used, without hand-annotation resulting in a         
large number of false positives skewing the results/losing        
authentication of the results.  

3. Extensively Documented Annotation : The Documentation the       
google-docs clearly cites reason for elimination of anchor        
tweets/users. For example: ptsd_annotation  

4. Updated Data: All anchor tweets have been identified for the years           
2018, 2019 and 4 months of 2020. Making this the most updated            
social media user-data on the internet. 

5. Not Limited by Twitter API: The previous datasets have been          
mostly limited by the limitations of the official Twitter API, thus only            
containing the 1 week (previously 1 month) of user-profile data          
leading upto diagnosis, which is insufficient.  

6. In Coordination with Official Diagnosis Period: For a        
mental-health disorder diagnosis, the symptoms need to have lasted         
at least a month. For the purpose, the timeline tweets collected in the             
dataset record profile data of at least 3 months before the anchor            
tweet. : Thus Unique 3 month period for each user (unlike           
pre-existing datasets with a common period recorded for all which          
might not be relevant). 

7. 8 Categories of Mental-Health Disorders : The dataset has 8          
different kinds of disorders recorded, thus a step closer to the           
purpose of DataScience empowered Mental Health tracking of Users         
on Social Media. Most datasets do not include categories other than           
Anxiety and Depression. We, with this effort, aim at broadening the           
scope of mental health research. 
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8. Privacy Protection : Before releasing/uploading, the usernames will        
be stripped and identity numbers provided. With the talks on AI           
tracking of Social Media Compromising privacy, it is our attempt to do            
better. 

9. Not Reddit: The experimentation in the previous semester        
established the need for the entire profile than just tweets. Reddit           
allows throw-away profiles where a profile can be created for a single            
thread too, hence not the choice for this experimental setup. 
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EXPERIMENT SETUP 
The setup is the same as last semester with 4 categories of Broad Feature              
Domains, which in themselves have quantifying measures. 
 
Data Pre-processing 
Before feature extraction, the dataset is cleaned. Language used on social           
media usually contains a lot of slangs,emojis and variants of data hence            
data cleaning is a must.  

1. Emoji Processing: emojis, incompatible with normal NLP sentiment        
analysis libraries. So, the emojis are removed using twitter emoji          
library and stored separately as another tweet category. 
Find the emoji library here: Emoticon Library 

2. Short Words Removal: Prepositions (words like ‘of’, ‘at’, etc) , articles,           
and others, which do not add to the sentiment of a text are removed. 

3. Stemming: words like ‘screaming’ and ‘scream’ mean the same and          
contribute by the same amount to emotion of the tweet, (though only            
one of the two versions has a sentiment score in VADER). By Porter             
Stemming, I stemmed down the words to their base form. 

4. Irregular Words Replacement : Irregular, social media slang words         
replaced with their regular representations. Example: nyc to nice,r8 to          
right, etc. Using: [Baldwin et al., 2015]  
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Feature Extraction  
4 Main Feature Groups Recognised. 
A tabular Summary of each feature group, i.e. the Features, Matrix           
Dimension, Method-Paper reference, and about it is given in the sheet           
linked below.  
A detail of all features is available here:  MultiDomain-Features_BTP  
(For convenience, screenshot attached as below.) 

 
 13

 
  

13 The features in red have not been extracted but were a part of the feature group in source paper.   
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Challenges With Dataset 
 

1. Social Media Data is usually Sparse, to tackle which, a sparse           
representation of every feature matrix has been implemented. 

2. The data collected for every user includes these information sets: 
  
 
 
 
Now while every category here is a feature of the          
dataset, Every category is NOT a feature       
contributing to depression patterns. 
 
Training/Testing Set Up  : 
Setting up data for testing. Since a large number of          

features are being used, the classification algorithm being used for this           
phase of the project is Linear Regression itself.  
 
Steps: 

1. After feature identification, all features of all users are represented by           
matrices.  

2. Matrices converted to Sparse representation for handling empty fields         
and improving computation speed, because dealing with a large         
chunk of data. 

3. They are split into 50-50 for training and testing data. 
4. A simple regression model is fit on 50% of the users. 
5.  Classification using the model on the other 50% of the users. 
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PROJECT ARCHITECTURE: 

 
 
 
*I am currently waiting on some of the results which will be added to              
the report and in the presentation at the time of the demo. 
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APPENDIX-I 
MENTAL HEALTH DISORDERS 

(DESCRIPTION, SYMPTOMS AND STATS) 
 

I. DEPRESSION 

Description: 
 

Depression is a common and serious medical illness that negatively affects how we             
feel, the way we think and how we act. It is also treatable. Depression causes feelings                
of sadness and/or a loss of interest in activities once enjoyed. It can lead to a variety of                  
emotional and physical problems and can decrease a person’s ability to function at work              
and at home. 

Symptoms: 

➔ depressed mood 
➔ Loss of interest or pleasure in activities 
➔ Changes in appetite 
➔ Trouble sleeping or sleeping too much 
➔ fatigue 
➔ Increase in purposeless physical activity  
➔ Feeling worthless or guilty 
➔ Difficulty concentrating 
➔ Suicidal thoughts 

Stats: 

➔ Globally, more than 300 million people of all ages suffer from depression. 
➔ At its worst, depression can lead to suicide. Close to 800 000 people die due to suicide                 

every year. Suicide is the second leading cause of death in 15-29-year-olds. 

Sources: 

1. https://www.psychiatry.org/patients-families/depression/depression 
2. American Psychiatric Association. Diagnostic and Statistical Manual of Mental        

Disorders (DSM-5), Fifth edition. 2013. 
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3. National Institute of Mental Health. (Data from 2013 National Survey on Drug            
Use and Health.)  Major Depressive Among Adults 

4. v/health/statistics/prevalence/major-depression-among-adults.shtml 
5. Kessler, RC, et al. Lifetime Prevalence and Age-of-Onset Distributions of DSM-IV           

Disorders in the National Comorbidity Survey Replication. Arch Gen Psychiatry.          
2005;62(6):593602. Lifetime Prevalence and Age-of-Onset Distributions of       
DSM-IV Disorders in the National Comorbidity Survey Replication 
 

II. ANXIETY 

Description: 
Anxiety is much different from general feelings of anxiousness. These disorders are a            
group of mental illnesses, and the distress they cause can keep you from carrying on               
with your life normally.Types of Disorders: Anxiety disorder is an umbrella term that             
includes different conditions: 

➔ Panic disorder. You feel terror that strikes at random.  
➔ Social anxiety disorder. 
➔ Specific phobias.  
➔ Generalized anxiety disorder.  

Symptoms: 

➔ Panic, fear, and uneasiness 
➔ Sleep problems 
➔ Not being able to stay calm and still 
➔ Cold, sweaty, numb or tingling hands or feet 
➔ Shortness of breath 
➔ Heart palpitations 
➔ Dry mouth 
➔ Nausea 
➔ Tense muscles 

 

Stats: 

➔ Globally, more than 284 million people of all ages suffer from anxiety. About             
3.8% of the world population. 
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Sources: WebMD - Better information. Better health. 

 

III. PTSD 

Description 
Post-traumatic stress disorder (PTSD) is a mental health condition that's triggered by a             
terrifying event — either experiencing it or witnessing it.  
 
Symptoms (among others) 

➔ Flashbacks 
➔ nightmares  
➔ severe anxiety 
➔ uncontrollable thoughts about the event. 

Source: Diseases and Conditions 

IV. ADHD 

Description: 

Attention deficit hyperactivity disorder (ADHD) affects children and teens and can        
continue into adulthood. ADHD is the most commonly diagnosed mental disorder of          
children. Children with ADHD may be hyperactive and unable to control their impulses.           
Or they may have trouble paying attention. These behaviors interfere with school and             
home life. It’s more common in boys than in girls. It’s usually discovered during the early                
school years, when a child begins to have problems paying attention.  

Symptoms (In Children): 

➔ Inattention.  
➔ Hyperactivity 
➔ Impulsivity.  
➔ Symptoms in Adults 

Symptoms (In Adults): 

➔ Chronic lateness and forgetfulness 
➔ Anxiety 

Indraprastha Institute of Information and Technology 
50 

https://www.webmd.com/
https://www.mayoclinic.org/diseases


 

➔ Trouble controlling anger 
➔ Impulsiveness 
➔ Substance abuse or addiction 
➔ Chronic boredom 
➔ Depression 

Source: WebMD - Better information. Better health. 

V. PPD 

Description: 
The birth of a baby can trigger a jumble of powerful emotions, from excitement and joy                
to fear and anxiety. But it can also result in something you might not expect —                
depression. 
 
Symptoms: 

➔ Depressed mood or severe mood swings 
➔ Excessive crying 
➔ Difficulty bonding with your baby 
➔ Fear that you're not a good mother 
➔ Feelings of worthlessness, shame, guilt or inadequacy 
➔ Thoughts of harming yourself or your baby 
➔ Suicidal thoughts 

Source: Postpartum depression - Symptoms and causes 

VI. BIPOLAR DISORDER 

Description: 
Bipolar disorder, formerly called manic depression, is a mental health condition that            
causes extreme mood swings that include emotional highs (mania or hypomania) and            
lows (depression). When you become depressed, you may feel sad or hopeless and             
lose interest or pleasure in most activities. When your mood shifts to mania or              
hypomania (less extreme than mania), you may feel euphoric, full of energy or             
unusually irritable. Types : Bipolar I, Bipolar II, Cyclothymic Disorder. 
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Symptoms: 

1. Mania 

➔ Abnormally upbeat, jumpy or wired 
➔ Increased activity, energy or agitation 
➔ Euphoria 
➔ Decreased need for sleep 
➔ Unusual talkativeness 
➔ Racing thoughts 
➔ Distractibility 
➔ Poor decision-making 

2. Depressive 

➔ Depressed mood 
➔ loss of interest. 
➔ Significant weight loss or increase in appetite  
➔ Either insomnia or sleeping too much 
➔ Restlessness 
➔ Fatigue 
➔ Feelings of worthlessness 
➔ Suicidal thoughts 

Stats: 
About .=0.6% of the population as of 2017, i.e. 46 million people have been diagnosed               
with BPD. 
 
Source: Bipolar disorder - Symptoms and causes 

VII. OCD 

Description: 
Obsessive-compulsive disorder (OCD) features a pattern of unwanted thoughts and          
fears (obsessions) that lead you to do repetitive behaviors (compulsions). 
 
Symptoms: 

➔ Obsessions(with themes eg. dirt) 
➔ Compulsiveness (no control over the obsessions) 
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Source: Obsessive-compulsive disorder (OCD) - Symptoms and causes 

 

VIII. MAJOR DEPRESSIVE DISORDER 

Description:  
Another name for clinical depression, with heightened symptoms. 
 
Symptoms: 

➔ Fatigue  
➔ Feelings of worthlessness 
➔ Impaired concentration, indecisiveness 
➔ Insomnia or hypersomnia (excessive sleeping)  
➔ Markedly diminished interest or pleasure (called anhedonia) 
➔ Restlessness  
➔ Suicidal thoughts 
➔ Significant weight loss or gain  

Source: MDD Guide 
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