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STOP: Suicide prevenTion in sOcial Platforms

Studying mental health problems in social platforms
(suicide behaviour, depression, eating disorders) 

http://stop-project.upf.edu/

http://stop-project.upf.edu/


800.000
people die due to suicide

every year

40
seconds per suicide 

2nd
leading cause of death
among 15-29-year-olds
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AU$22 billion
yearly economic loss of 

youth suicide in Australia

Kinchin, I., & Doran, C. M. (2018). The cost of youth suicide in Australia. 
International journal of environmental research and public health, 15(4), 672.

$58 billion
yearly economic loss of 

suicide in USA

Department of Health and Human Services of US. NIH Num. STR 18–6389



“Twitter is used by individuals to express suicidality and it is possible to 
distinguish the level of concern among suicide-related tweets, using 

machine learning.”

O'Dea, Bridianne, et al. "Detecting suicidality on Twitter."
Internet Interventions 2.2 (2015): 183-188.

My suicide note here

The end



Suicide ideation Depression Eating Disorders
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Contributions

1. First methodology to generate a reliable Twitter dataset for suicide risk assessment

2. First user-level dataset for suicide risk assessment in Spanish

3. Method to obtain a subset of the user tweets related to a specific topic

4. Mapping between psychological consultations and social networks 

5. First work in combining text-based, social networks and image—based features with data coming from 

3 different social networks
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Suicide Risk Detection on Social Media: A multi-modal approach

1. Methodology to create a reliable dataset for suicide risk assessment

2. Characterization of Twitter users with suicide ideation

3. Machine Learning based detection of users with suicide ideation

4. Main findings
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1. Methodology to create a reliable dataset for suicide risk assessment

2. Characterization of Twitter users with suicide ideation

3. Machine and Deep Learning based detection of users with suicide ideation

4. Main findings

Suicide Risk Detection on Social Media: A multi-modal approach
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Methodology to create a reliable dataset for suicide risk assessment

About 8000 tweets are published by second worldwide
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Methodology to create a reliable dataset for suicide risk assessment
Extracting common expressions from Reddit /r/SuicideWatch/

500 titles

Psychologists 
review

454 (110) sentences
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Methodology to create a reliable dataset for suicide risk assessment
Twitter Crawling (Twitter API)
1 year period: Dec 21,  2017- Dec 21, 2018
98,619 tweets – 81,572 users 

2-Level Annotation Process

1st 
annotation 

by one 
Psychologist

Selection of 
those labelled as 

“Suicide risk”

2nd annotation 
by another 

Psychologist and 
one engineer

917: Control cases
329: Doubtful
154: Suicide risk

31: Control cases
84: Suicide risk 

(89% agreement)
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Methodology to create a reliable dataset for suicide risk assessment
Short Profile Version

Short Profile Version Classifier (SPVC) 

513 tweets (Suicide Risk) + 346 sentences
859 random tweets (Twitter API)

BoW (1-5 grams) + PCA + Logistic Regression
10-fold CV

F-measure: 0.90
Precision = 0.91

Recall = 0.89
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Methodology to create a reliable dataset for suicide risk assessment
Twitter Crawling (Scrapping + Twitter API)
1 year period: Dec 21,  2017- Dec 21, 2018
98,619 tweets – 81,572 users 

2-Level Annotation Process

1st 
annotation 

by one 
Psychologist

Selection of 
those labelled as 

“Suicide risk”

2nd annotation 
by another 

Psychologist and 
one engineer

917: Control cases
329: Doubtful
154: Suicide risk

31: Control cases
84: Suicide risk
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1. Methodology to create a reliable dataset for suicide risk assessment

2. Characterization of Twitter users with sucide ideation

3. Machine Learning based detection of users with suicide ideation

4. Main findings

Suicide Risk Detection on Social Media: A multi-modal approach
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Textual features

SNPSY: Social Network and Psychological features

Image-based features

Characterization of Twitter users with suicide ideation
Features
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Characterization of Twitter users with suicide ideation
Features: Textual Features

• Bag of Words (BoW) and n-grams

• Word Embeddings

• Lexicons and suicide risk factors vocabulary - LIWC: Linguistic Inquiry and Word Count LIWC 2007 

Spanish dictionary:

• All LIWC Categories

• Other categories added: self-injuries, explicit suicide ideation references, self-loathing terms, 

insomnia, fear, previous suicide attempts, racial or sexual discrimination, eating disorders, 

substances abuse, bullying, lack of social support, family and money issues, lack of spiritual 

beliefs, etc. 

• Sentiment Analysis - senti-py: polarity of Spanish texts.
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Characterization of Twitter users with suicide ideation
Features: Social Network and Psychological features

Feature Description Source

Working week tweets 
count ratio

Total number of tweets on week days (Monday to Friday) normalized by
the total amount of tweets.

SPV

Weekend tweets count 
ratio

Total number of tweets on weekend days (Saturday and Sunday)
normalized by the total amount of tweets

SPV

Median time between 
tweets

Median of the time (in seconds) that passes between the publication of
each tweet.

SPV

Sleep time tweets ratio Ratio of tweets posted during the inferred sleep period of the user. Full profile

Daytime tweets ratio Ratio of tweets posted during the period the user is usually awake Full profile

Normalized tweet count 
per quarter (4 features)

Number of tweets posted by the user within each quarter of the year,
normalized by the total amount of tweets generated by the user during the
year.

SPV

Behavioral features
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Characterization of Twitter users with suicide ideation
Features: Social Network and Psychological features

Behavioral features

Sleep time tweets ratio Ratio of tweets posted during the inferred sleep period of the user.

𝑆𝑇𝑇𝑅 =
min
!"#..%

{𝑡! + 𝑡 !&' ()* +}

𝑇
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Characterization of Twitter users with suicide ideation
Features: Social Network and Psychological features

Tweet Statistics

Feature Description Source

Suicide related tweets ratio Ratio of tweets retained by the SPVC over all the tweets of the
full profile

SPV and full 
profile

Median SPVC score Median of the scores obtained by the tweets that are part 
of the SPV after applying the SPVC

SPV

Median tweet length Median length of all the user tweets (word level) SPV

Number of SPV tweets Number of tweets SPV

Number of user tweets Number of tweets posted by the user since the creation of 
the account

User metadata
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Characterization of Twitter users with suicide ideation
Features: Social Network and Psychological features

Relational Features

Feature Description Source

Followers number Number of followers User metadata

Friends number Number of people followed by the user User metadata

Favorites (favs) given Total number of favs given by the user User metadata

Median favs count Median of all the favorites received by the user SPV

Median retweets count Median of all the retweets received by the user SPV
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Characterization of Twitter users with suicide ideation
Features: Image-based features

Suicide related keywords Suicide images

Random keywords Control images

90,000 images for training + 60,000 for validation
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Characterization of Twitter users with suicide ideation
Features: Image-based features

AVG

Image user score 1 

Image user score 2 

Image user score 3 

User’s aggregated score

Convolutional Neural Networks
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1. Methodology to create a reliable dataset for suicide risk assessment

2. Characterization of Twitter users with sucide ideation

3. Machine Learning based detection of users with suicide ideation

4. Main findings

Suicide Risk Detection on Social Media: A multi-modal approach
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ML based detection of users with suicide ideation
Experimental Setup

CONTROL GROUPS

1. Focused control group: users writing suicide-related keywords in a non-suicide risk context: users
that either trivialize about suicide, news reports, information regarding the topic or simply manifest
their support or opinions to people at risk. Identifying these users is challenging for the classification
systems but is key in reducing false positives. These users were chosen at random among the users
labeled as control cases during the first annotation process.

2. Generic control group: a set of Twitter users, which might not necessarily use terms related with
suicide. These users were selected randomly using the Sample tweets API [31].

For both control groups, a second annotation process was followed as well to discard possible cases
of users at risk within these samples.
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ML based detection of users with suicide ideation
Experimental Setup

BASELINES

1. Baseline 1: BoW model trained with (1-5)-grams; 

2. Baseline 2: the second baseline consists of a deep learning model defined by a Convolutional Neural 

Network (CNN) architecture 

ML METHODS

Random Forest, Multilayer Perceptron, Logistic Regression and Support Vector Machines (SVM)

CNN (Embeddings model)
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ML based detection of users with suicide ideation

Suicide vs. Focused Control Group Suicide vs. Generic Control Group
Model P R F1 A AUC Classifier P R F1 A AUC Classifier

BoW model (baseline 1) 0.78 0.81 0.79 0.78 0.81 MLP 0.79 0.85 0.81 0.80 0.91 MLP

Embeddings model (baseline 2) 0.76 0.81 0.79 0.77 0.82 CNN 0.78 0.87 0.82 0.80 0.84 CNN

BoW model (SPV) 0.81 0.85 0.83 0.82 0.85 LR 0.80 0.92 0.86 0.84 0.89 MLP

Embeddings model (SPV) 0.79 0.85 0.82 0.80 0.83 CNN 0.77 0.87 0.82 0.80 0.82 CNN

SNPSY model 0.85 0.85 0.85 0.84 0.86 SVM 0.85 0.88 0.87 0.86 0.94 LR

(BoW + SNPSY) model 0.82 0.88 0.85 0.84 0.89 RF 0.85 0.88 0.87 0.86 0.94 LR

(Images + BoW) model 0.79 0.88 0.84 0.82 0.86 MLP 0.82 0.88 0.85 0.84 0.90 LR

(Images + SNPSY) model 0.88 0.85 0.86 0.86 0.91 SVM 0.88 0.88 0.88 0.88 0.94 LR

(Images + BoW + SNPSY) model 1 0.85 0.85 0.85 0.83 0.87 LR 0.85 0.92 0.88 0.88 0.92 MLP

(Images + BoW + SNPSY) model 2 0.88 0.81 0.84 0.84 0.92 SVM 0.85 0.88 0.87 0.86 0.94 LR

Selected features model 1 (P<0.05) 0.85 0.85 0.85 0.84 0.90 MLP 0.91 0.77 0.83 0.84 0.94 SVM

Selected features model 2 (P<0.001) 0.83 0.77 0.80 0.80 0.92 SVM 0.91 0.81 0.86 0.86 0.95 SVM
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1. Methodology to generate a reliable Twitter dataset for suicide risk assessment

2. Characterization of Twitter users with sucide ideation

3. Machine Learning based detection of users with suicide ideation

4. Main findings

Suicide Risk Detection on Social Media: A multi-modal approach
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Main findings (suicide behaviour)

• ML method for detecting users in risk of suicide: AUC = 0.92%

• SPVC (Short Profile Version Classifier) is successful as a first filter. 

• Considering the different feature types individually, SNPSY (Social Network and Psychological features) 

gets the best results.

• Image + BoW + SNPSY model 2: 11% increasing AUC regarding baseline.

• Better results are achieved in terms of AUC when using generic control users instead of users that 

make use of suicidal vocabulary. 



• We found multiple significant features that can be used to detect users at risk:

o Use of first person (self-references)

o More use of negations

o They tend to show depression and anxiety.

o Topics: usage of suicide explicit terms, depression related terms, self-loathing, substance 

abuse, self-injuries, and terms expressing lack of social support

o More images related to suicide

o Shorter tweets

o Less number of friends 

o More activity on weekends

Main findings (suicide behaviour)
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Main findings (eating disorders)

• We found multiple significant features that can be used to detect users at risk:

o Use of first person (self-references)

o More use of negations

o They tend to show sadness, disgust and anger.

o Topics: laxatives, suicide, death, bullying (at later stages of the disorder)

o They tend to use darker images, with fewer letters, selfies, images of body parts and altered 

images of idealized bodies

o Few interaction with users

o More activity on weekends and during sleeping periods





Suicide Ideation

<39 years old
55.6% Female

Topics: usage of suicide 
explicit terms, depression 
related terms, self-
loathing, substance abuse, 
self-injuries, and terms 
expressing lack of social 
support

Depression

<29 years old
58% Female

Topics: loneliness, 
insomnia, low self-
confident, divorce, marital 
problems, bullying, 
antidepressants…

Eating Disorders

<29 years old
84% Female

Topics : veganism, 
vegetarian diets, extreme 
exercise, laxatives, calories, 
low self-esteem, shame, 
self-harm, family ...











60%
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