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Social Media – A New Potential 
in Digital Mental Health



Social Media Language and Behavior 
Predicts Onset of Major Depressive Disorder
• 476 individuals (233 female) recruited via Amazon’s Mechanical Turk; took 

CES-D/BDI and consented to accessing their Twitter data

(De Choudhury, Gamon, Counts, Horvitz, ICWSM2013)



A Social Media Index

actual (BRFSS data) predicted (SMDI)

(De Choudhury, Counts, Horvitz, WebSci 2013)
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Mental health risks as a precursor 
of suicidal thoughts and behaviors 
– where social media can help



Media Health Discourse in Social Media Predicts 
Shifts to Suicidal Ideation 

(De Choudhury, Kiciman, Dredze, Coppersmith, Kumar CHI 2016)



Propensity Score Matching

• Work within the potential outcomes framework for causal 
modeling, applying stratified propensity score matching to 
estimate causal effects

MH subreddit 
users dataset 

Posted on SW in 
Feb 11-Aug 11’14? 

Yes 

No Posted on SW in 
Aug 12-Nov 11’14? 

Yes 

No 

MH!SW 

MH 

Excluded 

(De Choudhury, Kiciman, Dredze, Coppersmith, Kumar CHI 2016)
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-57%
-56%
-56%
-56%
-56%
-56%
-55%
-55%

(De Choudhury, Kiciman, Dredze, Coppersmith, Kumar CHI 2016)

Patterns of Mental Health Discourse on Social 
Media Predict Future Suicidal Ideation



Model Deviance df �2 p-value

Null 9190.6 0

Linguistic Structure 5083.7 5 4106.9 < 10�6

Interpers. Awareness 7949.6 4 1241 < 10�9

Interaction 4429.2 8 4761.4 < 10�6

Content 2793.5 15000 6397.1 < 10�10

Full 1864.4 15017 7326.2 < 10�10

Table 7: Summary of different model fits. Null is the intercept-only model.
All comparisons with the Null models are statistically significant after Bon-
ferroni correction for multiple testing (↵ = 0.05

5 ).

expressions of social isolation and detachment from the social
realm, consisting of friend and family ties:

I honestly just don’t think my friends I’ve been helping out so
much and supporting so much really even care about me. I’ve
been living with my parents since i graduated and they aren’t
happy about it. today i had to deal with being yelled at by each
of them. i have no one and i never felt such pain, i am hurt and
i am alone.

Severe or Stigmatized Illness: Per the cognitive suicide
model, experience of stigmatized and/or terminal illness (e.g.,
cancer) is linked to bereavement, marginalization and per-
ceived lack of social support [54]. Tokens like “depression”,
“disorder”, “psychosis” indicate expression of such distress:

Depression and psychosis suck. I’ve been battling these for
many desperate years, turns out, I can’t win, no matter how
hard I try. I’m tired of pretending. I’m tired of making others
happy to forget about my own issues.

Classification Results
In this final subsection, we examine to what extent the lin-
guistic structural, interpersonal awareness, interaction and
content variables may be able to predict and classify MH !
SW users from MH users. For this supervised learning task,
we set aside 20% of our user set (total 880 users) as our held
out validation set. We performed k-fold cross validation on
the rest 80% users (k = 10) for tuning parameters of all of
the five regularized logistic regression models discussed in
section 4. To evaluate the goodness of fits of the regularized
logistic regression models we use deviance. Due to the ran-
domness introduced by cross-validation, we ran our models
k = 10 times and here we report the results corresponding to
the lowest deviances that we obtained in any of the runs.
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Figure 3: ROC curve in classifica-
tion of MH! SW and MH users.

Compared to the Null
model, we observe that all
of our models provide con-
siderable explanatory power
with significant reduction
in deviances (Table 7). Par-
ticularly, the Full model,
that uses all variables yields
the best fit. We find that
the difference between the
deviance of the Null model
and the deviance of the
Full model approximately
follows a �2 distribution:
�2(15017,N = 4769) = 9190.6� 1864.4 = 7326.2, p < 10�9.

Finally, we summarize the performance of the Full regular-
ized logistic regression model on the heldout dataset of 176

Actual/Predicted Class 0 Class 1 Total

Class 0 73 15 88

Class 1 20 68 88

Accuracy 83.5% 77.5% 80% (mean)

Precision .79 .82 .81 (mean)

Recall .83 .78 .81 (mean)

F-1 .81 .8 .80 (mean)

Table 8: Classifier performance distinguishing MH! SW and MH.

users (88 MH ! SW and 88 MH users). From Table 8 we
find that our model gives high accuracy in classifying the two
classes, with a precision, recall and F-1 score of .8 each. Ta-
ble 8 also gives the confusion matrix corresponding to the bi-
nary classification, from where we observe that MH users are
marginally better classified (higher accuracy of 83.5%) com-
pared to the MH! SW users (accuracy: 77.5%). We report
the receiver operating characteristic (ROC) curve in Figure 3;
the area under curve (AUC) is found to be .87.

DISCUSSION

Clinical and Societal Relevance
Through this paper, we have provided a methodology to help
identify individuals engaging in mental health discussions
who are at a greater likelihood of transitioning to suicidal
ideation discussion. An important contribution of our propen-
sity score matching approach, in particular, has been the abil-
ity to identify linguistic constructs prior to any overt posts
linked to suicidal ideation, which indicate ripe areas for fur-
ther study involving causal inference. Thus we believe our
methods can pave the way for longitudinal analysis of mental
health content. This can help create provisions for early diag-
nosis of predisposition to suicidal thoughts, including thera-
peutic arrangements for suicide prevention. Furthermore, our
work indicates linguistic constructs that should be further in-
vestigated for their ability to forecast risk, contrary to existing
post-hoc approaches identifying the behavioral and cognitive
markers of suicidal ideation. Broadly, our work opens up
some promising opportunities of employing an unobtrusive
data source like social media to understand and infer macro-
scale rates of suicidal ideation among those challenged by
mental health concerns.

However our approach does not act as a standalone mecha-
nism for estimating risk to suicidal ideation among those in-
volved in mental health discussions. We caution against em-
ploying the social media predictor variables and the linguistic
tokens our methods extracted as blanket filtering approaches
to judge possible suicidal ideation. Such decisions are not
only a controversial territory4, but also can have drastic im-
plications for one’s health, well-being and self-esteem. Our
methods and findings can be best leveraged as a complemen-
tary screening tool and used in conjunction with clinical, val-
idated and conventional forms of well-being assessment.

Implications for HCI Research and Design
Provisions for Support and Interventions
Social media platforms, although do not have any legal obli-
gation, have recently been stepping up to the cause of extend-
ing help to those who are perceived to be vulnerable. For
instance, recently, Facebook, in partnership with the National
4Samaritans pulls ‘suicide watch’ Radar app (Nov 2014):
http://www.bbc.com/news/technology-29962199
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Figure 3: ROC curve in classifica-
tion of MH! SW and MH users.

Compared to the Null
model, we observe that all
of our models provide con-
siderable explanatory power
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in deviances (Table 7). Par-
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classes, with a precision, recall and F-1 score of .8 each. Ta-
ble 8 also gives the confusion matrix corresponding to the bi-
nary classification, from where we observe that MH users are
marginally better classified (higher accuracy of 83.5%) com-
pared to the MH! SW users (accuracy: 77.5%). We report
the receiver operating characteristic (ROC) curve in Figure 3;
the area under curve (AUC) is found to be .87.

DISCUSSION

Clinical and Societal Relevance
Through this paper, we have provided a methodology to help
identify individuals engaging in mental health discussions
who are at a greater likelihood of transitioning to suicidal
ideation discussion. An important contribution of our propen-
sity score matching approach, in particular, has been the abil-
ity to identify linguistic constructs prior to any overt posts
linked to suicidal ideation, which indicate ripe areas for fur-
ther study involving causal inference. Thus we believe our
methods can pave the way for longitudinal analysis of mental
health content. This can help create provisions for early diag-
nosis of predisposition to suicidal thoughts, including thera-
peutic arrangements for suicide prevention. Furthermore, our
work indicates linguistic constructs that should be further in-
vestigated for their ability to forecast risk, contrary to existing
post-hoc approaches identifying the behavioral and cognitive
markers of suicidal ideation. Broadly, our work opens up
some promising opportunities of employing an unobtrusive
data source like social media to understand and infer macro-
scale rates of suicidal ideation among those challenged by
mental health concerns.

However our approach does not act as a standalone mecha-
nism for estimating risk to suicidal ideation among those in-
volved in mental health discussions. We caution against em-
ploying the social media predictor variables and the linguistic
tokens our methods extracted as blanket filtering approaches
to judge possible suicidal ideation. Such decisions are not
only a controversial territory4, but also can have drastic im-
plications for one’s health, well-being and self-esteem. Our
methods and findings can be best leveraged as a complemen-
tary screening tool and used in conjunction with clinical, val-
idated and conventional forms of well-being assessment.

Implications for HCI Research and Design
Provisions for Support and Interventions
Social media platforms, although do not have any legal obli-
gation, have recently been stepping up to the cause of extend-
ing help to those who are perceived to be vulnerable. For
instance, recently, Facebook, in partnership with the National
4Samaritans pulls ‘suicide watch’ Radar app (Nov 2014):
http://www.bbc.com/news/technology-29962199

(De Choudhury, Kiciman, Dredze, Coppersmith, Kumar CHI 2016)
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Envisioning social media as part of 
a “data ecology” in suicidal risk 
prediction



Can We Accurately Forecast Nationwide 
Suicide Rates?

(Choi, Sumner, Holland, Zwald, Bowen, Wang, Law, Taylor, Konjeti, De Choudhury; JAMA Network Open)

Partly supported by a contract from the CDC



Combining Real-Time Datasets
• Goal: Building a machine 

learning framework to predict
suicide death counts in real-time
u Time series forecasting problem to 

predict weekly number of suicide
u Using multiple time series datasets 

collected and pre-processed from 
both social media and clinical 
sources

Suicide-relevant 
streams from social 
media or web 

Health services data 
streams from 
clinical sources

Machine Learning Framework:
- Maximally use the signal from 

each data source
- Combine all signals in an 

intelligent and harmonic way

Time series forecasting for weekly 
suicide death counts, mimicking 
natural data acquisition process

Partly supported by a contract from the CDC

(Choi, Sumner, Holland, Zwald, Bowen, Wang, Law, Taylor, Konjeti, De Choudhury; JAMA Network Open)



Overall Architecture

Suicide 
Fatalities

Poison

Deep Neural 
Network

#suicide fatalities at 1st week
#suicide fatalities at 2nd week
#suicide fatalities at 3rd week

…

#suicide fatalities at 52nd week

Intermediate stage Ensemble stage

[Two-phase Machine Learning Pipeline] ] stluseR detciderP[]secruoS ataD[

Training, Validation, Prediction

Training and Validation Only

Excluded sources from 
intermediate stage

Intermediate 
predicted values

Preprocessed
weekly numbers

Lifeline

ED Visits

Google

YouTube

Twitter

Reddit

Tumblr

Economics and
Meteorology

(See Table S1 in SI)

Health 
Service

Online

Suicide 
Fatalities

Poison

Lifeline

ED Visits

Google

YouTube

Twitter

Reddit

Tumblr

Economics and
Meteorology

Figure 1: Overall architecture of our machine learning pipeline framework to estimate
weekly suicide fatalities. In the intermediate phase, we identified the best model corresponding
to each data source by training and validating a number of state-of-the-art machine learning
models for each data source. The predicted estimates of weekly suicide fatalities given by a
single data source were then combined in an automatic and harmonic way via a Neural Network
(NN) model in the ensemble phase. Note: ED=emergency department.

BA

Figure 2: Estimation results Weekly number of suicide fatalities estimated by (A) the best per-
forming historical suicide fatalities baseline model, which consistently underestimates weekly
suicides and (B) our final ensemble model that combines all data sources. The gray areas rep-
resent 95% confidence intervals.
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Partly supported by a contract from the CDC

(Choi, Sumner, Holland, Zwald, Bowen, Wang, Law, Taylor, Konjeti, De Choudhury; JAMA Network Open)



Ground truth: 14.47

Prediction Results (Ensemble Model)

Category Source Pearson
Coeff. RMSE MAPE SMAPE Annual Estimated

Rate (Error %)
Historical Suicide Fatalities 0.761 79.790 7.485 3.941 13.35 (7.80%)

Health Services
Data

Poison 0.702 162.019 17.103 9.409 11.95 (17.47%)
Lifeline 0.491 83.871 7.256 3.419 15.27 (5.46%)
ED Visits 0.511 54.353 4.894 2.441 14.38 (0.69%)

Online Data

Google
(All Categories) 0.721 85.040 7.846 4.135 13.28 (8.29%)

YouTube
(Mental Health) 0.580 155.892 13.683 7.715 12.65 (12.64%)

Reddit 0.507 210.986 22.255 12.596 11.19 (22.72%)
Twitter 0.389 72.640 6.466 3.355 13.75 (5.04%)

Table 1: Performance of individual models built using each data source at the intermediate
stage (first phase). RMSE=Root Mean Square Error, MAPE=Mean Absolute Percentage Error,
SMAPE=Symmetric Mean Absolute Percentage Error.

Ensemble Type Pearson
Coeff. RMSE MAPE SMAPE Annual Estimated

Rate (Error %)
Health Services Data Sources 0.802 56.847 5.457 2.629 15.08 (4.14%)
Online Data Sources 0.633 52.035 4.189 2.149 14.12 (2.49%)
Baseline + Health Services Sources 0.832 46.096 4.367 2.123 14.91 (2.97%)
Baseline + Online Data Sources 0.737 80.478 7.306 3.841 13.37 (7.67%)
Health Services + Online Data Sources 0.791 43.239 3.806 1.916 14.31 (1.17%)
All Data Sources 0.811 44.439 4.006 2.001 14.40 (0.55%)

Table 2: Performance of the six ensemble models built using different combinations of the
data sources. RMSE=Root Mean Square Error, MAPE=Mean Absolute Percentage Error,
SMAPE=Symmetric Mean Absolute Percentage Error. Health Services Data Sources include
ED Visits, Lifeline, and Poison Control Center data. Online Data Sources include Google,
YouTube, Reddit, and Twitter.
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Takeaways

Partly supported by a contract from 
the CDC; NSF RAPID 2027689 

(Choi, Sumner, Holland, Zwald, Bowen, Wang, Law, Taylor, Konjeti, De Choudhury; JAMA Network Open)
(Saha, Torous, Caine, De Choudhury, JMIR)



The path 
forward…

Daragh Walsh Kennedy

(Chancellor et al.; FAccT [previously FAT*] 2019)
(Lee et al.; Biological Psychiatry: CNN)
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