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General and Flexible Framework



extraversion -- sociable, assertive, active, energetic, talkative, outgoing

Schwartz, H. A., Eichstaedt, J. C., Kern, M. L., Dziurzynski, L., Ramones, S. M., Agrawal, M., Shah, A., Kosinski, M., Stillwell, D., Seligman, M. 
E. P., & Ungar, L. H. (2013). Personality, Gender, and Age in the Language of Social Media: The Open-Vocabulary Approach. In PLOS 
ONE 8(9).



introversion

Schwartz, H. A., Eichstaedt, J. C., Kern, M. L., Dziurzynski, L., Ramones, S. M., Agrawal, M., Shah, A., Kosinski, M., Stillwell, D., 
Seligman, M. E. P., & Ungar, L. H. (2013). Personality, Gender, and Age in the Language of Social Media: The 
Open-Vocabulary Approach. In PLOS ONE 8(9).
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Explicit Language Warning...



Gender



Neuroticism



Putting Gender 
and Personality 
Together

Park, G., Yaden, D. B., Schwartz, H. A., Kern, M. L., Eichstaedt, J. C., Kosinski, M., 
... & Seligman, M. E. (2016). Women are Warmer but No Less Assertive than Men: 
Gender and Language on Facebook. PloS one, 11(5), e0155885



Putting Gender 
and Personality 
Together

Park, G., Yaden, D. B., Schwartz, H. A., Kern, M. L., Eichstaedt, J. C., Kosinski, M., 
... & Seligman, M. E. (2016). Women are Warmer but No Less Assertive than Men: 
Gender and Language on Facebook. PloS one, 11(5), e0155885





1.3m status updates 
from 

4,833 Participants

(3,240 AG Stratified)

Schwartz, H. A., Park, G., Sap, M., Weingarten, E., Eichstaedt, J., Kern, M., Stillwell, D., Kosinski, M., Berger, J., Seligman, M., & 
Ungar, L. (2015). Extracting Human Temporal Orientation from Facebook Language. NAACL-2015: Conference of the North 
American Chapter of the Association for Computational Linguistics.
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   Language

Questionnaire
IPIP 100 item domains



r complete tasks successfully

avoid philosophical discussions

carry out my plans

finish what I start

make plans and stick to them

Park, G., Schwartz, H.A., Sap, M., Kern, M.L., Weingarten, E., Eichstaedt, J.C., Berger, J., Stillwell, D.J., Kosinski, M., Ungar, L.H. & 
Seligman, M.E. (2015). Living in the Past, Present, and Future: Measuring Temporal Orientation with Language. Journal of 
personality.
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Park, G., Schwartz, H.A., Sap, M., Kern, M.L., Weingarten, E., Eichstaedt, J.C., Berger, J., Stillwell, D.J., Kosinski, M., Ungar, L.H. & 
Seligman, M.E. (2015). Living in the Past, Present, and Future: Measuring Temporal Orientation with Language. Journal of 
personality.



r do not like art

would describe my experiences as somewhat dull

am easy to satisfy

rarely lose my composure

don’t like to draw attention to myself

Park, G., Schwartz, H.A., Sap, M., Kern, M.L., Weingarten, E., Eichstaedt, J.C., Berger, J., Stillwell, D.J., Kosinski, M., Ungar, L.H. & 
Seligman, M.E. (2015). Living in the Past, Present, and Future: Measuring Temporal Orientation with Language. Journal of 
personality.
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rarely lose my composure

don’t like to draw attention to myself

Park, G., Schwartz, H.A., Sap, M., Kern, M.L., Weingarten, E., Eichstaedt, J.C., Berger, J., Stillwell, D.J., Kosinski, M., Ungar, L.H. & 
Seligman, M.E. (2015). Living in the Past, Present, and Future: Measuring Temporal Orientation with Language. Journal of 
personality.



r
cut others to pieces

can say things beautifully

don’t put my mind on the task at hand

have frequent mood swings

am hard to get to know

Park, G., Schwartz, H.A., Sap, M., Kern, M.L., Weingarten, E., Eichstaedt, J.C., Berger, J., Stillwell, D.J., Kosinski, M., Ungar, L.H. & 
Seligman, M.E. (2015). Living in the Past, Present, and Future: Measuring Temporal Orientation with Language. Journal of 
personality.
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Is it accurate? (Personality)

Park, G., Schwartz, H. A., Eichstaedt, J. C., Kern, M. L., Stillwell, D. J., Kosinski, M., Ungar, L. H., & Seligman, M. E. (in press). Automatic 
personality assessment through social media language. Journal of Personality and Social Psychology, Nov 3 , 2014.
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Park, G., Schwartz, H. A., Eichstaedt, J. C., Kern, M. L., Stillwell, D. J., Kosinski, M., Ungar, L. H., & Seligman, M. E. (in press). Automatic 
personality assessment through social media language. Journal of Personality and Social Psychology, Nov 3 , 2014.



Is it accurate?

Park, G., Schwartz, H. A., Eichstaedt, J. C., Kern, M. L., Stillwell, D. J., Kosinski, M., Ungar, L. H., & Seligman, M. E. (in press). Automatic 
personality assessment through social media language. Journal of Personality and Social Psychology, Nov 3 , 2014.



t1 t2 t3 t4

Is it reliable and stable over time?

Park, G., Schwartz, H. A., Eichstaedt, J. C., Kern, M. L., Stillwell, D. J., Kosinski, M., Ungar, L. H., & Seligman, M. E. (in press). Automatic 
personality assessment through social media language. Journal of Personality and Social Psychology, Nov 3 , 2014.



Does it generalize to other outcomes?

Example: extraversion

Park, G., Schwartz, H. A., Eichstaedt, J. C., Kern, M. L., Stillwell, D. J., Kosinski, M., Ungar, L. H., & Seligman, M. E. (in press). Automatic 
personality assessment through social media language. Journal of Personality and Social Psychology, Nov 3 , 2014.









Community Feature Extraction



Predicting heart disease: Accuracy

Eichstaedt, Schwartz, et al., 2015, Psych Science
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Predicting heart disease: Accuracy

Eichstaedt, Schwartz, et al., 2015, Psych Science

*



Associated with Heart Disease

Eichstaedt, Schwartz, et al., 2015, Psych Science



Community Real Estate

VS

Zamani M, Schwartz HA. Using Twitter Language to Predict the Real Estate Market. EACL 2017. 2017 Apr 3:28.



Community Real Estate



PART II: How?



PART II: How?

Two Examples:

1. Community Real Estate

2. Message Temporal Orientation
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Example:
Linguistic Inquiry and 
Word Count 
(LIWC; Pennebaker et al., 2007)



Examples:
● ANEW 

(Bradley & Lang, 1996)
● Hedonometer 

(Dodds et al., 2011)

+ often weighted
+ fuller coverage



Examples:
● Sentiment 

(Pang & Lee, 2002)
● Affect & Intensity

(Preotiuc et al., 2016)

+ real world distributions
(still hypothesis driven)
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(still losing some information)



Topic Modeling: 

+ completely data-driven
+ “digestable”
(still losing some information)



Topic Modeling: 

+ completely data-driven
+ “digestable”
(still losing some information)



+ wide coverage
+ fine-grained information
phrases: capture some context

(not as “digestable”)
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What about context?

Rouhizadeh, M., Ungar, L., Buffone, A. & Schwartz, H.A (2016). Using Syntactic and Semantic Context to Explore 
Psychodemographic Differences in Self-reference. Proceedings of the 2016 Conference on Empirical Methods in 
Natural Language Processing

I as subject of <verb>     me as direct object of <verb>



What about context?

Rouhizadeh, M., Ungar, L., Buffone, A. & Schwartz, H.A (2016). Using Syntactic and Semantic Context to Explore 
Psychodemographic Differences in Self-reference. Proceedings of the 2016 Conference on Empirical Methods in 
Natural Language Processing

For human-level prediction, extent of benefit is open question.



Language Feature Space



county_id, feature1, value



Method: County-Mapping

94% accurate map to human-judged intended city, state pair. 



Distributed Feature Extraction
● approximate 1 billion tweets 

○ for a single computer system to read the data is very time-consuming
● Utilize map-reduce in a “Hadoop” style cluster:

Large Data 

image: http://xiaochongzhang.me







Penalized 
Regression or 
Classication
for example,
  Ridge Regression
  Support Vector Machine
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Challenge
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Challenge

Topics
~2k

NGrams
~20k after frequency filter

bad ngrams

valuable 
topic



Challenge: Even Worse
Language:
High-dimensional, 
sparse, and noisy. 

VS

Socio-economics:
few and well estimated
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Prediction



Marginal gain from Socioeconomics:

Out of sample Pearson r



Residualized Control Model

• Effectively use both low dimensional control features and 
high-dimensional, noisy language features: 

• Train a control model using the control values

• Calculate the residual error and consider it as the new label

• Train a language model over the new labels

4/4/2017



4/5/2017

Residualized Control Model

Zamani M, Schwartz HA. Using Twitter Language to Predict the Real Estate Market. EACL 2017. 2017 Apr 3:28.



Residualized Control vs. Combined Model
•  

Both learn same linear model. 

● Different learning algorithm per variable
● As if different penalization. 



Marginal gain from Socioeconomics:

Out of sample Pearson r



Marginal gain from Residulaized Control

Out of sample Pearson r







Building a model

Training Data
4.3k 

tweets+ statuses

Learn 
Model Model

Application Data
1.3m statuses



Building a model
message R1 R2 R3 m class

did nothing this morning but watch TV and it was fantastic =) -.67 -.50 -.50 -.55 past

dislikes being sick.... and misses her bf 0 0 0 0 present

pancake day tomorrow pancake day tomorrow xxxxx .50 .50 1 .67 future
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Linguistic Feature Extraction
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time
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    “today”                           “in two weeks” 

“January 15”                       
                                        “last year”
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Learn Message-Level Model

Accuracy over a held-out set: 72%;    baseline: 53%
Schwartz, H. A., Park, G., Sap, M., ..., & Ungar, L. (2015). Extracting Human Temporal Orientation from Facebook Language. NAACL-2015: 
Conference of the North American Chapter of the Association for Computational Linguistics
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Learn Message-Level Model

Linguistic Feature Extraction

lexica words and 
phrases

parts-of-speech
(covers tense)

time
expressions

69%68%

62% 59%

Accuracy over a held-out set: 72%;    baseline: 53%
Schwartz, H. A., Park, G., Sap, M., ..., & Ungar, L. (2015). Extracting Human Temporal Orientation from Facebook Language. NAACL-2015: 
Conference of the North American Chapter of the Association for Computational Linguistics
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Resources

dlatk.wwbp.org

#run differential language analysis (linear regression)

dlatkInterface.py -d <data> -t <corus> -c user_id 

 -f 'feat$cat_LIWC2007$msgs_xxx$user_id$16to16'  --outcome_table 

 blog_outcomes  --group_freq_thresh 1000 --outcomes extraversion  

 --controls age gender  --output_name xxx_output --make_wordcloud

#feature extraction:

dlatkInterface.py 

 -d <data> -t <corpus> 

 -c <group_data_column>  

 --add_ngrams -n 1 2 3 

 --combine_feat_tables 

  1to3gram



extraversion -- sociable, assertive, active, energetic, talkative, outgoing

Schwartz, H. A., Eichstaedt, J. C., Kern, M. L., Dziurzynski, L., Ramones, S. M., Agrawal, M., Shah, A., Kosinski, M., Stillwell, D., Seligman, M. 
E. P., & Ungar, L. H. (2013). Personality, Gender, and Age in the Language of Social Media: The Open-Vocabulary Approach. In PLOS 
ONE 8(9).
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#feature extraction:

dlatkInterface.py 

 -d <data> -t <corpus> 

 -c <group_data_column>  

 --add_ngrams -n 1 2 3 

 --combine_feat_tables 

  1to3gram

#run differential language analysis (linear regression)

dlatkInterface.py -d <data> -t <corus> -c user_id 

 -f 'feat$cat_LIWC2007$msgs_xxx$user_id$16to16'  --outcome_table 

 blog_outcomes  --group_freq_thresh 1000 --outcomes extraversion  

 --controls age gender  --output_name xxx_output --make_wordcloud



Resources

dlatk.wwbp.org

#feature extraction:

dlatkInterface.py 

 -d <data> -t <corpus> 

 -c <group_data_column>  

 --add_ngrams -n 1 2 3 

 --combine_feat_tables 

  1to3gram

#create and cross validate a predictive model

dlatkInterface.py -d <data> -t <corus> -c user_id 

 -f 'feat$cat_LIWC2007$msgs_xxx$user_id$16to16'  --outcome_table 

 blog_outcomes  --group_freq_thresh 1000 --outcomes extraversion  

 --controls age gender --model ridge --combo_test_regression 



Resources

dlatk.wwbp.org

lexhub.org

Intended for anyone
(still under develoment)
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...the largest data set of who we are.

The most interesting results may never be hypothesized.

has@cs.stonybrook.edu
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Kevin A Padrez, L Ungar, HA Schwartz, RJ Smith, S Hill, T 

Antanavicius, DM Brown, P Crutchley, D Asch,  Merchant. Linking 

social media and medical record data: a study of adults presenting to an 

academic, urban emergency department. BMJ Quality & Safety | 2015

http://qualitysafety.bmj.com/content/early/2015/10/09/bmjqs-2015-004489.short?g=w_qs_ahead_tab
http://qualitysafety.bmj.com/content/early/2015/10/09/bmjqs-2015-004489.short?g=w_qs_ahead_tab
http://qualitysafety.bmj.com/content/early/2015/10/09/bmjqs-2015-004489.short?g=w_qs_ahead_tab
http://qualitysafety.bmj.com/content/early/2015/10/09/bmjqs-2015-004489.short?g=w_qs_ahead_tab
http://qualitysafety.bmj.com/content/early/2015/10/09/bmjqs-2015-004489.short?g=w_qs_ahead_tab




Big Data and Emergency Care:
Social Media as a Source for Data-Driven 

Health Prediction and Insight

The Big Data Promise: enabling links with 
unprecedented amount of new information.
                 Better health care

Personalized Health: Patients’ Everyday Lives



Individual Traits in Facebook
Power Analyses



Development



Individual Well-Being

satisfaction with life



Community Well Being



Generating Lexica from *most* 
Supervised n-gram Models

● Generalize multi-variate regression model into lexica. 
● Works at multiple levels:

Hand annotated messages or users
○ OCEAN: User-level Cambridge data set
○ PERMA: MTurk-ed messages

ngram

ngram

ngram

featurengram

learning

feature 
selection

dim.
reduction

fit 
regression

weight

weight

outcome



Multivariate or Univariate for Insights?
feature

feature

feature

feature

fit

feature

feature

feature

feature

feature

feature

feature

feature

fit

feature

fit

fit

fit
regression
(suppress
covarying
features)

weight

weight

weight

weight

correlation

correlation

correlation

correlation



Individual Well-Being: message to user-level 

message and user-level




