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Why Social Scientific Applications?

Applications that make a difference in the world.

Often public data available.

Experience working toward an objective and/or using data to
answer questions.
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SDG Related Data Sets

Name Desc. Metadata Link SDG Goal

Multiple Sources: https://ourworldindata.org/air-pollution
http://www.who.int/phe/health_topics/outdoorair/databases/AAP_database_summary_res

Air Pollution Data | Per country air pollution 2977 Towns SDG 3
Health indicators including, mortality, burden of
GHO Data disease, life eXpeCtanCy https://www.who.int/gho/mortality_burden_disease/en/ SDG 3
Ch||d MOFlahty Ch||d mOFta“ty rate 210 countries Multiple Sources: https://ourworldindata.org/child-mortality#data-quality-definition SDG 3
Helps in understanding the evolution of poverty 15394 rows, 31
Poverty and Equity |in various countries poverty indicators hitp://povertydata worldbank ora/poverty/home/ SDG 1
Ensure availability and sustainable 550246 rows, 5
Water Quality management of water and sanitation for all quality parameters | s data.qovin/cataloa/water-quality-affected-habitations SDG 6
ACCGSS tO Water 181 COUntrieS https://data.unicef.org/topic/water-and-sanitation/drinking-water/ SDG 6
84000 rows, 300
. . https://data.world/worldbank/sustainable-development-goals/workspacef/file ?filename=SD
WDI data World development indicators features G csv en%2FSDG Data.csy SDG 1
291 countries 1600+
Quality Education | Quality of education in countries features hitp://data,uis unesco.org/ SDG 4

1986-2016, 5486
Depression Data | Various mental health factors in USA features hitps://assdataexplorer norc.orq/variables/viter SDG 3


https://ourworldindata.org/air-pollution
http://www.who.int/phe/health_topics/outdoorair/databases/AAP_database_summary_results_2016_v02.pdf
http://www.who.int/phe/health_topics/outdoorair/databases/AAP_database_summary_results_2016_v02.pdf
https://www.who.int/gho/mortality_burden_disease/en/
http://povertydata.worldbank.org/poverty/home/
https://data.gov.in/catalog/water-quality-affected-habitations
https://data.unicef.org/topic/water-and-sanitation/drinking-water/
https://data.world/worldbank/sustainable-development-goals/workspace/file?filename=SDG_csv_en%2FSDG_Data.csv
https://data.world/worldbank/sustainable-development-goals/workspace/file?filename=SDG_csv_en%2FSDG_Data.csv
http://data.uis.unesco.org/
https://gssdataexplorer.norc.org/variables/vfilter

A (Biased) Sample of
Computational Psychology



Language Says A Lot About People

Does language use reflect who we are?



Language Says A Lot About People

19M Facebook posts 75,000 personality surveys

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).

Does language use reflect who we are?



Language Says A Lot About People

extraversion --
/ \ 2 sociable, assertive,

. active, energetic,
talkative, outgoing

A J

WOI’CIS and Phrases

19M Facebook posts 75,000 personality surveys

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).

Does language use reflect who we are?
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Language Says A Lot About People

extraversion --

/ \ Predict? sociable, assertive,

active, energelic,
talkative, outgoing

WOI’dS and Phrases

19M Facebook posts 75,000 personality surveys

“Language-based Assessments”
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Language use patterns
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Need some help!
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Human Language Encoding
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States and Traits

I am blessed to spend so

much time with my family. affective valence
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Language-Based Assessment Evaluation

Predictive Accuracy

language 6
Openness [l

: : language 3
COHSCIGHtIOUSHGSS g

) language 43
Extraversion e

1]

Agreeableness JERES :

@ i | 35
Neuroticism [Rak==s

correlation with questionnaire



Language-Based Assessment Evaluation

Predictive Accuracy
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Language-Based Assessment Evaluation

Predictive Accuracy

language
friend
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Is it reliable and stable over time?

anuary-June uly-December anuary-June uly-December
Y Y Y Y
Year | Year | Year 2 Year 2

Correlations between
predictions made at
different time points:

Online 6-month test-retest of 20-item questionnaire:
r=.71



Does it generalize to other outcomes?

Example: extraversion

Satisfaction questionnaire extraversion 4
with life RESLEEESEEVESl 13

Number of ?
Facebook friends ?

correlation between outcome and extraversion



Does it generalize to other outcomes?

Example: extraversion
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Other Outcome

(Schwartz et al., 2013; 2016)

Mental Health

(Schwartz et al., 2013;
Coppersmith et al., 2014;
Eichstaedt et al., 2018)

Causal Explanations

Eichstaedt, ..., & Schwartz
PNAS, October, 2018.
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Depth? Personality

Assured-Dominant

Arrogant-

Gregarious-
Calculating

Extraverted

Interpersonal
Circumplex

Established Gender
Difference:
Women are warmer
and less assertive.

Cold-
Hearted

Warm-
Agreeable

Aloof- (e.g. Baker 1966; Wiggins, 1991)

Unassuming-
Introverted

Ingenuous

Unass:ur_ed—
Submissive

Demographics

(Park et al., 2017)
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Assured-Dominant
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blessed, amazing, thankful,
loving, husband

Kill, kills, killed, murder,
killing, die, swear, dead,

Gender difference
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Demographics

(Park et al., 2017)
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(Sap et al., 2014)

* e Warm-

O

) Q-_-'SO family, friends, _ivondeijﬁ,tl Ag re ea b I e

- blessed, amazing, thankful,
i 3 loving, husband (Park et al., 2017)




Depth? Personality

Assured-Dominant

party, tonight, dance;
lets, halloween, rave,

Arrogant_ i .. love, yo, adore, xoxd; Gregar]ous—
. Shit, holy, fuck ya, wanna, holla, gotta, “admire, extraordinary,
Calculating i bt o, boi it lemme, ey L/ bl conne Extraverted

Sfucking, piece, _buﬂ:.
loaciﬁmkl?_z,-"‘ \

sex, rape, sexual, drugs,—™ .
. porn, vagina, aids, penis .-

people, rude, selfish,
stﬂpid, ignorant, assholes,
arrogant, they're

Cold- "
Hearted

Warm-
Agreeable

Sfamily, friends, _i/mnderﬁl[
blessed, amazing, thankful,
loving, husband

Kill, kills, killed, murder,
killing, die, swear, dead,

Gender difference
effect size (d)
Men use more m 05

~Opinion, opinions, logi
“based, political, fact,

m 03 noral, beliefs 3

m -01 E _toﬂay, tomorrow, yesterday, ho_[ié
S ® © " live, learn, worried, hopes

o 041 " internet, connection, N1 ' ' '

© 03 - cable, wireless, net,—— " s

computer, slow 8L’

omenusemore @ 0.5

today, didn't, earlier, yesterday,

Aloof-

Unassuming-
Introverted

Ingenuous

couldn't, ended, planned, expected

Unassured-

Submissive

Demographics

(Park et al., 2017)



Depth? Personality
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Characterizing Gratitude
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Mental Health (Preotiuc-Pietro et al., 2016) Demographics

(Schwartz et al., 2013; (Sap et al., 2014)
Coppersmith et al., 2014; Dark Triad (Park et al., 2017)

Eichstaedt et al., 2018)
(Preotiuc-Pietro et al., 2016)

Temporal Orientation

Spiritual/Religious Outcomes (Sohwartz et al., 2015)

(Yaden et al., 2016, 2017)

Meaning in Life
_ (Schwartz et al., 2016)
Causal Explanations

(Son et al., 2018) Trustfulness
Control (Buffone et al., 2018)

(Rouhizadeh et al., 2018)



Characterizing Gratitude

Depth? Personality  (Carenteretal., 2016)
. : : (Schwartz et al., 2013;
Life Satisfaction Park et al., 2015)

(Schwartz et al., 2013; 2016)

CITI0UOI1 /7 AlIeCL
Mental Health (Preotiuc-Pietro et al., 2016) DemographiCS
(Schwartz et al., 2013; (Sap et al., 2014)

Coppersmith et al., 2014; .
Eichstaedt et al., 2018) Dark Triad
(Preotiuc-Pietro et al., 2016)

Temporal Orientation

Spiritual/Religious Outcomes (Sohwartz et al., 2015)

(Yaden et al., 2016, 2017)

Meaning in Life
_ (Schwartz et al., 2016)
Causal Explanations

(Son et al., 2018) Trustfulness

Control (Buffone et al., 2018)
(Rouhizadeh et al., 2018)
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facets
of
agreeableness

Age-gender adjusted beta

Questionnaire:

Trust
Morality
Altruism
Cooperation
Modesty
Sympathy

Trust from

Language

Dis att.
54

Trustfulness

(Buffone, Zamani et al., 2018)
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Depth?

facets
of
agreeableness

Age-gender adjusted beta

Questionnaire:

Trust
Morality
Altruism
Cooperation
Modesty
Sympathy

Trust from
Language
Dis att.
54
A5
23
35
-.03
.08

Trustfulness

(Buffone, Zamani et al., 2018)



A Community’s Digital Footprint as an Encoding of Who They Are
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1. Text-based Geolocation

Rule-Based Mapping

94% map to
human-judged
intended city, state

Tweet

location string / > tokenize

geo-coordinates
\

map to most-
probable county

contains
city with >90%
chance of being
in one state?

if tweet has coordinates (<2% of tweets), then map directly to county

2. Profile-based (e.g. free-response location field)
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Tweet /

location string > tokenize
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map to most-
probable county
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if tweet has coordinates (<2% of tweets), then map directly to county

94% accuracy at mapping to U.S. counties

2. Profile-based (e.g. free-response location field)
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location string /

geo-coordinates
\

probable county

94% accuracy at mapping to U.S. cities

2. Profile-based (e.g. free-response location field)
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Twitter Predicts Heart Disease

Perfomance of Twitter-Based and Traditional Risk Factor-Based Regression Models
of County-Level Atherosclerotic Coronary Heart Disease (ACHD) Mortality

Only Twitter

All Predictors (except Twitter)

Income and Education

Smoking

Diabetes

Hypertension

Obesity

%Black

%Female

%Married

%Hispanic |

Accuracy of County-Level ACHD Predictions (Pearson r with CDC-reported ACHD)

Eichstaedt, J. C., Schwartz, H. A., Kern, M. L., Park, G.,..., Ungar, L. H., & Seligman, M. E. (2015). Psychological Language on Twitter Predicts
County-Level Heart Disease Mortality. Psychological Science 26(2), 159-169
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Positive Emotions, Engagement
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1. Diseases of heart
2. Malignant neoplasms (cancers)

3. Chronic lower respiratory

4. Cerebrovascular diseases
(strokes)
5. Accidents, unintentional

6. Alzheimer’s disease

7. Diabetes melitus

8. Kidney Diseases

9. Influenza & Pneumonia

10. Intentional self-harm
(suicide)

11. Septicemia
12. Liver Disease
13. Hypertension
14. Parkinson’s
15. Pneumonitus

TOP 15 Causes of Death, 2013



6. Alzheimer’s disease

7. Diabetes melitus

8. Kidney Diseases

9. Influenza & Pneumonia

10. Intentional self-harm
(suicide)

1. Diseases of heart
2. Malignant neoplasms (cancers)

3. Chronic lower respiratory

4. Cerebrovascular diseases
(strokes)
5. Accidents, unintentional

11. Septicemia
12. Liver Disease
13. Hypertension
14. Parkinson’s
15. Pneumonitus

© No Controls  m Demographics ~ ® Socioeconomics

B Demographics +Socioeconomics
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***  p<0.001
- *  p<0.01
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Language-based Assessment

health

inexpensive, behavior-based (different biases than questionnaires)

reliable: test-rest; external validity

signals many different conditions / behaviors / psychological traits and states
captures nuance -- nearly infinite conceptual resolution




Toward Forecasting in Mental Health
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Long-term Health Forecasting

& ' N

Health

g

o Early assessment of lifetime risk
o Targeted interventions for prevention and treatment

Joint Work with Veronica Lynn (SBU), Alissa Goodman (University College London),
Margaret Kern (Univ. of Melbourne)




National Child Development Study (NCDS)
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National Child Development Study (NCDS)
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BSAG distress distress distress distress

g— AN g— AN g— AN g— AN
g— g— g— g—
0— 0— 0— 0—
o— 4 o— 4 o— 4 o— 4




National Child Development Study (NCDS)

Predict?
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clpsych.org

CLPSYCH 2018

Computational Linguistics and Clinical Psychology Workshop

Workshop Description Past Proceedings Call for Papers 2018 Shared Task 2018 v Shared Task 2017
ARSI S B RSIES CLPsych-2018 Shared Task: Call for
Participation

Predicting Current and Future
Psychological Health from Childhood
Essays

We invite participants for the 2018 CLPsych Shared Task.

Motivation and Background

This shared task seeks to encourage new methods not only for

analyzing current language use as a signal for mental health, as in
nroviotic Cl Peveh charad taclke hiit alen foriindercetandino childbhoond




National Child Development Study (NCDS)

Predict?>

psych psych psych psych

BSAG distress distress distress distress

TASK A TASK B




National Child Development Study (NCDS)

Predict?>

psych psych psych psych

BSAG distress distress distress distress

Accuracy: = .56 43 32 21 .30*
TASK A TASK B




Toward Forecasting in Mental Health

Language, a human behavior, often more predictive than traditional
assessments alone.

diagnose
<+ study in people’s “own words”. \ l
detect mental s
- nearly infinite conceptual resolution. 3 health 'rea

prevent

= longitudinal context. :
monitor



How can yonr project make an impact?

Development

Data Social

Science

Science

Applied




How can yonr project make an im]mct?

General Big Picture ldea: https://www.youtube.com/watch?v=v-zGHaMyd7o

Other Areas for Projects

e Satellite Images for Crop Yield:
o htips://blogs.worldbank.org/developmenttalk/can-satellites-deliver-accurate-measures-cro
-yields-smallholder-farming-systems
o https://www.voutube.com/watch?v=NwRFTccODP4
o  https://www.mdpi.com/2313-433X/4/4/52/pdf
« Mobile Device Usage for Migration Patterns
o  https://migrationdataportal.org/themes/big-data
o Calls and Texts for Tracking Poverty

o  https://www.futurity.org/data-poverty-maps-1628812/
o  https://www.kdnuggets.com/2015/03/how-big-data-can-improve-lives-poor.html

o  http://citeseerx.ist.psu.edu/viewdoc/download?doi=10.1.1.408.9095&rep=rep1&type=pdf

o Social and Information Networks for Disaster Response
o https://www.technologyreview.com/s/5237 11/how-information-flows-during-emergencies/

UN’s Inventory of Big Data and SDG Projects:

https://unstats.un.org/bigdata/inventory



https://www.youtube.com/watch?v=v-zGHqMyd7o
https://blogs.worldbank.org/developmenttalk/can-satellites-deliver-accurate-measures-crop-yields-smallholder-farming-systems
https://blogs.worldbank.org/developmenttalk/can-satellites-deliver-accurate-measures-crop-yields-smallholder-farming-systems
https://www.youtube.com/watch?v=NwRFTccODP4
https://www.mdpi.com/2313-433X/4/4/52/pdf
https://migrationdataportal.org/themes/big-data
https://www.futurity.org/data-poverty-maps-1628812/
https://www.kdnuggets.com/2015/03/how-big-data-can-improve-lives-poor.html
http://citeseerx.ist.psu.edu/viewdoc/download?doi=10.1.1.408.9095&rep=rep1&type=pdf
https://www.technologyreview.com/s/523711/how-information-flows-during-emergencies/
https://unstats.un.org/bigdata/inventory

How can your project make an impact?

e Teams of 3 to 4 students.

e Jowards solving or measuring a sustainable
development goal.

e 2 teams per goal

e The projects must utilize:
o 2 data pipeline (MapReduce, Spark, Tensorflow)
o 2 other concepts from the course

e Components:

(1) a brief proposal presentation, (2) analysis code
(3) a report, and (4) a final presentation (Poster or Oral)



How can your project make an impact?
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SDG Related Data Sets

Name Desc. Metadata Link SDG Goal

Multiple Sources: https://ourworldindata.org/air-pollution
http://www.who.int/phe/health_topics/outdoorair/databases/AAP_database_summary_res

Air Pollution Data | Per country air pollution 2977 Towns SDG 3
Health indicators including, mortality, burden of
GHO Data disease, life eXpeCtanCy https://www.who.int/gho/mortality_burden_disease/en/ SDG 3
Ch||d MOFlahty Ch||d mOFta“ty rate 210 countries Multiple Sources: https://ourworldindata.org/child-mortality#data-quality-definition SDG 3
Helps in understanding the evolution of poverty 15394 rows, 31
Poverty and Equity |in various countries poverty indicators hitp://povertydata worldbank ora/poverty/home/ SDG 1
Ensure availability and sustainable 550246 rows, 5
Water Quality management of water and sanitation for all quality parameters | s data.qovin/cataloa/water-quality-affected-habitations SDG 6
ACCGSS tO Water 181 COUntrieS https://data.unicef.org/topic/water-and-sanitation/drinking-water/ SDG 6
84000 rows, 300
. . https://data.world/worldbank/sustainable-development-goals/workspacef/file ?filename=SD
WDI data World development indicators features G csv en%2FSDG Data.csy SDG 1
291 countries 1600+
Quality Education | Quality of education in countries features hitp://data,uis unesco.org/ SDG 4

1986-2016, 5486
Depression Data | Various mental health factors in USA features hitps://assdataexplorer norc.orq/variables/viter SDG 3


https://ourworldindata.org/air-pollution
http://www.who.int/phe/health_topics/outdoorair/databases/AAP_database_summary_results_2016_v02.pdf
http://www.who.int/phe/health_topics/outdoorair/databases/AAP_database_summary_results_2016_v02.pdf
https://www.who.int/gho/mortality_burden_disease/en/
http://povertydata.worldbank.org/poverty/home/
https://data.gov.in/catalog/water-quality-affected-habitations
https://data.unicef.org/topic/water-and-sanitation/drinking-water/
https://data.world/worldbank/sustainable-development-goals/workspace/file?filename=SDG_csv_en%2FSDG_Data.csv
https://data.world/worldbank/sustainable-development-goals/workspace/file?filename=SDG_csv_en%2FSDG_Data.csv
http://data.uis.unesco.org/
https://gssdataexplorer.norc.org/variables/vfilter




