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Passive crowdsourcing the human condition?



Psychological language analyses typically limited to
apriori language lexica
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Psychological language analyses typically limited to
apriori language lexica

e limited to pre-chosen hypotheses
e don’t always measure what is expected

“open vocabulary”: let the data dictate the words,
phrases, and linguistic features that matter.
e transparent results






Method

research mostly falls into this framework:
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Supporting Table 2. Prediction results when selecting features via differential language
analysis.

Gender Age | Extraversion Agreeableness Conscientious. Neurotickm  Openness

features accuracy R R R R R R
LIWC T7.7% .65 .25 25 .29 22 28

Topics 88.2% | .79 34 .28 .34 .28 .39
WordPhrases 91.8% | .81 37 ¥ .34 .28 40
WordPhrases + Topics 92.0% .82 38 .29 .35 .30 Al
Topics + LIWC 89.2% | .80 35 .28 .34 .28 40
WordPhrases + LIwC | 91.8% | .81 .38 .28 .34 .29 40
Wardrhrares + Topies = Lwe | 92.0% | .82 38 .30 .35 30 41

accuracy: percent predicted correctly (for discrete binary outcomes). R: Square-root of the coefficient of determination
(for sequential / continuous outcomes)., LIWC: A priori word<categories from Linguistic Inquiry and Word Count. Topics:
Automatically created LDA topic clusters. WordPhmses: words and phrases (n-grams of size 1 to 3 passing a collocation
filter). Bold indicates significant (p < .01) improvement over the baseline set of features (use of LIWC alone). Differential
language analysis was run over the training set, and only those features significant at Bonferonni-corrected p < 0.001 were
included during training and testing, No controls were used so as to be consistent with the evaluation in the main paper,
and so one could consider this a univariate feature selection. On average results are just below those of not using differential
language analysis to select features but there is no significant difference.
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Individual Well-Being: message to user-level
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Optimism/Pessimism - CAVE

- Uses explanatory style

- Three factors:

- Internality: whether the cause of the event implicates something about the
speaker or is due to situational characteristics

-Stability: whether the cause of the event persists across time

-Globality: whether the cause of the event persists across situation (often
covaries with stability)

- Positive events: high scores indicate optimism

- Negative events: low scores indicate optimism



Mechanical Turk

Problem: Manually
created lists of words
are not always used
as expected.

Solution: Annotate thousands of samples of real Twitter
and Facebook posts for expressions of well-being.



Does the above message include a causal explanation?
() Yes () No

To what extent does the causal explanation of this message indicate that the cause of the event is internal (e.g. cause of the
event placed on speaker) or that the cause of the event is external (e.g. cause of the event placed on environment):

If you cannot assess a degree of intemality or externality, rate as 'Not Applicable’.

Not Appicable

Does the above message include a causal explanation?
) Yes (& No
To what extent does this message indicate internality or externality:
If you cannot assess a degree of internality or extemality, rate as 'Not Applicable'.

Internal

Very Not Apglicable



End of talk

(remaining slides were not presented but might
look fun!)



Community Well Being
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*significant improvement over controls alone




Generating Lexica from *most*
Supervised n-gram Models

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

Hand annotated messages or users

o OCEAN: User-level Cambridge data set

o PERMA: MTurk-ed messages

outcome

ngram \

learning

ngram |[—, —*__weight

—»| weight

—>
dim. fit
reduction regression
—

ngram —

ngram




Multivariate or Univariate for Insights?
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Language-Based Psychometrics

o
1

Accuracy/Correlation (r) with self-report

N
1

Predicting Personality Traits:
Language vs. Friends

SN
1

w
1

Language

T T T T T
Openness Extraversion Neuroticism
Conscientiousness Agreeableness




Language-Based Psychometrics

Sample sizes

Time2 Time3 Time 4

2009 2010 2011
July-December January-June | July-December January-June
n = 68l n= 1,424 n=1,019

n =33l
Extraversion
2009 2010 2011
July-December January-June | July-December January-June
72 72 72

.64

Time | 71 .68 .64
Time 2 74 7
Time 3 76
Time | 75 74 .70
Time 2 76 72
Time 3 76
Time | 72 .68 .64
Time 2 72 .66
Time 3 72
Time | .65 61 55
Time 2 .64 57
Time 3 .65
Time | .62 57 Sl
Time 2 .62 61
Time 3 .63




