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Natural Language Processing

Info 159/259
Lecture 24: Social NLP (Nov. 16, 2017)

David Bamman, UC Berkeley
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great



AN

AX.Ay.meet(x,y) Ax.battlefield(x) Ax.war(x)



We are met on a great battle-field of that war.



Four score and seven years ago our fathers brought forth on this continent,
a new nation, conceived in Liberty, and dedicated to the proposition that all
men are created equal. Now we are engaged in a great civil war, testing
whether that nation, or any nation so conceived and so dedicated, can long
endure. We have come to
dedicate a portion of that field, as a final resting place for those who here
gave their lives that that nation might live. It is altogether fitting and proper
that we should do this. But, in a larger sense, we can not dedicate -- we
can not consecrate -- we can not hallow -- this ground. The brave men,
living and dead, who struggled here, have consecrated it, far above our
poor power to add or detract. The world will little note, nor long remember
what we say here, but it can never forget what they did here. It is for us the
living, rather, to be dedicated here to the unfinished work which they who
fought here have thus far so nobly advanced. It is rather for us to be here
dedicated to the great task remaining before us -- that from these honored
dead we take increased devotion to that cause for which they gave the last
full measure of devotion -- that we here highly resolve that these dead shall
not have died in vain -- that this nation, under God, shall have a new birth
of freedom -- and that government of the people, by the people, for the
people, shall not perish from the earth.




Social NLP

» Social NLP covers a range of applications that

analyze how language interacts with people in social
settings.

e \We |leave behavioral IN our Interactions with
others.

e [weets

 Books

 Emails

e Audio transcripts



"Raw’ data

Social NLP often makes about the world
using textual data.

Data is not self-evident, neutral or objective

Data is collected, stored, processed, mined,
interpreted; each stage requires our

What is the by which the data you have
got to you"
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Data Collection

e Data — Research Question

o “Opportunistic data”

 Research questions are shaped by what data
you can find

e Research Question = Data

 Research is driven by questions, find data to
support answering It.



Validity

e

Face Validity Social Validity Empincal Validity
Being obviously true, Addressing important The degree to which available evidence
sensible, plausible social issues, contributing and established theory support
to public debates intermediate stages of a research process
and its resuits
Evidence Based On: Content Internal Structure Relations to Other Variables
Sampling Semantic Structural Functional Correlative Predictive
Validity Validity Validity Validity Validity Validity
The degree to which ~ The degree to which the  The degree to which the The degree to which
analytical categories analytical construct analytical construct is anticipated observations
accurately describe models the network of vindicated in use occur in due time
Wings and uses in stable relations in the
the chosen context chosen context
of members of representatives C:/l:;:drigt;m ms“;‘a"u“;::‘;“t
The extent to which a The extent to which a _ '
sample accurately sample accurately The extent to whlc:h The extent (o which
represents the represents a population results correlate with  correlations are absent
popuiation from which  of phenomena other than that vanables :\:wn o bgtw:l: results tmdbe
it is drawn from which it is drawn measure the same varia known to
phenomena and valid but measuring
considered valid phenomena that are
distinctly different

Krippendorff (2004)



Social NLP

* What are the research questions that we can ask
when applying NLP to text to answer and
questions”

* How do we answer those research questions using
methods we've learned about?

e data
* algorithms
e evaluation



Social NLP

Manifestations of N text
Inferring from text
Measuring

Explaining behavior

Analyzing claims about

Asking for a



Power

How Is manifested in language”



Power

e Jext data: Enron emails

* Response: Enron org chart — for all pairs of
entities in email (sender/recipients), who is
higher on the org chart?



Power

* Bag of words representation of text + binary
classification.

every Enron email msg

v
before May 2001?

v

up or down hierarchy?

remove reply text

v

lowercase text

v

remove stop words + ();:.”

>

[uni, bi, tri]-grams

v

phrase in > 10 msgs?

v
phrase said by > 3 people?

> phrase not specific to Enron?

v
pen. logistic regression

+

SVM

Gilbert 2012 (“Phrases that signal workplace hierarchy”)



these predict message going up

not going up

‘T phrases a 1 phrases [+ +»| phrases g ). phrases 8
the ability to 6.76 attach 6.72 have you been -8.46 to manage the -6.66
| took 6.57 that we might 6.54 you gave -6.64 let’s discuss -5.72
are avallable 6.52 the calendar 6.06 we are in -5.44 publicly -5.24
kitchen 5.72 can you get 572 title -5.05 prometion -5.02
thought you would 5.65 driving 5.61 need in -4.80 good one -1.62
Nl be 3.51 thoughts on 5.51 opened -4.57 determine the -4.47
looks fine 5.50 shit 545 initiatives -4.38 is difficult -4.36
voicemail 543 we can talk 541 .1 would -4.34 man -4.26
tremendous 5.27 it does 521 we will probably -4.12 number we -4.11
will you 5.17 involving 5.15 any comments -4.06 contact you -4.05
lefta 5.07 the report 5.04 you said -3.99 the problem is -3.97
| put 4.90 please change 488 | left -3.88 you did -3.78
you ever 4.80 issues| 4,76 can you help -3.68 cool -3.54
I'll give 4.69 is really 465 send this -3.47 your attention -344
okay, 4.60 your review 456 whether we -3.44 to think -3.44
tasend it 4.48 europe 445 the trade -3.40 addition to the -3.30
communications 4.38 weekend . 435 and | thought -3.28 great thanks -3.24
a message 435 have our 433 should include -3.19 selected -3.16
onel 4.28 interviews 428 please send -3.14 ext -3.13
canlget 4.28 you mean 4.26 existing -3.06 and let me -3.05
worksheet 4.15 haven't been 4.10 mondays -3.02 security -3.01
liked 4.07 me. 1 407 presentation on -2.85 got the -2.94
| gave you 3.95 tiger 394 let’s talk -2.94 get your -2.88
credit will 3.88 change in 3.88 the items -2.78 this week and -2.77
you make 3.86 item 3.84 i hope you -2.77 team that -2.75
together and 3.82 a decision 382 did it -2.75 a deal -2.71
have presented 3.78 a discussion 3.74 tost -2.69 yours . -2.68
think about N sounds good 3.65 be sure -2.65 briefing -2.60



Power

* Jext data: Wikipedia discussions, SCOTUS
arguments

* Response: Wikipedia admins/non-admins;
SCOTUS justices/laywers



Power

e | IWC representation of text + measurements of
accommodation (adapting your speech to the
language of your interlocutor)
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Networks

Can we learn a from mentions in text?



Networks

* Data: 60 novels from Project Gutenberg
e Conversational network:

* Characters are in the same place at the same
time

* Characters take turns speaking

* [he characters are mutually aware of each

other and each character's speech is mutually
iIntended for the other to hear.



Networks

» Alias clustering: Tom, Tom Sawyer, Mr. Saywer = TOM
SAWYER)

* Quoted speech attribution (“Yes,” said TOM SAWYER)

e Network construction

e Divide book into 10-paragraph sections, count
number of sections with two characters

e Count occurrences of one character mentioning
another in dialogue



Networks




Respect

* Data: transcripts of 981 OPD traffic stops (everyday
interactions)

* Response: race



Respect

* Present one dialogue turn (police/driver) to be
rated by people for respect (4-point Likert scale).
High [AA.

* Build a predictive model mapping to



TI'eature Name

lmplementation

Adverbial "Just"

Apologizing

Ask for Agency

Bald Command

Colloquialism

Conditional
Disfluency
Filled Pauses

First Names
Formal Titles

For Me

For You

Give Agency
Gratitude
Goodbye
Hands on the

Wheel

"Just" occurs in a dependeney are as the head of an adwmed relation

Lexicon: "sorry", "ocops", "woops'", "excuse me", "forgive me",
"apologies", "apolcgize", "my bad", "my fault"

[exicon: "do me a favor", "let me", "allow me", "can i", "should
i", "may i", "might i", "could i"

The first word in a sentence is a bare verb with part-of-speech tag VI3
("look', "give", "wait" etc.) but is not one of "be", "do", "have",
"thank", "please", "hang".

Regular expression capturing "y’all", "ain’t" and words ending ir. "in*"
such as "walkin’", "talkin’", etc., as marked by transcribers

Lexicon: "if"
Word fragment ("Well 1 thi-") as indicated by transcribers
Lexicon: "um", "uh"

Top 1000 most comman first names from the 1990 US Census, where first
letter is eapitalized in transcript

Lexicon: "sir"™, "ma’am", "maam", "mister", "mr*", "ma%", "madam",
"miss", "gentleman", "lady"

[exicon: "for me"

Lexicon: "for you"

Lexicon: "let you", "allow you", "you can", "you may", "you could"
Lexicon: "thank", "thanks", "appreciate"

Lexicon: "gocdbye", "bye", "see you later"

Regular expression capturing cases like "keep your hands on the wheel” and
"leave your hands where I can see thern": "hands? ([+,?!:;]+
)?(wheel|see)"”

Voigt et al. 2017, “Language from police body camera footage shows racial disparities in officer respect”



Hedges

Impersonal
Pronoun

Informal Titles

Introductions

Last Names

Linguistic
Negation
Negative Words

Positive Words

Please
Questiony

Reassurance
Salety

Swear Words

Tag Question

The Reason for
the Stop

Time Minimizing

All words in the " Ientat" LIWC lexicon

All words in the "Imppron" LIWC lexicon

Lexicon: "dudex", "brox", "boss", "bod", "buddy", "chemp", "man”,
llg-uy*l , Iguy'l s ’lbromll R llsistall , ﬂson“ s llscmyll s |lchief "

Regular expression capturing cases lixe "I'm Offcer |name| from the QPD"
end "How’s it going?": "( (ilmy name).+officer |
officer.+(oakland|opd)) | ( (hi|hella|hey|good afternoon|goad
mornirg|good evening how are you doing|how ’'s it going))"

Top 5000 most commaon last names from the 1990 US Census, where first
letter is capitalized in tracscript
All words in the "Negate" LIWC lexicon

All words in the "Negativ® catcgory in the Harvard Cencral Inguicrer,
matching on word lemmas

All words in the "Pogitiv" category in the Harvard General Inquierer,
matching on word lemmas

Lexicon: "please"

Oceurrence of a question mark

Lexicon: s ckay", "n*t worry", "no big deal", "no problew", "no
worries", "’s fine", "you ‘re good", "iIs fine", "is okay"
Regular expression for all words beginning with the prefix "safe", such as
"safe", "safety", "safely”

All words in the "Swear" LIWC lexicon

Ilegrular expression capturing cases like ..., right?" and "..., don’t you?":
", (((all right|right|ckay|yeah|please|yon know)( sir| ma’am|
niss| son)?) | ((arelieldo|can|havelwill|won’t) (n’t
)7(i|me|she|us|we|you|he| they|them))) [7]"

Lexicor: "reason", "stop* you", "pull= you", "why i", "why we",
"explair", "so you understand"

Regular expression cepturing cascs ke "in a minuie" and "let's get this

done quick": "(alonela few)
(minute|min|second|sec |moment)a? |this[-,?!]+quick|right back"



Respect

ExamMPLE

RESPECT
SCORE

FirsT Name  Ask FOR AGENCY QUESTIONS

Voo

namel, can | see that driver's license again? * |
It- it's showing suspended. Is that- that's you? #

: : :

DISFLUENCY NEGATIVE WCORD  DISFLUENCY

-1.07

InFOoRMAL TITLe  Ask For Agency AoverslaL "Just”

y v

_ 7
All right, my man. Do me a favor. Just keep your

hands on the steering wheel real quick.
A
"HanDs ON THE WHEFL"

-0.51

APOLOGY INTRODUCTION LAST NAME

7 . '

Sarry to stop you. My name’s Officer [name
with the Police Department.

0.84

Foamal TImLE SAFFTY PILFASF

v vy

There you go, ma'am. Drive sale, please.

1.21

ApvereliaL "Just”"  FiLLFD PAUSF REASSURANCE

v v Y

It just says that, uh, you've fixed it. No oroblem.
rThank you very much, sir.

: :

GRATITUDE FormalL TITLE

2.07




Respect Model Coefficients Log Odds Ratio by Race

- Apalogizing -
- For You -
- Gratitude -
- Reassurance -
- Last Names -
- Formal Titles -
- For Me -
- Safety -
- Give Agency -
=  Filled Pauses (Um/Uh) =
- Adverbial Just -
- Positive Words -

rrt

= Hedges -
- Introductions -
- Questions -
- Linguistic Negation -
- Negative Words -
= Ask for Agency -
= Disfluency -
- Informal Titles - e
- First Names -
- Hands on the Wheel =

-1 0 1 -05 00 0.5

Perceived as more... More common in...
Disrespectful Respectful Black Stops White Stops




Respect

* Higher respect to white drivers, older drives, when
a citation Is issued.

* Lower respect when a search is conducted.



Genre

* Text: Books labeled {detective, gothic, science
fiction} from bibliographies + random books

QL

pe
Wit

estion: Are genres defined by shorter time
'lods more coherent as a than those

N longer litetimes (e.g., detective fiction)?



Genre

. representation of book

* Operationalize as a prediction task: coherence =
high cross-validated accuracy.



80%-
: oo
g 70%- — delectlive
60% -
Newgate novels, 1828-40
50%-

50 100 150
number of examples of the genre in the training set
Figure 5. Several genres of roughly generational size, plotted relative to a curve that indicates
the range of accuracy for a random sample of detective fiction drawn from 1829-1989. The
shaded ribbon is a predictive band that covers 90% of models for a random sample of

detective fiction.



Trolling

e Data: comments on CNN

* Response: comment was flagged for removal or
Nnot.

e Question: does or discussion context make
people troll?



Mean

Trolling

0.039-
0.036 - Prop.
0.033- Flagged Posts
0.030-
0.0350-
88328: o Negative
0.0335 - Affect
0.0330-
0.34-
0.33-
0.32- Prop.
0.31- Downvotes
0.30-
0.29-

5 10 15 20

(a) Time of Day (EDT)

o -

Mean

0.0400-
0.0375-

0.0350-

Prop.
Flagged Posts

0.0325-

0.0345-

0.0340-

Negative
Affect

0.0335-

0.33-

0.32-

0.31
0.30

Prop.
Downvotes

Mon Tue Wed Thu Fri Sat Sun

(b) Day of Week

Cheng et al. (2017), "Anyone Can Become a Troll: Causes of Trolling Behavior in Online Discussions”



WUESS SRS Jasrnig,

CONTROVERSIAL TOP  WIKI

* Data: Random acts of pizza (subreddit)

* Response: Is a request successful in getting a
pizza"

Althoff et al. (2014), "How to Ask for a Favor: A Case Study on the Success of Altruistic Requests



Favors

* Representation of text:

* Temporal features of post/author

* Politeness

» Evidentiality (image link in text)

o Reciprocity (“pay it forward”, “return the favor”)

e Sentiment

* Length

o Status (reddit karma points)

e “Money”, “dob” “Student”, “Family”, “Craving” topics



Features

ROC AUC

Coefficient Estimate SE
Intercept —2.02""  0.14
Community Age (Decilc) —0.13™ 0.01
First Half of Month (Binary) 0.227 0.08
Gratitude (Binary) 0.27° 0.08
Including Image (Binary) 0.81""" 0.17
Reciprocity (Binary) 0.327" 0.10
Strong Positive Sentiment (Binary)  0.14 0.08
Strong Negative Sentiment (Binary) —0.07 0.08
Length (in 100 Words) 0.30"  0.05
Karma (Decile) 0.13"  0.02
Posted in RAOP before (Binary) 1.34""  0.16
Narrative Craving (Binary) —0.34™  0.09
Narrative Family (Binary) 0.22 0.09
Narrative Job (Binary) 0.26™  0.09
Narrative Money (Binary) 0.19™* 0.08
Narrative Student (Binary) 0.09 0.09

Random Baseline
Unigram Bascline
Bigram Baseline
Trigram Baseline
Text Fealures
Social Features
Temporal Features

Temporal + Social
Temporal + Social + Text
Temporal + Social + Text + Unigram

0.500

0.6217**
0.618°""
0.618"*

0.625™**
0.576™**
0.579™**

0.638"*
0.669™""*
0.672"""

" p <0001, " p<0.01," p <005



Social NLP

 Many different methods from NLP

e Text-based classification, regression, sequence
labeling (e.g., NER)

. IS Important:

e Bag of words

* Features derived from parts of speech, syntax

 \When testing theories, models are
important.



Social NLP

Text also provides a lens into
soclal and cultural phenomena

of



