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Linguistic and Semantic Factors in Written
Texts

e Extremity (much more, extremely, very, wonderful)

* Informativeness and novelty of text (number of unique words)
* Repetition

* Request (please, rt, retweet, spread, pls, plz)

* Sentiment

* Internet activity

* Named entities

* Topics



Research Questions

* To understand whether, and to what extent, a number of linguistic
and semantic factors are related to the popularity of e-petitions.
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80 to 85% of the data in the world is unstructured form, "’
primarily text w



Data



E-petition platform “We the People”

WHITE HOUSI

Get Emall Updates Contact Us

BLOG PHOTOS & VIDEQ BRIEFING ROOM ISSUES - the ADMINISTRATION rhe WHITE HOUSE our GOVERNMENT

E-petition system launched by US federal VR BRI VRN e
: PEOPLE ~ e
government in 2011.

4k CREATEAPETITION OPEN PETITIONS RESPONSES  HOW & WHY Log in | Creats an Account

SEE ALL

Featured Petition Responses

° = = matter tO ﬂlem = 3 A Message from President Obama about
ve r m I I o n u S e rs - e Your Petition on Reducing Gun Violence
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an Open and Innovative Internet
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* Over 400,000 petitions created
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petition related to your issue, and represented by an active threshaold, it will be reviewed by
add your signature. petition, start a new petition. the Administration and we will
issue a response.

* 100,000 signatures => official response I s e | [EEEE

¥ Find a petition ¥ Start a Petition ¥ View all responses

Repealing the Discriminatory Defense of
Marriage Act

We the People in Three Easy Steps

Pairs

Induct ® The Grateful Dead's " members,
and its writers, Robert Hunter hn P
Barlow into Kennedy Center Honors 2014.

“My administration is committed to creating an
unprecede) level of openness in government.
We will work together to ensure the public trust
and establish a system of transparency, public Opening The Doors To The Whitehouse




Help make We the People even better.
/A Share your feedback on how this new
/ { platform can improve.

P E O P L E YOUR YVOICE IN OUR '/ERNMENT
Share Your Feedback

# CREATEAPETITION OPENPETITIONS RESPONSES  HOW & WHY T Pt e et

WE PETITION THE OBAMA ADMINISTRATION TO:

) Add Your Name
Pardon Edward Snowden Title
Edward Snowden is a national hero and should be immediately issued a a full, free, and absolute pardon Firstiiame
for any crimes he has committed or may have committed related to blowing the whistle on secret NSA
surveillance programs. Last Name *

Created: Jun 09, 2013

Issues: Civil Rights and Liberties, Government Reform, Human Rights Rat|0na Ie .
Email Address *

Learn about Petition Thresholds
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TOTAL SIGNATURES -
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this and otherissues.

By signing this petition you agree to
our terms of participation and privacy
policy.
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Signature Information e
Signatures: 19 of 163,318 i

Mote: When you sign this petition,
CREATOR A D. K. L. K. 5. your initials, city, and state may be

P.M. Marshall, MO Chelsea, MA Davisan, Ml publicly displayed on the petition
Rochester, NY Movember 10, 2014 Movember 10, 2014 Movember 10, 2014 page. Once you sign a petition, you




Data Collected (sept. 2011 - Jan. 2015)

 WtP API

* 3,344 petition texts (title + rationale)
e Signature information

* Petition creation time

* Preprocessing:
* Converted all words to lower case
 Removed white space
* Eliminated punctuation

 Removed short words of only one or two characters
using the Natural Language Toolkit (Bird, Klein, & Loper, 2009)



Before and After Stemming

Preprocessed petition:
stop animal homelessness its roots

Stemmed:

stop anim homeless it root



Extractable information from a text

N

Title: Deport Justin Bieber and revoke his green card.

Rationale: “We the people of the United States feel that we are being wrongly
represented in the world of pop culture. We would like to see the dangerous,
reckless, destructive, and drug abusing, Justin Bieber deported and his green
card revoked. He is not only threatening the safety of our people but he is also a
terrible influence on our nations youth. We the people would like to remove
Justin Bieber from our society.”

Signature counts: 273,968




Linguistic and semantic characteristics of

persuasive texts

Theory driven

Data driven

Extremity, Urgency, Request, Internet
Activity, Novelty and Informativeness,
Repetition, and Sentiment

Named entities (person, location,
organization), and Topics




Methodology

*Information Extraction
*Variables
*Regression Analysis



Information Extraction



| — =
Unstructured

Validation
Validation
Validation

Input: 1,671 petition texts

Output: Table (1,671 rows * 28 columns)

R
Structured
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Approaches

1. Lexicon generation

* Extremity: much more, extremely, very, and wonderful (Craig & Blankenship, 2011,
p. 295)

2. Dictionary-based approach

e Urgency: Find synonyms of seed words (“immediately” “immediate” and
“urgent”) from WordNet => 53 words in the “Urgency” list

3. Tagging approaches

e Stanford CoreNLP: Sentiment and named entity recognition tagger

4. Machine learning (MALLET)
* Topic Modeling



Topic Modeling: unsupervised machine learning to
find clusters of words

Topic proportions and
assignments
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Topic Modeling: unsupervised machine learning to find clusters of
words

<Topic proportions of a petition>

Topic proportions: -- _ at Its -
animal 0 49, in the , and
DO 042, and
B 0.05,

_ no more
wisa: 0.01, others go without |

16



15 topics extracted

e Example topics (top 8 most frequent words in topics)
* marijuana, legal, drug, cannabis, medical, substances, schedule, alcohol
* sex, legal, marriage, families, couples, file, court, provide
* police, office, killed, law, murder, men, shot, death



Variables



Table 1: Summary of Variable Development and Evaluation

Development Strategy Evaluation Strategy

Extremity Manual lexicon generation

Urgency Dictionary-based lexicon generation
Informativeness  Frequency counting

Repetition Frequency counting
Request Manual lexicon generation
Sentiment Tagging

Internet Activity Manual lexicon generation
Named Entity Tagging F-measure

Topic Unsupervised learning 10-fold cross validation
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Variables

* Dependent variable: Logarithm of signature counts

* Control variables
e Logarithm of numbers of signatures gathered on first 24 hours
* Logarithm of the number of petitions started on same day

* Independent variables

* Linguistic style variables
e Semantic variables



Linguistic Style Variables

Lexicon
generation

Dictionary-based
Tagging
Frequency
counting

NonmRWNRE

Extremity
Request
Internet Activity
Urgency
Sentiment
Informativeness
Repetition
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Semantic Variables

1. Named entities (Stanford CoreNLP)
* Person
* Location
* Organization

2. 15 Topics (MALLET)



Regression Analysis



Hierarchical Ordinary Least Squares Regression

T et | Modelz | Model3 | Wodels

Dependent variable LogSigCount LogSigCount LogSigCount LogSigCount
Control variable Control Variable Control Variable Control Variable Control Variable
block Block Block Block Block
Linguistic Style Linguistic Style Linguistic Style
Variable Block Variable Block Variable Block
Independent _ _
varferla Fleaks NER Variable Block NER Variable Block

Topic Variable Block
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Results



T T ot | wodelz

Dependent variable

Control variable
block

Independent
variable blocks

N
R? Change

Adjusted R?

Hierarchical Ordinary Least Squares Regression

Model 3
LogSigCount LogSigCount LogSigCount
Control Variable Control Variable Control Variable
Block Block Block
Linguistic Style Linguistic Style
Variable Block Variable Block

NER Variable Block

1,671 1,671
0.01***
0.24 0.25

Note: *p<.1, **p <.05, *** p <.001

1,671
0.004**

0.26

LogSigCount

Control Variable
Block

Linguistic Style
Variable Block

NER Variable Block

Topic Variable Block

1,671
0.08%***

0.32
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Findings

Statistically Significant Variables

* Extremity (-0.17, p-value: 0.027)

* Person (-0.11, p-value: 0.032)

* Topics
Positive:
religion _gay (1.17, p-value: 0.008)
secession (1.18, p-value: 0.000)
gun (1.09, p-value: 0.024)
Negative:
children (-1.67, p-value: 0.001)
china (-2.12, p-value: 0.000)
awareness (-1.30, p-value: 0.062)
student visa(-1.27, p-value: 0.001)
white genocide (-2.13, p-value: 0.000)
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Linguistic and Semantic Variables are Significant
Predictors of Petition Popularity

* Extremity:
* Negatively correlated with petition popularity in the epetition setting, in
contrast to previous studies.
e Attributable to the discrepancies in the study settings (Lab; well-written).

 The analysis of large volumes of texts led us to findings seemingly
contradictory to previous findings that used small sets of texts in laboratory
settings for human experimentation

* Person names:

e Specific and particular presentation of policy
* Problem of being too specific

* But specificity helps acquiring more support when an issue is familiar such as
“gun” or “religion and gay”




Familiar topics are positively correlated and
unfamiliar topics are negatively correlated with
petition popularity

* Popular topics
* Religion_gay:

* Remove “In God we trust” from money, or to remove the words “One nation under God”
from the pledge of allegiance

* Gun: oppose or support gun control policy

* Secession:
* November 6, 2012 right after the re-election of President Obama

* Unpopular topics: children, china, student_visa, white_genocide



Post hoc analyses

J 1,671 petitions

10/15/2011

1/13/2013

1/3/2015

ﬁﬁ

-
Model A:

25,000 signatures required for White
House response
N

~

/

4 )
Model B:
100,000 signatures required for
White House response
N J
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Result: Post Hoc Analysis
| [ModelA |ModelB_

P Extremity Negative -
INEUISTIC Style i g
< / Repetition - Negative <Example: A Petition Title>
.. Person - Negative ~ “Democracy crisis in Malaysia:
Named entities :
Location _ Positive foreign workers were employed

for fraud voting in Malaysian
General Election”

religion & gay  Positive Positive

secession Positive Negative
gun Positive - 223,913 signatures
oyafies china - Negative
children - Negative
student & visa - Negative Social events and petition activities?
white - Negative

genocide
31



Discussion

* Petition popularity and social events
* Many person names and criminal investigation topics: successful
* Global participation (Repetition, Location)

* 44% of successful petitions from foreign countries

* Extremity
* Small set of data (laboratory experiments) vs. big data



Conclusion

* Investigate feasibility of using text as data for model building
* Linguistic and semantic feature selection for model building

* Uncover latent patterns of e-petition texts associated with petition
popularity

* Discoveries from big data analyses are sometimes contradictory to
findings based on small set of sample experiments

* It is important to establish valid processes for understanding online
political participation when using text as data and computational
tools for analysis
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34



Main references

* Craig, T. Y., & Blankenship, K. L. (2011). Language and persuasion: Linguistic extremity influences
message processing and behavioral intentions. Journal of Language and Social Psychology, 30(3),
290-310. http://doi.org/10.1177/0261927X11407167

* Davenport, T. (2014). Big Data at Work: Dispelling the Myths, Uncovering the Opportunities.
Harvard Business Review Press.

* Finkel, J. R., Grenager, T., & Manning, C. (2005). Incorporating non-local information into
information extraction systems by Gibbs sampling. In Proceedings of the 43rd Annual Meeting on
Association for Computational Linguistics (pp. 363—370). Stroudsburg, PA, USA: Association for
Computational Linguistics. http://doi.org/10.3115/1219840.1219885

* McCallum, A. K. (2002). MALLET: A machine learning for language toolkit. Retrieved from
http://mallet.cs.umass.edu/

e Socher, R., Perelygin, A., Wu, J. Y., Chuang, J., Manning, C. D., Ng, A. Y., & Potts, C. (2013).
Recursive deep models for semantic compositionality over a sentiment treebank. In Proceedings
of the conference on empirical methods in natural language processing (EMNLP) (Vol. 1631, p.
1642). Citeseer. Retrieved from
http://citeseerx.ist.psu.edu/viewdoc/download?doi=10.1.1.383.1327&rep=repl&type=pdf



Thank you!!

Comments/Questions?
E-mail: lonihagen@usf.edu



Validation: Data-driven variables

* NER: F-measure
* Person (0.926), organization (0.718), location (0.870)

* Topics: 10-fold cross validation

» Selecting topic variables: Human coding and cross validation (average mean
squared error)

 Validation of topic variables: use of test dataset



Variable selection: 18 topics => 15 topics

* Regression:
* Dependent variable: logarithm of signature counts
* Independent variable: 18 topic variables

e 10 fold cross-validation:

e average mean squared error
* Removing one of the 18 topics from the variables

* Selected 15 topics



Regression on Regression on Regression on Regression on

Topic Variables Training Set Test Set Topic Variables Training Set Test Set
Coefficient (SE) | Coefficient (SE) Coefficient (SE) | Coefficient (SE)

-0.14 (0.33) -1.08** (0.39) Sl e -1.01** (0.32) -1.65***(0.43)
religion_gay 0.55(0.38) 1.9*%** (0.49) military -1.03** (0.35) -0.3542
-1.34*** (0.39)  -2.20*** (0.55)  iEi{ll bl e Elg -1.42***(0.41)  -1.82**(0.78)
investigation -0.86** (0.37) SUCVN(0R0)1 White genocide -2.33**%*(0.24) -2.39*** (0.26)
0.91** (0.38) 0.61 (0.60) 0.61 (0.40) 1.38** (0.54)

-0.60(0.36)  -1.07** (0.55) 7.83%** (0.06)  7.87*** (0.07)

cancer_research -1.06*** (0.33) -0.90 (0.49) 1,671 1,671
1.22***(0.27) 1.78*** (0.29) 14,73%** 16.77%**
-2.02***(0.33) -2.23***(0.39) 0.12 0.13

awareness -1.36*** (0.40) -1.71** (0.78) -C TR LS 0.11 0.12
Note: *p <.1, ** p <.05, *** p <.001
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