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BENE: (957

BR(EZ3
m 2023~ LERERT EFSFREMRXRR BHEEUR
m 2021~2023 ZNIEFAE BURFRSARER #HD

HEBR

m 2015~2021 ZIIEKRE BIBER Bt =EEL2W5E
m 2008 ~2015 FHAEF EfRXREZFR AR, it




A5

XEW&HE (2%, B2. BEFf)

The Filibuster and Legislative Discussion Journal of Politics
Particularism or Policy Political Research Quarterly

Direct Appeals of First Ladies Presidential Studies Quarterly
Interbranch Messaging Presidential Studies Quarterly

U.S. Ambassadors and Home-State Trade World Politics
Moderates on Capitol Hill

ESE S

® Primaries and Congressional Polarization
L %Eﬁﬁ'ﬁilﬁ**

® [FIERSi%k: EBZ} RUZEZIR

FREXF
o EESLEEHI (HAEFSHIA)
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m Evidence-based: EED1T. ERER. EMNXADHT

n 73,54k

- BFIcERE

- BERE

n EEFES%itT Math and Statistics

ITE SRS Computational Social Sciences
ElSyaxs Linear Models
BEAIAMEGTT MLE/Model Based Inference
ERI SR HEHT Causal Inference (Hong + Grimmer + Fowler)

SN ARSI Text-as-Data

m Fi%Z: (EEWRRLAI ERERD
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§ {i% book- length e 5 g QUANTESS
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researchers "
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» statistical
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HTF#1885> (machine learning) BIN A1 (Text as Data)

m &I (Discovery)
m I (Measurement)
m EER#ERT (Causal Inference)

NeEFIENADITREX, BINERREEFRME.

* 422 HBt Justin Grimmerf{Text-as-DataiEFg
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ISR, XADHT (Text-as-Data Methods) J53¢kX

m 20005 2H0:
(0.170/5%%21(5)
zﬁﬁ%—)&—ﬁ
ITTENEIEARE

m 2000EZ7f5:
- {EE (2023: << $0.0001 / mb)

- s
BECLIDALEPN

A Y el Justin Grimmer | Margaret E. Roberts | Brandon M. Stewart
- Al (ChatGPT, XL —E%)
.

v RGER DTS A SRR /IR BE




It LBE?

s ISEFER, NFLEAE

- AE

- R4

- RiE

- 1RESED]

- e

- BGARKS

- Twitter/X

u I?’ﬁﬁ%ﬁj(, /n;lm(.lﬂl
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MURRESZFEEK (not just for “big data”)

n FEIB100 I TR
- Bell(n) = BAPMXHESBERBS
- Bell(2) = 2 (AB, AB)
- Bell(3) =5 (ABC, AB C,ABC,AC B,AB C)
- Bell(5) = 52
- Bell(100)
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MURRESZFEEK (not just for “big data”)

n FEIB100 I TR
- Bell(n) = BAPMXHESBERBS

- Bell(2) = 2 (AB, AB)

~ Bell(3) =5 (ABC, AB C,ABC, AC B, AB C)

- Bell(5) = 52

- Bell(100) ~ 4.75 x 105

FE700 5/ EhH W=sZFEI 5 EWRE
T{ENNERINRR (24/7/365) XJF/)\ el 5,

~ 1.54 x108 x (14,000,000,000) &  #+oEH!
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n ISR (TEAIAU Natural Language Processing (NLP) |
FirE. BEF. HSRFEF, SKRIELRZF

il

» SEFOHOBISIADY, HEETHE
(REN B AR )

s XADHEBSFHMCINA, EE2NARPITHA
(King, Pan, Roberts, 2013, APSR)

s FAEESEFAEINEE, MO TTHIRIEIEEKAE

n BE, —BR(HENXFEWREF, FHIRCEE—HR




EZI:*E}-E, [T

m (text) corpus a large and structured set of texts for analysis
m document each of the units of the corpus (e.g. a FB post)
m tokens any word — so token count is total words

Document 1: A corpus is a set of documents.

Document 2: This is the 2nd document in the corpus.

This is a corpus with 2 documents, where each document is a
sentence. The first document has 7 tokens. The second has 8 tokens.




EZI:*E}-E, [T

m stems words with suffixes removed (using set of rules)

m lemmas canonical word form (the base form of a word
that has the same meaning even when different
suffixes or prefixes are attached)

word win winning  wins won  winners
stem win win win won winner
lemma win win win win win
m stop words words that are designated for exclusion from

any analysis of a text, e.g., a, an, the, it, be,
because,




BUHASME Preprocessing

One (of many) recipe for preprocessing: retain useful information

Remove capitalization, punctuation

Discard word order (Bag of Words Assumption)

Discard stop words

Create Equivalence Class: Stem, Lemmatize, or synonym

Discard less useful features (depends on application)

o ok wh =

Other reduction, specialization




Z&M5l] . Gettysburg Address

» BRETEEY, STANT HERGT 1863511 B19EERS A
BN B AR — RS E

 ORER SRR AR S EA B HHTH,
B R AR A R TR T

» BRIFEEMUEEE RUNBANSETES, 264
27205, HIXIZEE BRI T SRR




Original Text

Now we are engaged in a great civil war,
testing whether that nation, or any nation so
conceived and so dedicated, can long endure.




Remove capitalization, punctuation
Discard word order (bag of words)

now we are engaged 1n a great civil war
testing whether that nation or any nation so
concelved and so dedicated can long endure




Discard stop words

engaged great civil war
testing nation nation
conceilved dedicated long endure




Keep the word stems

engage great civil war
test nation nation
conceive dedicate long endure




Count vector: each element
counts occurrence of stems

engage great civil war
test nation nation
conceive dedicate long endure

unigram civil conceive dedicate endure engage great long nation test war

count 1 1 1 1 1 1 1 2 1 1




How Could This Possibly Work"?

Speech is

m Ironic or Sarcastic:

- I'm absolutely confident that Joe Biden is in
perfect health and will easily make it to
November.

m Subtle in negations:
- Hope this is not inappropriate,
- I ain’t got no mood tonight.

m Order Dependent:
- Peace, no more war

- War, no more peace




How Could This Possibly Work"?

Three answers

1. It might not: Validation is critical (task specific)

2. Central Tendency in Text: Words often imply what a text is about
- war, civil, dead, died, lives, nation

- Likely to be used repeatedly: create a theme for an article

3. Human supervision: Human judgement (coders) helps methods
identify subtle relationships between words and outcomes of
interest




NASHEBRFHERGA

m &I Discovery
- FFER Topic Models

m II& Measurement
- FHIFA Dictionary Methods

FEF KESREELGARIFRIN A"




F =R

s FRUREI RN N AR TR
n BRR RN AR ER

m Latent Dirichlet Allocation (LDA) E—fttikimiTAIERiREY
- Unsupervised

- It treats each document as a mixture of topics, and each
topic as a mixture of words.




Latent Dirichlet Allocation (LDA)

Seeking Life’s Bare (Genetic) Necessities

COLD SPRING HARBOR, NEW YORK—
How man{géf@8foes an organism need to
Sur Last week at the genome meeting
here,* two genome researchers with radically
different approaches presented complemen-
tary views of the basic genes needed for lif
One research team, using computer analy-
ses to compare known genomes, concluded
that today’s organisms can be sustained with
just 250 genes, and that the earliest life forms
required a mere 128 genes. The
other researcher mapped genes
in a simple parasite and esti-
mated that for this organism,
800 genes are plenty to do the
job—but that anything short
of 100 wouldn't be enough.
Although the numbers don't
match precisely, those predictions

* Genome Mapping and Sequenc-
ing, Cold Spring Harbor, New York,
May 8 to 12.

“are not all that far apart,” especially in
comparison to the 75,000 genes in the hu-
man genome, notes Siv Andersson of Uppsala
University in Sweden, who arrived at the
800 number. But coming up with a consen-
sus answer may be more than just a genetic
numbers game, particularly as more and
more genomes are completely mapped and
sequenced. “It may be a way of organizing
any newly sequenced genome,’ explains

Arcady Mushegian, a computational mo-
lecular biologist at the National Center
for Biotechnology Information (NCBI)
in Bethesda, Maryland. Comparing an

Radundant and Related and
Ganes parasite-spechc modern genes
reeded genes removed removed
for blochemical - 4 genes ~122 genes

ie

Ancastral
gene set

Stripping down. Computer analysis yields an esti-
mate of the minimum modern and ancient genomes.




F =R

s TRUREEIMSIE, 080 (unsupervised)
- (Vanilla) Latent Dirichlet Allocation (Blei, Ng, and Jordon 2003)
- Structural Topic Models (Roberts, Stewart, and Tingley 2017)

m BI5ERY (supervised)
- Keyword Assisted Topic Models (Eshima, Imai, Sasaki 2020)

s FEHRBIRORIENTIANER DX (K) |, NEFTERRISEE

(prevalence) , B8 NI SE (frequent words)




FH75,% Dictionary Methods

tean, MEFZRE:

n PMERARZRER?
n —EHIRBREKR??
m —PMwitterIBEF S HRER?

A TTLAR=E2757% (Dictionary Methods)
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FH5,% Dictionary Methods

Dodds and Danforth (2009) SXF=FH 5 ANERE

m Affective Norms for English Words (ANEW)

m On a scale of 1-9, how happy does this word make you?
- Happy : triumphant (8.82), paradise (8.72), love (8.72)
- Neutral: street (5.22), paper (5.20), engine (5.20)
- Unhappy : cancer (1.5), funeral (1.39), rape (1.25), suicide (1.25)

m Happiness for text i (with word j having happiness 6; and document
frequency X;; )
J
2j=1 9%

J
¥ X

Happiness; =
ij




5;% Dictionary Methods

/HE
L\

Lyrics for ANEdW e i :
Michael Jackson's Billie Jean ekt = |.. 2 Ui S
” , k=1. love 8.72| |1 Utext =
She was maore ||ke a hf_,‘l-llltjf' queen 2 mothe( 839 1 T ;'1
from a movie scene. 3. baby 822 I3 ¥
: 4. beauty 782 |1
And mother always told me, 5. truth 7.80| |1 v
be careful who you love. 6. people 7.33) |2 () —
y . 7 strong 7.11 1 ‘ Sillie Jean 71
And be careful of what you do i i 689 |2
cause the lie becomes the truth 9. girl 6.87| |4 U = 6.3
Billie Jean is not my lover, 10. movie 6.86 |1 ——
She's just a girl who claims }11) perfume gzg i ’ =
queen ‘ Michael — .
tfz\at | am the one. 13 name 555 |1 _|af:k'::.r
14. lie 279 |1




FH75,% Dictionary Methods

/_’)}‘{L g C 2

/%ol-nﬂﬂj Z’/chu:,

z 'Z/’é‘z«—nj 72/'4?/‘)

AR
iy 7~ 4,_:(_
/

GUESS: The happiest song on Thriller?

P.Y.T. (Pretty Young Thing) (This is the right answer!)




é1§” %_;EA5E17¢ (Fu and Savel 2020)

PRESIDENTIAL STUDIES CENTER FOR THE STUDY

QUARTERLY On T PR IDENY
Article = & Full Access

Policy without Partisanship: The Direct Appeals of First Ladies

Shu Fu %4 Meg Savel

First published: 10 September 2020 | https://doi.org/10.1111/psq.12678




é1§” %_;EA5E17¢ (Fu and Savel 2020)

n ARER: F—RAEEEBRaTETAFNAR? 55—
RAIMAI S RARDIE?

n BRWR: A2, FEAE, apolitical, hostess

m FTEVEEIS: \
- F—XRAMICHEER, go personal
- F—KRAINLBER, go purple
- "BHRIREE, KARAR"

n HIE: F—RARMBLTEHR (N=1,264)
- R TEARER
- SRR
- KEUR-HEB5

m /5;%: LDA + Dictionary




ZAERTHAAME

BEEN AT ITHIARE:

Preprocessing

n ERTEHREATHIRS

s NiEIRR. BFNEMGS

n EEUNE

n REBIER

m Kigstop words (a, an, the, he, she, ...)
n EEBFERBTENAE

- "'mr’, “'mrs”, “ms”, “obama’, “barack”, “michelle”, “audience’,
“laughter”, “applause”, “ve”




HUERIEAALE Preprocessing

y4 MichelleLauraClintonRemarks:
z[4] = re.sub(r'[\n]', ' ', z[4])
z[4] z[4]. lower()

z[4] = re.sub(r' Y, 'Y, zl4])
z[4] = word_tokenize(z[4])

z[4] - map(pt.stem, z[4])

Z MichelleLauraClintonRemarks:
z[4] [x X z[4] X stop_words_stemmed]

y4 MichelleLauraClintonRemarks:
bigrams - nltk.bigrams(z[4])
z.append(bigrams)

Z MichelleLauraClintonRemarks:
temp - map(bituple, z[5])
z.append(temp)




LDA

Document-Term Matrix

Most frequent 2000 unigrams + 200 bigram

year month day speaker abil abort abroad absolut abus academ 21st centuri african american america treasur
2012 Nov 3 MichelleObama 0 0 0 3 0 0 0 0 0
2016 May 17 MichelleObama 0 0 0 6 0 1 0 0 0
2010 Jul 7 MichelleObama 0 0 0 0 1 0 0 0 0
2010 Jun 4 MichelleObama 0 0 0 0 0 0 0 0 0
2012 Oct 10 MichelleObama 0 0 0 3 0 0 0 0 0
2011 Jan 28 MichelleObama 1 0 0 0 0 0 0 0 0
2013 Apr 23 MichelleObama 0 0 1 2 0 0 0 0 0
2013 Sep 12 MichelleObama 0 0 0 0 0 0 0 0 0
‘ 2011 Mar 15 MichelleObama 0 0 0 1 0 0 1 0 0

MLHout prepDocuments (MLHdocuments, colnames(MLHdtm2))
MLHstm.out stm(MLHout documents, MLHout vocab, K — 11, init

MLHtopic labelTopics (MLHstm.out)

apply(MLHstm.out theta, 2, mean)

'Spectral')



LDAZEER . Go Personal

Topic Modeling for the First Ladies (1993-2016)

Health Care - health.care, care, health, system,
insur, heart.diseas, child.care
Global Health cancer, breast, breast.cancer,

afghanistan, afghan, malaria, diseas

Healthy Living - food, obes, healthi, eat, healthier,
nutrit, childhood.obes

Literacy teacher, youth, read, adult, teach,
america.youth, program, cathol
Higher Education - colleg, graduat, class, high.school,
didn, high, feel, princeton, counselor
peac, global, democraci, villag, girl,
societi, africa, microcredit, girl.learn

Girls and Education -

art, music, artist, millennium, perform,
celebr, exhibit

Arts 1

[II\IW'

National Parks Programs - librari, nat.ion.park, preserv, park,
treasur, histor, preserv.america
vote, elect, stake, fight, pay, folk,
economi, choic.face, job, day.1

Election

Hillary Clinton militari, veteran, militari.famili, spous,

. Laura Bush militari.spous, jill, deploy
[ vichetie Obama

Veteran Issues A

christma, santa, guy, yeah, tree, toy,
bye, reindeer, asleep, merri.christma

1]]

Christmas -

0.1 02
Topics Average Proportion Frequent Words

o
o
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FHIFA: “Fightin’ Words” &5

‘N

m R ESNEXTLER
u f’aﬁ’ZZ, —Iﬁ%&ﬁi ( ﬂ]) HH":A
(ERRYAETFERE (M) =iA.

m 13)2H Bigrams (two-word phrases)

n BV iR

phrase D R

tax loophol 2681 529
tax loss 173 173
tax lot 78 184




Standardized Log Odds (D - R)

EJI)L—?H 1‘” %/’"\'

Partisan Phrases, 114th Congress

° egun violenc
201 ° < .depart homeland °homeland secur
«° fossil fuel

@ |n|mumMa e

[ &ﬁut{alc sys em ° rank member

10
@ judiciari committe
eglcald © plan parenthoode year ago

Qnomi Ogverk hard

o presid offid YE@r © move forward
bin Opcreat fgb © hous repres © law enforc © health care

0+ "‘: T sTate Tosar TUCIeaT Weapom
wmncl

I Iﬁ) trade agréement

a .
ﬁrd% year o side a8l

WD O mber senat
o o ©0Yyear

| obamacar © men women
-107 5 ¢ justic scalia
0 o etaxpay.dollar
° south ako a
8 > white hous » small’busi
_20- -feder govern

°consent senat

e american pe(

Frequency of Phrases
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S B RIS

R =MH{E:
n IRERIRIZEZHE, INNY, (TEE—RABEH | TIKEE
J
Partisan Score; = ZIT 0; Xij
2 j—1 Xij

n BIREEER NG R

Partisan Score ; >0 EIFHx
Partisan Score ; < 0  HEf1m=f%
Partisan Score ; ~ 0




FHTEALSR: Go Purple

Partisan Score of First Ladies' and Presidents' Remarks (1993-2017)

2.57
speaker
e  WilliamJClinton
© HillaryClinton
® GeorgeWBush

o
o

© LauraBush

Partisan Score

® BarackObama

© MichelleObama

-2.5 1

1993 1995 1997 1999 2001 2003 2005 2007 2009 2011 2013 2015 2017
Time
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SCIENCE ADVANCES | RESEARCH ARTICLE

SOCIAL SCIENCES

How to make causal inferences using texts

Naoki Egami't, Christian J. Fong?t, Justin Grimmer®**t,
Margaret E. Roberts*®*t, Brandon M. Stewart’%*+

Text as data techniques offer a great promise: the ability to inductively discover measures that are useful for testing
social science theories with large collections of text. Nearly all text-based causal inferences depend on a latent repre-
sentation of the text, but we show that estimating this latent representation from the data creates underacknowledged
risks: we may introduce an identification problem or overfit. To address these risks, we introduce a split-sample
workflow for making rigorous causal inferences with discovered measures as treatments or outcomes. We then apply
it to estimate causal effects from an experiment on immigration attitudes and a study on bureaucratic responsiveness.

Copyright © 2022

The Authors, some
rights reserved;
exclusive licensee
American Association
for the Advancement
of Science. No claim to
original U.S. Government
Works. Distributed
under a Creative
Commons Attribution
License 4.0 (CC BY).




NS R SRR

s XAALMEATEZE, BALUFASEREE

P = T
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8 x,’

n (HAINADITAZ O 2R, IEES5ERIIREE
m [EERNTTEEIT— 1 gREL, tBFRcodebook function
- tbhn, FEEREY
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gEREY, PRERIMNAEBIERIZ X (latent representation)

gRERE AT LIS B AR

9335 Categorical . - ‘
- Eaﬁﬁj\ﬁ‘ﬁ Mixed Membership :

=+

|
t|

- ZF—4H4F Binary Features
- ELRHFIE Scales

’
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m gERE, FMRERIINABERIEZ N (latent representation)
n gRREAT LIS EIARERIZZ

- 933 Categorical : '
- FE9 % Mixed Membership

- ZF—4H4F Binary Features
- ELRHFIE Scales
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gEREY, PRERIMNAEBIERIZ X (latent representation)

gRERE AT LIS B AR

- 432X Categorical 00 O
- EF%5 % Mixed Membership . @ .

- T4 Binary Features |

- JEZHFIE Scales
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m gEREL, FBRERIINABERIR N (latent representation)

n gERERILUSEIA RN

325 Categorical
BRZ\

ys
FF5o % Mixed Membership
EE
%

—H

- E—4%FE Binary Features
SE4E4E Scales




SN R SRAERTAYIR 2N )

EREERIIIET, BRI TMF2EEHIHMIAYERL

m Fundamental Problem of Causal Inference with Latent Variables
(Egami, Fong, Grimmer, Roberts, and Stewart 2018)

- B} Analyst-induced SUTVA violation
- ToAERHERNSR, B A DAL EFHSRE SRR
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MBS Train-Test Split

1. BAF@lgRE, RIskAD
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YE—HEMSE Train-Test Split

1. BEEEIIZREE, AskAIN

2. RIIERERME gL, it
BN EUEFAER RN EE
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a4 ES Train-Test Split

1. BEEEIIZREE, AskAIN

2. RIIERERME gL, it
BRI A LR AR RN ERE

3. MWEWHgRET, FBCNEGTESR
RN :
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YE—HEMSE Train-Test Split

1. BAF@lgRE, RIskAD

2. RIIERERME gL, it
BN EUEFAER RN EE

3. WEFgREfs, FaNAGTEER

RN
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m Text as Treatment m Text as Outcome

SRR E AR AN S e R ? BERI AT TR A= mTIE]
(Fong and Grimmer 2023, AJPS) HZIE? (Franco, Grimmer, and Lim
2019)




CF%:'EH%E/‘J#_#; (Fong and Grimmer 2023)

m YouGov

m Survey equal # DEM, IND, REP: read Trump tweet + evaluate
(Great, Good, OK, Bad, Terrible)

m Treatment: a supervised topic model (Indian buffet)

m Outcome: Aggregate, create scale [-200, 200]

m Train (66%), Test (33%), clustered by tweet




CF%:'EH%E/‘J#_#:} (Fong and Grimmer 2023)

Treatment 1 Treatment 2 Treatment 3 Treatment 4 Treatment 5
40- 40- 40- 40- 40-
20- 20- 20- 20- 20-
)

[}
£
8 o0----------- O-pal e o O0—------===s O S i R e 0 Eam e |
2 1=
o

-20- -20- -20- -20- -20-

Party

TABLE 5 Words Most Strongly Associated with Treatments

Treatment 1 Treatment 2 Treatment 3 Treatment 4 Treatment 5
fake cuts obamacare flotus prime
news strange senators behalf minister
media tax repeal anthem korea
cnn luther healthcare melania north
election stock replace nfl stock
story market republican flag market
nbc alabama vote prayers china
stories reform republicans bless executive
hillary record senate ready prayers
clinton high north players order

Note: Latent treatments were obtained from a supervised Indian Buffet Process. The listed words are the most characteristic of the la-
tent treatment.




BHRN A FER I ERIE

(Franco, Grimmer, and Lim 2019)

m Treatment: BEMBREFREHILTHEH (going public)
m Outcome: EHRIGHNBFSHIFRUUNFREHRIE (text)

- 10 BIREE, A EHARIEMERE IR president
m Train (10%), Test (90%)




BERN AT INFTEIRIE

(Franco, Grimmer, and Lim 2019)

\

B DS ATEHNE ST AT EL

Effect on Approval

Overall — -1-

Adjusted — ——
Iraq War V (9/13/06) —
Unadjusted — -
Adjusted — 10—
Immigration (5/15/06) —
Unadjusted — -
Adjusted — ®
Iraq Threat, Gallup (10/7/02) —
Unadjusted — ®
Adjusted — —
Homeland Security (6/6/02) —
Unadjusted — — 1
Adjusted — ——
Nuclear Weapons (9/27/91) —

Unadjusted — —r—

f T T 1 I T 1
-0.50 -0.25 0.00 0.25

Average Treatment Effect l




BHRN A FER I ERIE

(Franco, Grimmer, and Lim 2019)

B REHIATRERENRAREEEERN, THEESHE1X

Appeal Effect

0.14 —

0.12 +\

o +\+/+—+—+/*/+

0.06 —
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