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Outline

* Review some studies designed to use social media data to investigate
psychology issues

* Summarize the common procedure of doing a study with social media
data

* Demonstrate how the computational text analysis can be applied to
dealing with social media data to answer psychology questions, with
the gender differences as the example



Social media as new source of human data

* Psychologists have been trying to understand the human mind via
observable behaviors, including responses in the laboratory
experiments, for the items in questionnaires, physical activities in a
task, etc.

* Nowadays, people are used to sharing their lives on social media,
directly or indirectly exposing their feelings, emotions, attitudes, or
opinions to public events, etc.

e Social media become a new source to observe human behaviors
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Emotional contagion through social networks |

* Kramer, Guillory, & Hancock Results
(2014) (Facebook data-science team) &

B Control
O Experimental

e Subjects: 689,003 Facebook
users
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Emotional contagion through social networks |

* Coviello et al. (2014) _ Result

* Collected posts of Facebook <s , E
users in the 100 most popular if ) T
US cities from January 2009 to fmj "
March 2012 :.
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Direct effect: negative posts due to rainfall

* The pOSItIV.e rate and negatlve Indirect effect: negative posts due to the
rate of their posts as DVs negative posts of friends
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Facebook likes predict personal attributes |
 Kosinski, Stillwell, & Graepel. (2013)

* Use myPersonality application on Facebook (Kosinski & Stillwell,
2011) to collect data

 Got 58,466 Facebook users’ authorization to use their data on
Facebook for research purpose



Facebook likes predict personal attributes |l

Procedure: Results
&

Prediction Model Single vs.
In Relationship

Satisfaction with Life

Using Logistic or Linear Regression
T 1 e T (with 10-fold cross validation) Parents together at 21 e
ntelligence 0.78
g e.g. age=a+B1 C1 +...+ BnCioo
i-21 3
Predicted variables Smokes Cigarettes Emotional Stabili
L MR el [ p| Userids 7 .. -9 Facebook profile: age, gender, politi- motional Stability 0.68
§ User2 10/ B3| P55 BX % User2 3 -4 .. -2 cal and religious views, relationship
©of| User3 1 0 .. O G| Usersi=611" .0 147 status, proxy for sexual orientation, Drinks Alcohol
< & I i i S| ) e e social network size and density Agreeableness
B usern1 1 .. 0 Bl usern12 1 .. -6 Profile picture: ethnicity
Uses drugs

Extraversion 0.75

Survey / test results: BIG5 Personali-
User — Like Matrix User — Components Matrix ty, intelligence, satisfaction with life,

(10M User-Like pairs) substance use, parents together? Caucasian vs.
African American
Conscientiousness 0.7

Christianity vs. Islam

Main Findings: Facebook likes can predict

Openness

sexual orientation, ethnicity, religious, and political P oo

. . . . . . ) Density of
views, personality traits, intelligence, happiness, use of Goy Rlndatip nebio
addictive Substances, parental separation, age, and Lestion Facebook rends

Age

gender. i

1 1 1
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Pearson Correlation Coefficient

Ll
0.50
Area Under Curve

All p values are significant

T T
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Aging positive effect |

* In the aging study, it’s often found that the elder people are positive
toward lives than the younger people do

* Kern et al. (2014) collected 74,859 Facebook users’ status updates via
myPersonality application

* Analyzed the word usage for different age groups



Aging positive effect Il

1.  Preferred words differed among age groups

2. Sodid the topics

3. The elders preferred using positive emotional words
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Ssummary

* Social media as a huge data base contain various behavior data for
psychological research

* The digital records (e.g., likes, words in posts) can predict many
human attributes, such as personality, age, gender, etc

* However, causality between variables cannot be established via social
media research

* Also, research ethics issues need to be addressed
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Generic procedure for social media research

Step 1: Collecting Data

vIo
in
11

Web Crawler

p S
Remove unrelated HTML codes
- Turn emojis to words

Step 2: Data Preprocess

Chinese Word Segmentation

"
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Computational text analysis |

* Closed vocabulary analysis (mostly used in Psychology)

e LIWC (Language Inquiry and Word Count)

CLIWC (Chinese version of LIWC)

A dictionary sorting out words by psychological and linguistic attributes

More than 71 word catalogs, including positive emotional words, negative emotional
words, cognitive words, etc.

Normally, researchers recode texts as the distribution over (C)LIWC words

* Top-down style
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http://liwc.wpengine.com/
https://cliwc.weebly.com/

Computational text analysis |l

e Closed vocabulary analysis (mostly used in Machine Learning)

Bottom-up style

Extract out the keywords/topics from texts by algorithm

TF-IDF (Term Frequency-Reversed Document Frequency): Extract out the words best
representing the texts controlled by word frequencies in corpus

Stylometric analysis: Extract out the words best representing the style of the author

LDA (Latent Dirichlet Allocation): Summarize the topics (a bag of words) underneath
the texts
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https://monkeylearn.com/blog/what-is-tf-idf/
https://en.wikipedia.org/wiki/Stylometry
https://en.wikipedia.org/wiki/Latent_Dirichlet_allocation
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A Text Analysis Approach to Analyzing Gender Differences in
Breakup Posts on Social Media

Lee-Xieng Yang"” and Ching-Fan Sheu®

A Test Analysis Approach to Analyzing Gender
Differences in Breakup Posts on Social Media

Lee-Xieng Yang Ching-Fan Sheu
National Chengchi University National Cheng-Kung University



Main goals of this study

* Methodological goal:

* Compare the closed and open vocabulary analysis on the accuracy of
predicting the gender of authors via their breakup posts

* Theoretical goal:

* Understand the differences between male and female on their posts about
their romantic breakup
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Target Social Media: Dcard [}

* The biggest anonymous social media in Taiwan
* More than 4 million registered users (about 60% male and 40% female)

* Anonymity
* No user name, ID, or IP is accessible

. Butblt_Jser gender is public information and school information can be chosen to be
public

* None of the users could be identified by researchers

e Easy to identify breakup stories
* Breakup is a category of the posts on the relationship forum
* PTT or Facebook provides no such a tag for each article
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Some examples
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Demographic Data of Posts
* Data collection time period: February 1 —June 8, 2017

* Base rate of genders (N=1,311)
* Female vs. Male =71% : 29%

* Mean length of article
* Female vs. Male = 257.29 words : 255.53 words (t = 0.10, p = .92)

* Mean received comments
* Female vs. male = 18.98 comments : 18.18 comments (t =0.23, p = .82)
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Preprocessing: Chinese Word Segmentation

* In English, a word can be easily
identified in a sentence by
spaces

A relationship breakup, often referred to simply as a breakup, "l is the
termination of an intimate relationship by any means other than death. The act is
commonly termed "dumping [someone]" in slang when it is initiated by one
partner.[citation needed] The term is less likely to be applied to a married couple,
where a breakup is typically called a separation or divorce. When a couple
engaged to be married breaks up, it is typically called a "broken engagement".

* In Chinese, there is no space
within a sentence!

BEZNREIS R > BRAMERMZBERSAZHA—1K > F—EKNEER - F—KNE
EE o EERRAXIVINEZECERFIERNBRBENLT » MABREESH - FBSER
HEtmaEE - HBFHFRIEE - PIRKEEMZEINAS BCAISRBEZMNIEERTL -

We used Jieba (open sourgé project for text
processing) to do word segmentation

RN R AR
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Closed vocabulary analysis: CLIWC

Regress gender on probabilities of CLIWC categories

1

. _ freipost
Pipost length(post)’

y = 1 for female and 0 for male

Model 1 Model 2 Model 3 Model 4
Predictors 10 \FEC4 | 129F AdE T | Model 1+ | All 70 word
=d] - £= Model 2 categories

But the personal pronouns are not only used in

break-up posts!

Accuracy .85 g1 72 g2
AlIC 1067 1559.2 1569.4 1600.6
df 1300 1298 1288 1240
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Open vocabulary analysis: Stylometric analysis

BN i ;;,{%5 » M @%% ﬁ“”"?
%%ﬁﬁﬂﬁk% W "‘F‘Lﬂihk\%%guﬁ @éb%ﬁ%& B 7)) 7)7{ ﬁﬁi};g 9.
|ﬂT&L%P\ A ]:EI 51%51%1@%%& Jg) % K B e TR =g %Jo?
o IR %’ﬂw fﬁﬁ% ﬁ%mﬁ B
ujiﬁli”(“’g’? 7‘% 5@1 XA R if%ﬁfgﬁ Fi j ,{LZ“? /@'SL’&%%
g <LHHLIEH% o R MR g L S 8
B @zm e i g I o

i—’i% ?J{Ebl{}?w'cl‘}fﬂ 1 ﬁﬁﬁ% jgﬁig HEE 7

Female: 695 Words Male: 811 Words
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Performance of Open Vocabulary Analysis

Again, gender is regressed on the
keywords for the authors. 1600 10

1500 1 \

The prediction accuracy increases,

as the proportion of keywords chosen

in the model increases (from top 1% ¢
to top 19%).

Even the worst performance of open vocabulary

analysis outperforms the performance of closed
vocabulary analysis with all LIWC categories as

predictors.
However, this does not result from 1200 4 Tees
the increased number of parameters, e Ny
as the AIC decreases all the way down. 005 010 015

Rate
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Summary for Comparison between Two
VVocabulary Analyses

* Open vocabulary analysis is better at extracting the key features of
texts than closed vocabulary analysis

* However, what psychological aspects do those keywords actually
reflect cannot be revealed by open vocabulary analysis



Combining open and closed vocabulary analysis
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Conclusion for now

* Open vocabulary analysis is better than closed vocabulary analysis at
extracting key features of text

* However, closed vocabulary analysis can provide psychological
explanations to the keywords of text

 The combination of these two types of vocabulary analyses leads to a new
research framework for text analysis

* In breakup posts, both genders make self exposure on the aspects of
cognitive and social processes. However, only females have the expressions
of emotion and affection as the focus



Gender Differences in Topics of Breakup
Posts on Social Media with Topic Model

Lee-Xieng Yang Ching-Fan Sheu
National Chengchi University National Cheng-Kung University



Goal of this study

* In this follow-up study, we tried to further extract out the contents
instead of words from the breakup posts

* To this end, hierarchical Dirichlet process mixture model (HDPMM)
would be applied to extract the topics from the posts

* As a comparison baseline, TF-IDF would be applied to extract the
keywords from the posts



Demographic Data

Posts collected in between March 3 and July 16, 2019
* In total 25,000 posts, 4,142 posts were tagged with breakup

Gender ratio
* There were 1,417 male posts and 2,725 female posts
* The gender ratio is about 1 : 2 for males vs. females

Mean number of words per post
 Male vs. Female =287.75:279.75 (t = 0.73, df = 4,140)

Parts of speech

* No gender differences on the numbers of nouns, adjectives, adverbs, verbs, auxiliaries, and
intonations
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TF-IDF results: Word cloud in Chinese

Male Female

ke Bt ﬁgﬁ ke 3 ‘ﬁ%z{g‘

b Wﬂ% Fﬁ Elg ﬁ?fiﬁﬁ ﬁﬁ %j‘,@ﬁigﬂ: ‘5; -
fﬁ ‘)5 F i "Iﬁz
% s Q, dﬁi\‘iﬁ JLF%%# % *"’ & Fcﬁ R

The overlapping rate between two genders is 45/50 (90%)
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TF-IDF results: Word cloud in English

Male Female
o tact %t
w.......“ ‘..LEZ,“”“‘ ‘90/ e telephone & b ﬁfl‘robf‘ém % fa,...-..e,

ms;*:;zz‘f- sh ,rf%m ,,i"” 1('11'1 % >
personality care o
ow ords l rle \‘\C
"'“stlmlng e g L sol:::;as
® school leg relationsh hip emonogan 't @ aa¥® / @ school
feelln & chafice”

o meet up ,......messagew f‘,p 60
0“ cu(p)ell'lgllceel long distance  dialogue
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Ssummary

* There are 45 out of the 50 most frequent key nouns shared by two
genders

* There is not too much difference between male and female in terms
of the most frequent words

e Could it be possible that the gender difference does not result from
the words being used, but the way of organizing those words?

Workshop for CUHK 2021.08.12
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Topic Model

* A topic is a bag of words

* A topic represents a probability distribution of words
* Could the gender difference be revealed in the level of topic?

e LDA (Latent Dirichlet Allocation) is often used to summarize the topics
of texts

* However, how to determine the number of topics is an issue and both
genders presumably should have some overlaps on breakup topics

e Hierarchical Dirichlet process mixture model (HDPMM) is used instead

Workshop for CUHK 2021.08.12 32



Method

* Instead of the key nouns, we simply used all 7,345 nouns as our
target

* The probability of each noun occurring in each gender’s posts was
computed as the frequency ratio of it over all nouns

* There were 7,345 data points for each gender

* Modeling with HDPMM



HDPMM

e Each gender’s data points were modeled by the sum of a family of
Beta distributions weighted by Dirichlet process

* Those Beta distributions were generated from the base measure G;

* The base measure G; itself was also generated by a Dirichlet process

Hierarchical Beta Dirichlet Mixture Model

Settings for modeling

vij~F(6:}), i: data point
j = 1: male and 2: female
0ij~Gj, .
a;: concentration parameter

G; ~DP(aj, GO), y:top—Ilevel concentration parameter

F:weighted sum of Beta distributions
GO~DP()/J H)

Prior parameters fory : 2 and 4

Prior parameters for a : 2 and 4

Hyper prior parameters for G,: 1 and 0.01
Metropolis Hastings jump size: 0.1 for each
parameter

lterations : 100



Topics Generated by HDPMM

Modeling result: 10 topics generated for male and 9 for female

Parameter Topics
Male

1 2 3 4 5 6 7 8 9 10

7 022 046 056 031 033 029 0.25 032 042 0.35

146 2.02 180 237 206 170 169 231 183 1.69

Female
1 2 3 4 5 6 7 8 9 10
U 0.22 046 056 031 033 029 025 0.32 042
v 146 2.02 180 237 206 170 169 231 1.83
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Distributions of Topics

One common topic for both genders Two specific topics for each gender

Mean Probabilities of Top 30 Nouns

D
Male II \\ 3 4 8 7 9
1 2 3 4 5 8 7 ;8 19 10 M 007  .0006 .001
Word Num 121 77 55 140 155 101 440 Il 4357 : 1847 52 E 001 002 009
Female || I
1 2 3 4 5 6 7 \ 8 I9 10
Word Num 31 114 485 1310 24 28 15 \‘ 527§I 63
'/

Workshop for CUHK 2021.08.12 36



Words of The Common Topic in Chinese

Female

&ﬁﬁ
T Hi 4 A

?‘;gn.n % ﬁm“

weili ﬁ%@r*

ﬁ#ﬁs‘ﬁ‘? e{é\

Mean Probability = .007 Mean Probability = .009

The overlapping rate is 18/30
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Words of The Common Topic in English

Male Female

tej
f‘phr)ne quar rel = gi"ﬁ'ie

f \\\\‘ emutlﬁnb - beart feel i ?llutlocll
am ause
g,
cell phone “Q way t‘!ommlng w stsg
s e rlen

chance

story

het lnt‘eel ® dayscan't
'"‘\\\ love 6;;-3 tlme\'
2 meet up ull phone t
long dlstance qlleS lOll
Mean Probability = .007 Mean Probability = .009
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EFA for Words in Common Topic

GOCr
7

0.5

0.

0.3

4
0.3

o

3

0.3
N 0.4
SRCRC
N 0s

4
AN

—

N 05 \)\
0.4

0-5 0.5 0‘5
feeling || question
angry

0.6 3
06 03 o4 0.5 04 \\\ 03
A Y N '
at that time || time || home 04 telephone || message s/he
/ J 0.4 0.3
DN VN
families || can’t || thing || stress emotion || mood
RMSR =.02
RMSEA = .024 The breakup stories of college students in Taiwan can mainly be described in respects of
TLI=.91 background (F1), stress from other people (F2), communication (F3), mood (F4),

feeling for the partner (F5) and negative emotion (F6).
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Words of Specific Topics of Males in Chinese

Topic 7 Topic 9

Mean Probability = .0006 Mean Probability = .001
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Words of Specific Topics of Males in English

Topic 7 Topic 9

Mean Probability = .0006 Mean Probability = .001
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Words of Specific Topics of Females in Chinese

Topic 3

Vi

Mean Probability = .001

Topic4

5 g 1 ﬁ
: Er:ﬂ)‘,ﬁ‘\& ﬂe %g
BN

Mean Probability = .002
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Words of Specific Topics of Females in English

Topic 3

Mean Probability = .001

Topic4

PO {i“‘q

e ‘9 mmmmmmmmmmm

oti conipanion
C‘assmateglf background I

relatii‘fﬁshlp

money «ousin Tt Space d bJe( live

colteague ] 11 )0
contact

Mean Probability = .002
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EFA for Words in Female-Specific Topic

RMSR =.02
RMSEA =.018
TLI = .88

1 07 /

sick ‘

0.4

0.8

0.3

0.3
0.6 0.4 ﬂ
0.4
colleague mmd/ l
breakfast companion

Two particular aspects are suggested for females.
1. Sentimental aspects: F3 and F6
2. Social comparison: F5 and F8
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Conclusions

* Gender differences in breakup posts on social media can be revealed
in the topic level not the word level

* The common topic between males and females suggests the factors
of breakup stories in Taiwan, including the stress from other people,
communication, mood, feeling for partner, and negative emotion

* The female-specific topic particularly shows the factors of sentiment
and social comparison
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