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Introduction
üSocial	networking	sites	are	powerful
üFacebook:	1.7	bi	monthly	active	users	in	2016
üTwitter:	317	mi	monthly	active	users	in	2016
üPeople	post	everything
üPromote	debates
üDemographic	information	is	challenge	to	obtain
üWhy	is	important	to	study	demographic	aspects?
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Motivation
üPerspective	of	Systems
üSociological	point	of	view
üLinguistic	Differences
üGender	and	Race	
Disparities
üGender	and	Race	
Inequalities

HTTP://JOHNNATAN.ME

üGlass	Ceiling
üNot	available	in	Twitter	API
üChallenge
üDesign	Transparent	Systems



Goals
üInvestigate	Inequities	in	Terms	of	Visibility
üInvestigate	Linguistic	Aspects	and	Topics	of	Interests
üCharacterize	Interconnections
üDesign	a	System	that	Provides	Data	Transparency

HTTP://JOHNNATAN.ME



Contributions
üClear	Insight	into	How	Groups	of	Users	Connect	in	Twitter
üLinguistic	Style	of	Writing	and	Topic	of	Interests	of	Demographic	
Groups
üInterconnections	and	Interactions
üWho	Makes	Trends?	Web-base	system
üPublished	Work
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Related	Work
üDemographics	in	Social	Media
üInequality	in	Twitter	Visibility
üDemographics	and	Linguistic	Analysis
üAlgorithmic	and	Data	Transparency
üRecommendation	Diversity
üFairness
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Demographic	Information	Dataset
üTwitter	Dataset

üCrawling	Demographic	Information

üBaseline	Dataset

üGathering	Tweets

üExtraction	of	Topics

üLinguistic	Measures

üGathering	Social	Connections	and	Interactions

üPotential	Limitations
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Twitter	Dataset
üTwitter	Stream	API
ü1%	Random	Sample
üJuly	– September	2016
ü341,457,982	tweets
ü50,270,310	users
ü6,286,477	users	from	U.S.	and	English	tweet
üTime	zone	filtering
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Crawling	Demographic	 Information
üProfile	Pictures	URL
üFace++	API:	Gender,	Race,	Age,	and	other	attributes
ü4.6	mi	users	discarded	(73.42%)
◦Users	changed	their	profile	picture
◦ Pictures.	do	not	have	a	face
◦ Pictures	have	more	than	one	face

ü1,670,862	U.S.	users	with	one	face

HTTP://JOHNNATAN.ME



Baseline	Dataset
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3.2 Crawling Demographic Information

Most of the existing studies related to demographics of users in Twitter have looked
into gender and age. Some efforts attempt to infer the user’s gender from the user
name Blevins and Mullen [2015]; Karimi et al. [2016]; Liu and Ruths [2013]; Mislove
et al. [2011]. However, some users may not use their proper names, consequently, their
gender could not be inferred properly Liu and Ruths [2013]. Others have attempted
to identify patterns like ‘25 yr old’ or ‘born in 1990’ in Twitter profile description to
identify the user age Sloan et al. [2015].

Here, we use a different strategy that allows us to study another demographic
aspect: the user’s race. To do that, we crawl the profile picture Web link of all Twitter
users identified as located within the United States. In December 2016, we crawled the
profile picture’s URLs of about 6 million users, discarding 4, 317, 834 (68.68%) of them.
We discarded users in two situations, first when the user does not have a profile picture
and second when the user has changed her picture since our first crawl. When users
change their picture, their profile picture URL changes as well, making it impossible
for us to gather these users in a second crawl.

From the remaining 1, 968, 643 users, we submitted the profile picture Web links
into the Face++ API. Face++ is a face recognition platform based on deep learning Fan
et al. [2014]; Yin et al. [2015] able to identify the gender (i.e. male and female), age,
race (limited to asian, black, and white), such as more attributes related to smiling,
face positions, glasses information from recognized faces in images. In this dissertation,
we focus on gender and race attributes.

We have also discarded those users whose profile pictures do not have a recogniz-
able face or have more than one recognizable face, according to Face++. Our baseline
dataset, also used by Chakraborty et al. [2017], contains 1, 670, 863 users located in U.S.
with identified demographic information. Table 3.1 shows the demographic distribution
of users in our baseline dataset across the different demographic groups. The phases
of our data crawling and the amount of data discarded on each step are summarized
in Table 3.2.

Table 3.1: Absolute demographic distribution of 1.6 million users in baseline dataset.

Race

Gender

Total

Male Female

Asian 120, 950 (7.24%) 177, 205 (10.61%) 298, 155 (17.85%)
Black 130, 954 (7.84%) 107, 827 (6.45%) 238, 781 (14.29%)
White 538, 625 (32.23%) 595, 302 (35.63%) 1, 133, 927 (67.86%)
Total 790, 529 (47.31%) 880, 334 (52.69%) 1, 670, 863 (100%)

HTTP://JOHNNATAN.ME

ü 1.6	mi	users
ü U.S.
ü 1	recognized	face
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Table 3.3: Demographic distribution of 304, 477 users with linguistic attributes. The
numbers in the parenthesis correspond to the Z-values.

Race (%)

Gender (%)

Total (%)

Male Female

Asian 7.07 (�3.85) 10.05 (�11.28) 17.12 (�10.90)
Black 8.17 (8.53) 6.74 (7.68) 14.91 (11.69)
White 32.88 (8.49) 35.09 (�7.69) 67.97 (1.20)
Total 48.12 (10.91) 51.88 (�10.91) 100.00

Table 3.4: Basic statistical description of null models. k = 100 samples with a popula-
tion of 304, 477 randomly selected users. We use confidence intervals of 95% confidence
level.

Demographic Mean Z-value S.D. Min 25-perc Median 75-perc Max

Male 144, 035.1± 44.86 10.91 228.88 143,544 143,883.00 144,054.5 144,156.50 144,680

Female 160, 441.9± 44.86 -10.91 228.88 159,797 160,320.50 160,422.5 160,594.00 160,933

Asian 54, 311.5± 39.17 -10.90 199.87 53,907 54,177.25 54,296.5 54,444.00 54,803

Black 43, 514.01± 31.72 11.69 161.85 43,196 43,380.75 43,503.5 43,633.50 43,887

White 206, 651.49± 46.82 1.20 238.91 205,921 206,490.25 206,666.5 206,789.25 207,110

Asian Male 22, 043.64± 26.24 -3.85 133.88 21,674 21,958.75 22,040.5 22,115.50 22,429

Asian Female 32, 267.86± 28.92 -11.28 147.56 31,900 32,153.50 32,262.0 32,371.75 32,667

Black Male 23, 857.98± 23.81 8.53 121.48 23,634 23,777.75 23,858.0 23,930.00 24,197

Black Female 19, 656.03± 21.82 7.68 111.34 19,342 19,585.25 19,660.5 19,737.75 19,944

White Male 98, 133.48± 45.61 8.49 232.73 97,538 97,995.25 98,130.5 98,297.50 98,623

White Female 108, 518.01± 43.04 -7.69 219.62 108,025 108,348.25 108,501.5 108,688.00 109,015

3.4 Gathering Tweets

We are interested in correlating linguistic features of Twitter users with demographic
information. We crawled the recent 3, 200 tweets of 304, 477 users for the purpose of
linguistic analysis. Table 3.3 shows the demographic breakdown of users in this dataset
across the different demographic groups. We can note a prevalence of females (51.88%)
in comparison to males (48.12%) and a predominance of whites (67.97%) in comparison
to blacks (14.91%) and asians (17.12%). This means if we pick users randomly in our
dataset, we would expect demographic groups with these proportions. Table 3.5 shows
the statistical descriptions of the number of tweets with confidence intervals of 95%
confidence level for each demographic groups.

3.5 Extraction of Topics

We extracted the information about topics of interests for active users using the Who
Likes What2 Web-based service Bhattacharya et al. [2014]. The produced topics are

2
http://twitter-app.mpi-sws.org/who-likes-what
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Table 3.2: Dataset construction

Phase Number of Users

Crawling 3 months of Tweets 50 million
Filtering U.S. users 6 million

U.S. users with profile image 1.9 million
Baseline: U.S. users with one face 1.6 million

Dataset 1: Recognized U.S. users with linguistic attributes 304, 477
Dataset 2: Social connections and interactions 428, 697

3.3 Baseline Dataset

In this section, we use the null model as a method to estimate the statistical significance
of the observed trend in the given data. We compare the distribution of random
samples created by the null model with the one of the original dataset and we measure
the statistical significance. This step is important due to some limitations to gather
all tweets and linguistic attributes for 1.6 million users. Therefore, to circumvent this
limitation, we prefer to randomly select 304, 477 users from the 1.6 million dataset
and show the statistical significance of this sub-dataset which we use to show results
regarding race and gender inequalities and linguistic patterns of Twitter users.

Table 3.1 shows the distribution of gender and race in the baseline dataset of the
⇡ 1.6 million Twitter users between July and September 2016. Additionally, Table 3.3
shows the demographic breakdown of the 304, 477 randomly selected users across the
different demographic groups. To construct a null model, we create k random samples
from the whole population (our crawled dataset with demographic aspects), where each
sample has exactly 304, 477 users. For each sample, we count how many asians, blacks,
whites, males, and females are included. Then, the ZWhite is computed as follows:

ZWhite =
|UWhite|�mean(|SWhite|)

std(|SWhite|)
(3.1)

where mean(·) is the mean and std(·) is the standard deviation of the values from
multiple samples. We use the same equation for the other gender and race aspects.
Table 3.4 presents a detailed description of the comparison with null model. Addition-
ally, Table 3.3 presents the demographic distribution of 304, 477 users with linguistic
attributes. The numbers in the parenthesis correspond to the Z-values.

Intuitively, when the absolute value of Z-value becomes bigger (either positive
or negative), the trend (more or less number, respectively) is less likely observed by
chance. In this work, the size of population is 304, 477, and k=100.

ü Limitations
ü 304,477	random	users
ü Null	model
ü 100	random	samples
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Table 3.3: Demographic distribution of 304, 477 users with linguistic attributes. The
numbers in the parenthesis correspond to the Z-values.

Race (%)

Gender (%)

Total

Male Female

Asian 7.07 (�3.85) 10.05 (�11.28) 17.12 (�10.90)
Black 8.17 (8.53) 6.74 (7.68) 14.91 (11.69)
White 32.88 (8.49) 35.09 (�7.69) 67.97 (1.20)
Total 48.12 (10.91) 51.88 (�10.91) 100.00

Table 3.4: Basic statistical description of null models. k = 100 samples with a popula-
tion of 304, 477 randomly selected users. We use confidence intervals of 95% confidence
level.

Demographic Mean Z-value S.D. Min 25-perc Median 75-perc Max

Male 144, 035.1± 44.86 10.91 228.88 143,544 143,883.00 144,054.5 144,156.50 144,680

Female 160, 441.9± 44.86 -10.91 228.88 159,797 160,320.50 160,422.5 160,594.00 160,933

Asian 54, 311.5± 39.17 -10.90 199.87 53,907 54,177.25 54,296.5 54,444.00 54,803

Black 43, 514.01± 31.72 11.69 161.85 43,196 43,380.75 43,503.5 43,633.50 43,887

White 206, 651.49± 46.82 1.20 238.91 205,921 206,490.25 206,666.5 206,789.25 207,110

Asian Male 22, 043.64± 26.24 -3.85 133.88 21,674 21,958.75 22,040.5 22,115.50 22,429

Asian Female 32, 267.86± 28.92 -11.28 147.56 31,900 32,153.50 32,262.0 32,371.75 32,667

Black Male 23, 857.98± 23.81 8.53 121.48 23,634 23,777.75 23,858.0 23,930.00 24,197

Black Female 19, 656.03± 21.82 7.68 111.34 19,342 19,585.25 19,660.5 19,737.75 19,944

White Male 98, 133.48± 45.61 8.49 232.73 97,538 97,995.25 98,130.5 98,297.50 98,623

White Female 108, 518.01± 43.04 -7.69 219.62 108,025 108,348.25 108,501.5 108,688.00 109,015

3.4 Gathering Tweets

We are interested in correlating linguistic features of Twitter users with demographic
information. We crawled the recent 3, 200 tweets of 304, 477 users for the purpose of
linguistic analysis. Table 3.3 shows the demographic breakdown of users in this dataset
across the different demographic groups. We can note a prevalence of females (51.88%)
in comparison to males (48.12%) and a predominance of whites (67.97%) in comparison
to blacks (14.91%) and asians (17.12%). This means if we pick users randomly in our
dataset, we would expect demographic groups with these proportions. Table 3.5 shows
the statistical descriptions of the number of tweets with confidence intervals of 95%
confidence level for each demographic groups.

3.5 Extraction of Topics

We extracted the information about topics of interests for active users using the Who
Likes What2 Web-based service Bhattacharya et al. [2014]. The produced topics are

2
http://twitter-app.mpi-sws.org/who-likes-what

HTTP://JOHNNATAN.ME

ü 95%	confidence	level
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Table 3.5: Basic statistical descriptions of number of tweets with confidence intervals
of 95% confidence level.

Demographic Mean Median Max

Male 11, 624.76± 109.40 3, 874 1, 683, 948
Female 12, 933.40± 105.89 4, 885 1, 132, 964
Asian 14, 020.92± 183.73 5, 544 1, 108, 525
Black 18, 949.91± 248.46 8, 245 973, 225
White 10, 432.49± 85.28 3, 637 1, 683, 948

derived from the list of the friends (other users the user is following) of each user.
Then, we sort the produced topics based on the frequency to conclude the 20 most
common topics from the Twitter users, including them as binary variables (1 if the
user is interested in this topic, 0 otherwise). We manually cleaned several top topic
labels following the same procedure as Nilizadeh et al. [2016]. Therefore, we merge
topics like businesses and biz, group topics into similarity (e.g. celebrities and famous,
actors and actor), and remove some topics like best, br, bro, new. Table 3.6 presents a
list of the 20-top topics and the merged sub-topics in each one as well as the number
of users that belong to them.

3.6 Linguistic Measures

To quantify gender and race dimensions in the language of Twitter users, we use the
psycholinguistic lexicon Linguistic Inquiry and Word Count (LIWC) Tausczik and Pen-
nebaker [2010]. The crawled tweets of a user were gathered in a supertext (the con-
catenation of all tweets) in order to extract a variety of linguistic metrics. The features
are categorized into 3 main categories, (1) affective attributes; (2) cognitive attributes;
and (3) linguistic style attributes, as De Choudhury et al. [2017] propose. For this
work, we considered 36 features from LIWC categorized in 6 groups in order to find
the main differences across each demographic group.

The affective attributes contemplate features that show how strong is the expres-
sion of feelings like anger, anxiety, sadness, and swear. Cognitive attributes are related
to the process of knowledge acquisition through perception. The lexical density and
awareness group gather features related to the language itself and its structure. Tem-
poral references are related to the tense expressed in the writing, while interpersonal
focuses in present features related to the speech. The social/personal concerns group
comprises features that express characteristics inherent to the individual as well his/her
relation to the environment where he/she lives.

HTTP://JOHNNATAN.ME

ü Twitter	Rest	API
ü 3,200	more	recently	tweets
ü 304,477	users
ü Twitter	Limitation

ü 95%	confidence	level



Extraction	of	Topics
üWho	Likes	What	Web-base	Service
üList	of	the	friends
üManually	cleaned	sub-topics	into:
◦ celebrities ==	famous
◦ actors ==	actor
◦ business ==	biz
◦ Removed:	best,	br,	bro,	new

üTop	20:	by frequency
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Table 3.6: 20-top topics of user’s interests

Topic Sub-Topics Total

World world, earth, hollywood, usa, canada, texas,
international, nyc, country, city, boston, san francisco,
france, america, los angeles, brasil, london, india

290, 030

Celebrities celebrities, famous, stars, celebs, celebrity, star, celeb 245, 125
Entertainment entertainment 244, 956
Music music, pop, hip hop, rap, gospel, hiphop 227, 986
TV tv, television 225, 682
Life life, lifestyle, health, healthcare, fitness, food, style,

smile, drink
157, 032

Fun fun, funny, humor, lol, laugh 154, 058
Info info, information 147, 567
Artists musicians, singers, artist, singer, musician, rappers,

bands
141, 519

Actors actors, actresses, actress, actor 140, 647
Media sports news, tech news, newspapers, music news,

breaking news, world news, news media, radio, internet,
social media, youtube, sports media, magazines,
magazine

135, 849

Writers writers 126, 051
Bloggers bloggers, blogs, blog 110, 699
Business business, biz, businesses 107, 361
Sports sports, football, basketball, baseball, soccer, futbol,

basket, martial arts, sport, mma, golf, cricket, boxing,
motorsports, f1, racing

93, 611

Movie movie, movies, film, films 88, 863
Organizations organizations, nfl, nba, mlb, nhl, ufc, lfc, lgbt 82, 568
Technology technology, tech, iphone, digital, geek, software,

computer, electronic, android, xbox, mac, gadgets,
programming, geeks

72, 137

Politics politics, government, political, politicians, politician 64, 735
Companies companies, apple, company, microsoft, google 53, 128

Extraction	of	Topics
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Linguistic	Measures
üLinguistic	Inquiry	and	Word	Count	

(LIWC)
üSuper	text	of	tweets
ü3	categories:
oAffective
oCognitive
oLinguistic	Style

ü36	features
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ü6	groups:
◦ Affective	Attributes
◦ Cognitive	Attributes
◦ Lexical	Density	and	
Awareness
◦ Temporal	References
◦ Social/Personal	Concerns
◦ Interpersonal	Focus



Gathering	Social	Connections	and	
Interactions
üFollowers	and	Friends

üUnfeasible	due	to	Face++

üRandomly	Select	6,000	users

üGather	their	friends	(max	of	5,000)
◦ Most	recent
◦ All	friends:	98.51%

üGather	demographic	information
◦ At	least	5%	of	users
◦ Avg.	10.15%	and	median:	9.40%

HTTP://JOHNNATAN.ME

üInteractions	based	on	RT	and	mentions

üCrawled	all	tweets	(max	of	3,200)	for	each	
user

üIdentified	users	mentioned	or	retweeted

üGather	Demographic	Information
◦ 5%	of	retweeters and	who	mentioned



Gathering	Social	Connections	and	
Interactions
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Table 3.7: Number of Friends in each Group

White Black Asian Total

Male 151, 840 52, 437 24, 299 228, 576
Female 137, 010 31, 011 32, 100 200, 121
Total 288, 850 83, 448 56, 399 428, 697

Table 3.8: Number of Interactions in each Group

White Black Asian Total

Male 246, 879 109, 744 51, 370 407, 993
Female 202, 338 60, 108 71, 137 333, 583
Total 449, 217 169, 852 122, 507 741, 576

our analysis. Table 3.8 summarizes the amount of crawled users for each demographic
group.

Our study about the connections among demographic groups (Chapter 6) is based
on this specific dataset.

3.8 Potential Limitations

The gender and race inference are challenge tasks, and as other existing strategies have
limitations and the accuracy of Face++ inferences is an obvious concern in our effort.
The limitations of our data are discussed next.

Accuracy of the inference by Face++: Face++ itself returns the con-
fidence levels for the inferred gender and race attributes, and it returns an error range
for inferred age. In our data, the average confidence level reported by Face++ is
95.22 ± 0.015% for gender and 85.97 ± 0.024% for race, with a confidence interval of
95%. Recent efforts have used Face++ for similar tasks and reported high confidence
in manual inspections An and Weber [2016]; Zagheni et al. [2014]; Chakraborty et al.
[2017]. Our dataset may also constitute the existence of fake accounts and bots. Previ-
ous studies provide evidence for an important rate of fake accounts Freitas et al. [2015];
Messias et al. [2013] in Twitter.

Data: Finally, we note that our approach to identify users located in U.S.
may bring together some users located in the same U.S. time zone, but from different
countries. We, however, believe that these users might represent a small fraction of the
users, given the predominance of active U.S. users in Twitter Cheng et al. [2009]. Also,
we are using the 1% random sample of all tweets. However, the 1% random sample is
not the best data to capture all the dynamics happening in Twitter, its limitations are
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ØNumber	of	Friends

ØNumber	of	Interactions
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Inequality	in	Visibility
üAnalyze	the	Association	of	Demographic	Aspects	with	Visibility
üDiscover	Possible	Inequalities
üAudience	Size:	Followers	and	Lists
üGender	Inequality
üRace	Inequality
üTaking	Together	Gender	and	Race	Inequality
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Gender	Inequality
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üMales	tend	to	be	
more	followed
üGlass	Ceiling
üGender	Disparity

o57.34%

o42.65%



Gender	Inequality
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üMales	tend	to	be	
more	listed
üGlass	Ceiling
üGender	Disparity

o51.23%

o48.64%
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üWhite	tend	to	be	
more	followed
üGlass	Ceiling
üRace	Disparity



Race	Inequality

HTTP://JOHNNATAN.ME

üWhite	tend	to	be	
more	listed
üGlass	Ceiling
üRace	Disparity



Taking	Together	Gender	and	Race	
Inequality
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üWhite	male	tend	to	
be	more	followed
üAlso	Glass	Ceiling	
for	males
üGroup	Disparity
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üWhite	male	tend	to	
be	more	listed
üAlso	Glass	Ceiling	
for	males
üGroup	Disparity
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Table 4.1: Relative proportion of each demographic group in the top 1% rank of users
with more followers (Followers column) and the most listed (listed column) in compar-
ison to the baseline expected population.

Race

Followers Listed

Male Female Male Female
Asian -10.60 -32.70 -16.36 -29.61
Black +7.17 -57.73 -15.90 -34.20
White +28.56 -5.84 +18.15 +5.04

4.4 Concluding Remarks

In this chapter, we analyzed the association of demographic status with visibility and
discovering possible inequalities. We showed that the Twitter glass ceiling effect, typ-
ically applied to females, also occurs in Twitter for males, if they are black or asian.
Our analysis reinforces evidence about gender inequality in terms of visibility and
introduces race as a significant demographic aspect, which reveals hiding prejudices
between demographic groups. In the next chapter, we investigate how demographic
groups differ from each other in terms of linguistic and topic interests.

üTop	1%



Linguistic	Patterns
üLinguistic	Differences
◦Mean	Absolute	Differences
◦Wilcoxon	Rank	Sum	Test
◦ Attributes
◦ Affective
◦ Cognitive
◦ Lexical	Density	and	Awareness
◦ Temporal	References
◦ Interpersonal	Focus

üDifferences	in	Topic	Interests

HTTP://JOHNNATAN.ME



Linguistic	Differences

	0

	2

	4

	6

	8

	10

	12

	14

A
ff
e
c
ti
v
e
	

A
tt
ri
b
u
te
s

C
o
g
n
it
iv
e
	

A
tt
ri
b
u
te
s

L
e
x
ic
a
l	
d
e
n
s
it
y

	a
n
d
	a
w
a
re
n
e
s
s

T
e
m
p
o
ra
l	

re
fe
re
n
c
e
s

S
o
c
ia
l/
p
e
rs
o
n
a
l	

c
o
n
c
e
rn
s

In
te
rp
e
rs
o
n
a
l	

fo
c
u
s

A
b
s
o
lu
te
	d
if
fe
re
n
c
e
	b
e
tw
e
e
n

	M
e
n
	a
n
d
	W

o
m
a
n
	(
%
)

HTTP://JOHNNATAN.ME

Mean	Absolute	Differences	Between	Male	and	Female	Users
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• females	tend	to	use	anxiety	and	sadness		terms	and	
phrases.	

• males	express	with	anger	in	their	tweets

• females	are	more	likely	to	write	phrases	that	express	
cognition	and	perception.	

• females	express	more	confidence	and	feelings	in	their	
writing.

• females	make	more	use	of	verbs,	auxiliary	verbs,	
conjunctions,	and	adverbs	,	while	males	use	more	articles	
and	prepositions	.

• The	temporal	references	attributes	are	more	present	in	the	
females.

• Social/Personal	Concerns		such	as			family	,	bio,		friends,	
social,	health,		are	used	more	by	females

• Concern	of	achievement	is	expressed	more	in	male

• Females	also	have	a	higher	tendency	to	write	in	the	first	
person	singular		and	in	second	person	

• Males	use	the	first	person	plural	

40 Chapter 5. Linguistic Patterns

Table 5.1: Differences between tweets from male and female users based on linguistic
measures. µ(male) and µ(female) are the median value of the feature for male and
female respectively. Statistical significance is count based on Wilcoxon rank sum tests.
Linguistic features presents extremely significant except from hear (*:=significant)
based on p-values.

µ(male) µ(female) z

Affective attributes

anger 0.0055 0.0056 4.733

anxiety 0.0016 0.0019 -74.534

sadness 0.0029 0.0034 -74.394

swear 0.0023 0.0026 -7.411

Cognitive attributes

Cognition

causation 0.0101 0.0104 -18.627

certainty 0.0101 0.0111 -60.593

tentativeness 0.0136 0.0141 -14.641

Perception

see 0.00957 0.0099 -24.538

hear 0.0055 0.0056 -0.033

⇤

feel 0.0035 0.0041 -70.766

percepts 0.0207 0.0218 -41.373

insight 0.0115 0.0125 -46.806

relative 0.1014 0.0999 18.026

Lexical Density and Awareness

verbs 0.1103 0.1170 -45.808

auxiliary verbs 0.0539 0.0583 -46.441

articles 0.0370 0.0340 77.303

prepositions 0.0843 0.0817 32.596

conjunctions 0.0279 0.0314 -72.098

adverbs 0.0317 0.0355 -66.915

Temporal references

present tense 0.0802 0.0871 -62.110

future tense 0.0103 0.0106 -15.118

Social/Personal Concerns

family 0.0026 0.0034 -93.252

friends 0.0028 0.0033 -66.168

social 0.0938 0.1021 -77.896

health 0.0037 0.0044 -76.446

religion 0.0024 0.0025 -26.485

bio 0.0157 0.0203 -102.681

body 0.0045 0.0056 -58.386

achievement 0.0116 0.0105 65.265

home 0.0022 0.0026 -74.049

sexual 0.0011 0.0012 -18.691

death 0.0014 0.0013 29.463

Interpersonal focus

1st p. singular 0.0245 0.0340 -97.329

1st p. plural 0.0046 0.0045 4.309

2nd p. 0.0160 0.0198 -88.482

3rd p. 0.0030 0.0031 -3.371

⇤⇤⇤



• Black	users	tend	to	express	more	anger	and	swear	
than	White/Asian.

• Cognitive	attributes,	almost	all	features	were	more	
present	in	Black	users	texts	

• Black	users	have	more	presence	in	features	like	
verbs,	auxiliary	verbs,	conjunctions,	and	adverbs

• Prepositions	are	more	present	among	White	users.

• Black	people	tend	more	to	use	terms	related	to	
family,	social,	religion	,	and	body.

• There	is	a	predominance	in	the	use	of	first	person	
plural	for	White

• first	person	singular,	second	person	and	third	
person	are	more	prominent	in	the	Black	group.	

5.3. Concluding Remarks 41

Table 5.2: Differences between tweets from white, black, and asian users based on
linguistic measures. µ(White), µ(Black) and µ(Black) is the median value of features
for each demographic group respectively. Statistical significance is count based on
Wilcoxon rank sum tests. The p-values present extremely significant for all linguistic
features. We test the correlation of each unique demographic group with the others.

µ(White) µ(Black) µ(Asian) zW/B�A zB/W�A zA/W�B

Affective attributes

anger 0.0051 0.0081 0.0056 -67.261 94.610 -5.236

anxiety 0.0017 0.0019 0.0016 -0.696 33.789 -30.517

sadness 0.0031 0.0034 0.0032 -20.814 28.205 -0.625

swear 0.0021 0.0064 0.0027 -90.375 107.344 11.329

Cognitive attributes

Cognition

causation 0.0104 0.0105 0.0096 29.931 19.465 -54.832

certainty 0.0105 0.0116 0.0101 -19.404 62.239 -33.955

tentativeness 0.0138 0.0152 0.0130 -8.958 55.174 -40.226

Perception

see 0.0098 0.0098 0.0095 18.756 6.970 -29.506

hear 0.0055 0.0062 0.0054 -26.349 62.137 -25.331

feel 0.0037 0.0044 0.0039 -44.180 63.963 -5.128

percepts 0.0212 0.0223 0.0210 -14.067 43.711 -23.308

insight 0.0122 0.0128 0.0112 11.133 40.420 -51.201

relative 0.1020 0.1012 0.0936 50.614 15.841 -76.870

Lexical Density and Awareness

verbs 0.1125 0.1222 0.1082 -16.435 64.214 -39.436

auxiliary verbs 0.0554 0.0612 0.0529 -12.202 58.285 -39.130

articles 0.0366 0.0339 0.0314 96.532 -26.056 -94.363

prepositions 0.0851 0.0817 0.0743 77.024 1.032 -95.556

conjunctions 0.0291 0.0319 0.0286 -11.852 43.571 -25.898

adverbs 0.0329 0.0363 0.0325 -17.239 48.159 -23.542

Temporal references

present tense 0.0825 0.0912 0.0798 -21.972 69.126 -37.196

future tense 0.0103 0.0119 0.0099 -28.333 79.181 -38.719

Social/Personal Concerns

family 0.0029 0.0040 0.0032 -74.318 86.721 10.755

friend 0.0031 0.0033 0.0033 -26.248 25.332 8.717

social 0.0956 0.1101 0.0971 -60.389 90.830 -10.166

health 0.0040 0.0044 0.0039 -9.579 45.973 -30.920

religion 0.0024 0.0031 0.0024 -53.672 85.163 -13.154

bio 0.0176 0.0204 0.0179 -32.215 53.914 -10.492

body 0.0048 0.0067 0.0052 -62.906 86.903 -3.428

achievement 0.0114 0.0109 0.0097 69.227 -1.632 -83.506

home 0.0025 0.0024 0.0022 50.362 -4.554 -57.624

sexual 0.0011 0.0019 0.0012 -51.768 71.799 -3.084

death 0.0014 0.0015 0.0013 4.356 31.454 -34.554

Interpersonal focus

1st p. singular 0.0268 0.0355 0.0296 -51.874 63.492 4.760

1st p. plural 0.0048 0.0042 0.0039 77.425 -28.107 -68.994

2nd p. 0.0169 0.0227 0.0177 -63.930 95.495 -10.148

3rd p. 0.0030 0.0039 0.0028 -36.070 87.717 -37.143
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Table 5.3: Ranking differences of gender top phrases. We use ne for no existing phrases
in a group.

Rank(female) Rank(male) Diff(F-M)

i do n’t 1 1 0
i ca n’t 2 2 0

you do n’t 3 3 0
i ’m not 4 4 0

ca n’t wait 5 8 3
i ’m so 6 19 13

i love you 7 15 8
do n’t know 8 11 3

i want to 9 24 15
more for virgo 10 55 45

more for cancer 11 29 18
i wan na 12 28 16

! i ’m 13 25 12
you ca n’t 14 16 2

more for libra 15 39 24
it ’s a 16 10 6

and i ’m 17 33 16
more for pisces 18 ne -

i need to 19 34 15
do n’t have 20 27 7

Table 5.4: Ranking differences of race top phrases. We use ne for no existing phrases
in a group.

Rank(White) Rank(Black) Rank(Asian) Diff(W-B) Diff(W-A) Diff(B-A)
i do n’t 1 1 1 0 0 0

i ca n’t 2 2 2 0 0 0

ca n’t wait 3 18 7 15 4 11

you do n’t 4 4 3 0 1 1

i ’m not 5 8 6 3 1 2

i love you 6 33 4 27 2 29

i ’m so 7 16 6 9 1 10

do n’t know 8 19 11 11 3 8

it ’s a 9 26 16 17 7 10

one of the 10 48 20 38 10 28

i want to 11 47 10 36 1 37

! i ’m 12 46 29 34 17 17

if you ’re 13 28 19 15 6 9

thank you for 14 126 28 112 14 98

it ’s not 15 34 32 19 17 2

and i ’m 16 58 21 42 5 37

you ca n’t 17 17 17 0 0 0

i ’m at 18 53 26 35 8 27

n’t wait to 19 100 51 81 32 49

i liked a 20 7 ne 13 - -

HTTP://JOHNNATAN.ME

• Phrases	expressing	negation	are	in	the	top	
positions	for	both	males	and	females.	It	is	also	
clear	to	see	that

• Females	are	more	into	signs	than	males	since	
phrases	with	this	kind	of	content	present	higher	
differences	in	the	gender	ranking.

• It	is	common	the	usage	of	slangs	like	”do	n’t”,	”ca	
n’t”	and	”wan	na”	for	both	genders.

• 6,000	users
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Table 5.3: Ranking differences of gender top phrases. We use ne for no existing phrases
in a group.

Rank(female) Rank(male) Diff(F-M)

i do n’t 1 1 0
i ca n’t 2 2 0

you do n’t 3 3 0
i ’m not 4 4 0

ca n’t wait 5 8 3
i ’m so 6 19 13

i love you 7 15 8
do n’t know 8 11 3

i want to 9 24 15
more for virgo 10 55 45

more for cancer 11 29 18
i wan na 12 28 16

! i ’m 13 25 12
you ca n’t 14 16 2

more for libra 15 39 24
it ’s a 16 10 6

and i ’m 17 33 16
more for pisces 18 ne -

i need to 19 34 15
do n’t have 20 27 7

Table 5.4: Ranking differences of race top phrases. We use ne for no existing phrases
in a group.

Rank(White) Rank(Black) Rank(Asian) Diff(W-B) Diff(W-A) Diff(B-A)
i do n’t 1 1 1 0 0 0

i ca n’t 2 2 2 0 0 0

ca n’t wait 3 18 7 15 4 11

you do n’t 4 4 3 0 1 1

i ’m not 5 8 6 3 1 2

i love you 6 33 4 27 2 29

i ’m so 7 16 6 9 1 10

do n’t know 8 19 11 11 3 8

it ’s a 9 26 16 17 7 10

one of the 10 48 20 38 10 28

i want to 11 47 10 36 1 37

! i ’m 12 46 29 34 17 17

if you ’re 13 28 19 15 6 9

thank you for 14 126 28 112 14 98

it ’s not 15 34 32 19 17 2

and i ’m 16 58 21 42 5 37

you ca n’t 17 17 17 0 0 0

i ’m at 18 53 26 35 8 27

n’t wait to 19 100 51 81 32 49

i liked a 20 7 ne 13 - -

HTTP://JOHNNATAN.ME

• Phrases	containing	
expressions	like	”i don’t”,	”i
can’t”	and	”i’m not”	appear	
in	the	top	positions	for	all	
the	racial	groups.

• Difference	in	ranking	of	the	
expression	”i love	you”	
• White	and	Asian	users	

seem	to	be	more	likely	to	
tweet	contents	with	this	
expression	 than	Black	
users.

• The	expression	”i want	to”	
appears	more	often	in	the	
writing	of	White	and	Asian	
users	than	in	the	Blacks.	

• 6,000	users
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Demographic	Group	Interconnections
üAnalyze	the	Interconnections	and	Interactions	of	Demographic	Groups

üGender	and	its	Interconnections
◦ Probabilistic	Graph

üRace	and	its	Interconnections
◦ Probabilistic	Graph

üDemography	of	Interconnections
◦ Relative	Increase	or	Decrease	from	What	We	Would	Expect

üDataset
◦ 448,697	users

HTTP://JOHNNATAN.ME
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üWhat	we	would	expect

male female
0.47

0.36

0.64

0.53
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Table 3.3: Demographic distribution of 304, 477 users with linguistic attributes. The
numbers in the parenthesis correspond to the Z-values.

Race (%)

Gender (%)

Total (%)

Male Female

Asian 7.07 (�3.85) 10.05 (�11.28) 17.12 (�10.90)
Black 8.17 (8.53) 6.74 (7.68) 14.91 (11.69)
White 32.88 (8.49) 35.09 (�7.69) 67.97 (1.20)
Total 48.12 (10.91) 51.88 (�10.91) 100.00

Table 3.4: Basic statistical description of null models. k = 100 samples with a popula-
tion of 304, 477 randomly selected users. We use confidence intervals of 95% confidence
level.

Demographic Mean Z-value S.D. Min 25-perc Median 75-perc Max

Male 144, 035.1± 44.86 10.91 228.88 143,544 143,883.00 144,054.5 144,156.50 144,680

Female 160, 441.9± 44.86 -10.91 228.88 159,797 160,320.50 160,422.5 160,594.00 160,933

Asian 54, 311.5± 39.17 -10.90 199.87 53,907 54,177.25 54,296.5 54,444.00 54,803

Black 43, 514.01± 31.72 11.69 161.85 43,196 43,380.75 43,503.5 43,633.50 43,887

White 206, 651.49± 46.82 1.20 238.91 205,921 206,490.25 206,666.5 206,789.25 207,110

Asian Male 22, 043.64± 26.24 -3.85 133.88 21,674 21,958.75 22,040.5 22,115.50 22,429

Asian Female 32, 267.86± 28.92 -11.28 147.56 31,900 32,153.50 32,262.0 32,371.75 32,667

Black Male 23, 857.98± 23.81 8.53 121.48 23,634 23,777.75 23,858.0 23,930.00 24,197

Black Female 19, 656.03± 21.82 7.68 111.34 19,342 19,585.25 19,660.5 19,737.75 19,944

White Male 98, 133.48± 45.61 8.49 232.73 97,538 97,995.25 98,130.5 98,297.50 98,623

White Female 108, 518.01± 43.04 -7.69 219.62 108,025 108,348.25 108,501.5 108,688.00 109,015

3.4 Gathering Tweets

We are interested in correlating linguistic features of Twitter users with demographic
information. We crawled the recent 3, 200 tweets of 304, 477 users for the purpose of
linguistic analysis. Table 3.3 shows the demographic breakdown of users in this dataset
across the different demographic groups. We can note a prevalence of females (51.88%)
in comparison to males (48.12%) and a predominance of whites (67.97%) in comparison
to blacks (14.91%) and asians (17.12%). This means if we pick users randomly in our
dataset, we would expect demographic groups with these proportions. Table 3.5 shows
the statistical descriptions of the number of tweets with confidence intervals of 95%
confidence level for each demographic groups.

3.5 Extraction of Topics

We extracted the information about topics of interests for active users using the Who
Likes What2 Web-based service Bhattacharya et al. [2014]. The produced topics are

2
http://twitter-app.mpi-sws.org/who-likes-what

üFriendship

üInteraction
üMale	and	female	users	
take	responsibility
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White 32.88 (8.49) 35.09 (�7.69) 67.97 (1.20)
Total 48.12 (10.91) 51.88 (�10.91) 100.00
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tion of 304, 477 randomly selected users. We use confidence intervals of 95% confidence
level.
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Male 144, 035.1± 44.86 10.91 228.88 143,544 143,883.00 144,054.5 144,156.50 144,680

Female 160, 441.9± 44.86 -10.91 228.88 159,797 160,320.50 160,422.5 160,594.00 160,933
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White 206, 651.49± 46.82 1.20 238.91 205,921 206,490.25 206,666.5 206,789.25 207,110

Asian Male 22, 043.64± 26.24 -3.85 133.88 21,674 21,958.75 22,040.5 22,115.50 22,429

Asian Female 32, 267.86± 28.92 -11.28 147.56 31,900 32,153.50 32,262.0 32,371.75 32,667

Black Male 23, 857.98± 23.81 8.53 121.48 23,634 23,777.75 23,858.0 23,930.00 24,197

Black Female 19, 656.03± 21.82 7.68 111.34 19,342 19,585.25 19,660.5 19,737.75 19,944

White Male 98, 133.48± 45.61 8.49 232.73 97,538 97,995.25 98,130.5 98,297.50 98,623

White Female 108, 518.01± 43.04 -7.69 219.62 108,025 108,348.25 108,501.5 108,688.00 109,015

3.4 Gathering Tweets

We are interested in correlating linguistic features of Twitter users with demographic
information. We crawled the recent 3, 200 tweets of 304, 477 users for the purpose of
linguistic analysis. Table 3.3 shows the demographic breakdown of users in this dataset
across the different demographic groups. We can note a prevalence of females (51.88%)
in comparison to males (48.12%) and a predominance of whites (67.97%) in comparison
to blacks (14.91%) and asians (17.12%). This means if we pick users randomly in our
dataset, we would expect demographic groups with these proportions. Table 3.5 shows
the statistical descriptions of the number of tweets with confidence intervals of 95%
confidence level for each demographic groups.

3.5 Extraction of Topics

We extracted the information about topics of interests for active users using the Who
Likes What2 Web-based service Bhattacharya et al. [2014]. The produced topics are

2
http://twitter-app.mpi-sws.org/who-likes-what

white
0.70

0.10

0.79

black

asian

0.32

0.16

Race	and	its	Interconnections

HTTP://JOHNNATAN.ME

üWhat	we	would	expect

üFriendship üInteraction
white

0.62

0.15

0.74

black

asian

0.38

0.21

üWhite	users	tend	to	be	the	
most	followed	by	users



asian
female

-6%

-3%

asian
male

+49%

white
male

+130%

black
male

+9%

white
female

+86%

black
female

-25%

-22%

+28%

-31%

-17%

-22
%

-25
%

+28%

-7%

+18%

Demography	of	Interconnections

HTTP://JOHNNATAN.ME

üFriendship üInteraction

asian
female

+41%

+66%

asian
male

+61%

white
male

+232%

black
male

+9%

white
female

+164%

black
female

+4%

-7%

+28%

-34%

-31%

-38
%

-25
%

+28%

-30
%

+5%

üWhite	males	are	more		over-represented

üHigh	interactions	among	Blacks

üAsians	 are	under-represented



Leverage	Demographic	Aspects	to	Design	
Transparent	Systems
üDemographics	aspects	are	valuable	to	provide	transparency
üWhite	House	Suggests	More	Transparency	in	Systems
üTwitter	Trending	Topics
◦Who	Makes	Trends?	Web-based	System

üGoogle	Suggestion
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Who	Makes	Trends?
üReal-time	Web-based	System
üTrend	Promoters
üTrend	Adopters
üGender,	Race,	and	Age
üUS-based	Twitter	Users
ü1%	Random	Sample
ühttp://twitter-app.mpi-sws.org/who-makes-trends/
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Data	collection
ü1%	Random	Sample	US	Tweets	in	English
ü1%	Worldwide	<	1%	US

üBounding	Box
üTrending	Topics	of	Twitter	(every	5-min)
üEST	Time	Zone
üTwitter	Stream	API
üSince	January	2017
üDemographic	Information	From	Face++
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Trending	Topic	Analysis
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Adopters; and (iii) Expected Distribution, similarly to the methodology in Section 3.2,
we submitted the profile picture Web links into the Face++ API. We have also dis-
carded those users whose profile pictures do not have a recognizable face or have more
than one recognizable face, according to Face++. Finally, the service is able to show
the demographic distribution of Twitter Trending Topics.

7.1.2 Trending Topic Analysis

To compare the demographics of Twitter users with the demographics of the offline
population, we collect the demographics of U.S. residents from the U.S. Census Bureau5

6 and present in Table 7.1. We see that some demographic groups present more in
Twitter compared to their share of U.S. population. As an illustration, the presence
of asians in Twitter is about 3.06 times more than in the overall U.S. population.
Similarly, the adolescent and young people present much more in Twitter. However,
mid-aged and old population have comparatively significantly less presence in Twitter.
Our findings corroborate with a recent survey on social media population conducted
by Pew Research7.

Table 7.1: Comparing the demographics of the population in U.S., and the demograph-
ics of U.S.-based Twitter users, whose tweets were included in the 1% random sample
during January – May 2017, and whose demographic information could be inferred.

Baseline

Gender (%) Race (%) Age Group (%)
Male Female White Black Asian Adolescent Young Mid-aged Old

U.S.
Population 49.20 50.80 72.40 12.60 4.80 13.60 26.70 33.20 13.50

Twitter
Population 45.97 54.03 73.05 12.25 14.70 26.37 62.58 10.80 0.25

Table 7.2, shows the amount of promoters, adopters, and the total users with
inferred demographic information and also the total of users we could not infer the
demographics who used the specific trending hashtag from April 2nd to May 2nd,
2017, sorted in a descending order based on the date. As an interesting finding, some
trending hashtags appears to be promoted by Twitter even when there are not so
many users posting tweets about this topic. We believe it may happen due to some
important and well-known events. Therefore, to give more visibility to those contents,
Twitter choose them as trending. For example, the trending hashtags #fyrefestival,
#unicornfrappuccino, and #eastersunday.

5
https://www.census.gov/topics/population/age-and-sex.html

6
http://census.gov/prod/cen2010/briefs/c2010br-02.pdf

7
http://pewinternet.org/2016/11/11/social-media-update-2016
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Table 7.2: Top hashtags during 31 days from April 2nd to May 2nd, 2017. They are sorted in a descending order based on the
date. This Table shows the number of promoters, adopters, and the total users with inferred demographic information. Also, it
shows the number of total users who we could not infer the demographic information. The hashtags are clickable links that point
to their demographic distribution on Who Makes Trends? service.

Hashtag Date

#Promoters
With

Demographic
Inference

#Promoters
Without

Demographic
Inference

#Adopters
With

Demographic
Inference

#Adopters
Without

Demographic
Inference

#Total
With

Demographic
Inference

#Total
Without

Demographic
Inference

#mayday2017 02-05-2017 609 532 162 165 736 660
#metgala 01-05-2017 1563 616 491 257 1988 830
#wwepayback 30-04-2017 862 660 88 70 912 695
#climatemarch 29-04-2017 637 582 155 142 753 694
#fyrefestival 28-04-2017 32 15 1363 925 1384 936
#nfldraft 27-04-2017 4846 3635 2318 1873 6183 4813
#wednesdaywisdom 26-04-2017 317 341 77 57 383 392
#dwts 25-04-2017 360 188 89 51 435 232
#mondaymotivation 24-04-2017 673 717 141 131 803 840
#sundayfunday 23-04-2017 678 613 153 112 812 712
#earthday 22-04-2017 2636 2719 3105 2618 5531 5123
#ripprince 21-04-2017 453 300 171 104 603 393
#happy420 20-04-2017 805 567 132 121 918 661
#bostonmarathon 19-04-2017 789 598 282 225 1005 778
#unicornfrappuccino 18-04-2017 36 13 1712 996 1737 1005
#cleveland 17-04-2017 709 442 406 355 1049 711
#eastersunday 16-04-2017 64 77 1570 1233 1616 1300
#aprilthegiraffe 15-04-2017 810 421 76 56 872 467
#goodfriday 14-04-2017 1674 1422 862 640 2452 1996
#stanleycup 13-04-2017 369 303 600 493 842 709
#bucciovertimechallenge 12-04-2017 171 244 770 992 867 1137
#nationalpetday 11-04-2017 2637 1887 1455 891 4056 2744
#nationalsiblingsday 10-04-2017 3828 1837 2512 1202 6296 3023
#sundayfunday 09-04-2017 775 585 181 130 939 705
#nationalbeerday 08-04-2017 1188 1581 368 333 1529 1876
#syria 07-04-2017 1263 856 654 472 1771 1217
#themasters 06-04-2017 420 452 3015 2513 3225 2771
#13reasonswhy 05-04-2017 280 87 985 363 1225 439
#nationalchampionship 04-04-2017 3376 2561 238 174 3533 2682
#finalfour 03-04-2017 4146 3448 851 618 4739 3887
#openingday 02-04-2017 1732 1342 4129 3437 5461 4506
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Disparate	Demographics

•High	Gender	Bias
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Systems

Table 7.3: Demographics of promoters of Twitter trends. Demographic groups shown
in bold blue are represented more (over-expected), and groups in red italics are rep-
resented less (under-expected) among the promoters. We consider differences of 5%
as the threshold. The hashtags are clickable links that point to their demographic
distribution on Who Makes Trends? service.

Demographics of Promoters
Gender (%) Race (%) Age Group (%)Hashtag

Male Female White Black Asian Adolescent Young Mid-aged
#footballmovies 65.82 34.18 83.55 5.06 11.39 10.13 70.88 18.99
#ufcphoenix 77.03 22.97 73.65 10.81 15.54 16.89 71.62 11.49
#thebachelor 15.61 84.39 84.69 4.94 10.37 29.82 64.94 5.24

#thankyoutrump 49.55 50.45 81.98 8.11 9.91 21.62 54.96 22.52
#obamacare 58.11 41.89 83.78 6.76 9.46 13.51 51.26 32.43
#neweditionbet 40.66 59.34 28.27 58 13.73 33.51 59.93 6.49
#dangerouswomantour 36.67 63.33 71.67 8.33 20 43.33 50 6.67
#presidentialtvshows 68.31 31.69 80.33 10.93 8.74 8.20 72.67 18.58
#nationalloveyourpetday 28.49 71.51 80.27 8.04 11.69 26.94 63.29 9.77

7.2 Concluding Remarks

In this chapter, we developed and deployed the Who Makes Trends? Web-based ser-
vice in order to make the demographic biases in Twitter trends more transparent. To
accomplish this design, we presented our methodology to build the system. Therefore,
we described the data collection and trending topic analysis steps. We also observed
that different trends are promoted by user-groups having highly disparate demograph-
ics. We classify these disparate demographics into three categories: (i) high gender
bias; (ii) high racial bias; and (iii) high age bias. The Who Makes Trends? Web-based
service is available at http://twitter-app.mpi-sws.org/who-makes-trends/. In
the next chapter, we conclude this dissertation, discuss some limitations, and propose
future research directions.

•High	Race	Bias •High	Age	Bias



Conclusion
üDemographic	Aspects	are	Valuable

üGender	and	Race	Inequality	Exists	in	Twitter

üGlass	Ceiling	also	Happens	for	Male	Users

üDemographic	Groups	have	its	Own	Preferences
◦ Linguistic	Style
◦ For	Topic	Interests

üThe	Connections	Among	Demographic	Groups	Help	to	Explain	Inequality

üProvide	Transparent	Systems	is	Important
◦ Who	Makes	Trends?

üPotential	Limitations
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Future	Work
üExplore	Age	as	a	Demographic	Aspect
üLinguistic	and	Social	features	for	Gender	and	Race	Prediction
üInformation	Propagation	Through	Demographic	Groups
üCompile	the	Results	and	Submit	to	a	Journal
üRelease	our	Demographic	Dataset	under	Request
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