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INTRODUCTION

• Background: Growing interests in location-based 
social media (LBSM) especially Twitter with many 
cross-disciplinary research

• Gap: Representational bias of LBSM is under-
investigation; Can significantly affect modeling 
accuracy and potentially lead to unreliable findings 

• Objective: Evaluate the representativeness of Twitter 
data by comparing demographics of active Twitter 
users with it of local population

RESEARCH QUESTION

1) What is the difference of gender between Twitter 
user and local population in Clarke County, Georgia
at census tract level?

2) How the difference distributes across the county?

DATA

• Twitter Data: Geotagged tweets from December 2017 
to April 2018 in Clarke County

• Demographic Data: Estimated male and female 
population at census tract level in Clarke County
(2013-2017 ACS 5-year data) 
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Figure 1. Density of Geotagged Tweets (Left) and 
Percentage of Male/Female Population (Right)

Figure 2. Workflow of This Study

RESULTS

Figure 3. Spatial Distribution of Male Representativeness

Spatial Characteristics: 

• Male population in downtown and University of 
Georgia (UGA) are overrepresented on Twitter.

• Either male or female are overrepresented on Twitter 
in several census tracts in sub-urban areas.

• In the wide rural areas, there are generally more male 
than female Twitter users.

Non-spatial Characteristics:

• In more than half of the census tracts, male 
population are overrepresented on Twitter.

• No census tract with both high percentage of male 
Twitter users and population, but few for female.

METHODOLOGY

Key Steps (workflow on the next column): 

• Twitter User Gender Inference: Using a face 
recognition service (Face++ API) to infer gender

• Representativeness Calculation: 𝑟𝑀 =
𝑀𝑇

𝑀𝐴𝐶𝑆
where 𝑟𝑀 is 

representativeness of male, 𝑀𝑇 is percentage of male 
Twitter users, 𝑀𝐴𝐶𝑆 is percentage of male population
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Figure 5. Spatial Relationship between Twitter Users and Local Population

Figure 6. Relationship between Twitter Users and 
Local Population in Non-spatial Perspective

Figure 4. Spatial Distribution of Female Representativeness


