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State of the Art

Social Media as a Data Source
AGenerated by billions of users

AProvide insights into ideas and topics that attract large numbers of users

Emojis vs. Text
AEmoijis increasingly used to convey meaning, not chosen arbitrarily

AAllow for language -independent research

ACircumvent obstacles common in text -based approaches like Natural Language Processing
(slang, spelling and grammatical errors)

Existing Research Gap

Emoji Use Identify Local Topics
(Single Topic) (Text-Based)

MM © @



Objective

Determine whether emojis can be used to identify relevant topics
and their spatial -temporal evolution in a non -topic -specific dataset
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* No data available for November 2020

The Dataset

~4 MILLION POSTS
GEOTAGGED WITHIN EUROPE

DURING 2020*

AT LEAST ONE EMOJI AND ONE
HASHTAG

Image source:
https://about.twitter.com/e
n/who -we -are/brand -
toolkit
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Does the
usage of
emojis change
over time and
Space?

Research Questions

Do changes in
emoji usage

have thematic
connections?

How can these
spatial/temporal/
thematic
developments be
visualized?
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Methodology
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Conceptual Framework: 4 Facet Structure

Dunkel et al. (2019)
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Social Facet: Privacy -Awareness

HyperLogLog (HLL) Algorithm
A Cardinality estimator, MurMur hash function

A Privacy is a side -effect, comes with other perks (count user days, user count,
post count)

Cryptographic Hashing

A Data encryption 8 pseudonymize user information

A Weak measure by itself, but strengthens the effectiveness of other measures

Spatial Data Aggregation
AGeohashing possible at several levels

AAggregation |l evel 4 (used in this analysis)

Visualizations at Coarse Resolution

A 100 by 100 kilometer grid used for resulting maps to avoid visualizing precise
user locations

osnaps
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Conceptual Framework: 4 Facet Structure

Dunkel et al. (2019)
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Workflow: Proposed

Data Analysis

Data
Data — /v {Exploraﬂon} \ — | Interpret |——| Visualize
Preparation Results Final Results

Adjust Data Intermediate
Granularity Results

R~
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HLL Twitter
Data

Raw Twitter
Data

Country
Boundaries

Unions
(to remove
skin tone)

Data
Cleaning and
Preparation

Workflow: Actual
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Workflow: Actual

HyperLoglLog Data Analysis
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HyperLoglLog
Data Analysis
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Benefits/Uses of HyperLogLog (HLL)

Privacy - Awareness
Alnvestigate social facet of data with increased user privacy

A Sensitive information (like user IDs) is never gathered from remote server
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Benefits/Uses of HyperLogLog (HLL)

Privacy - Awareness
Alnvestigate social facet of data with increased user privacy

A Sensitive information (like user IDs) is never gathered from remote server

Calculate Cardinality, Unions, Intersections
AEfficiently compute number of distinct users, posts, and user days* with error of 2 -5%

AUnions allow for joining of emojis with multiple skin tone variations

Reduce Reliance on Absolute Frequency
A Narrow down scope of calculations for raw data analysis by finding top emojis and
countries by user days

|dentify Emojis Often Used by Bots/Hyper -Active Users
A Calculate the difference between post count and distinct user days, find which emojis are
used frequently by only a few users
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User Days

0 [ U }days are defined as the total number of days, across
all users, that each person took at least one photograph
wi t hi n e a@dbod st.ialt(2013)

In this context:

The number of days, across all users, that a distinct user
posted at least one tweet within the study area
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Distribution of User Days
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Workflow: Actual
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Raw Data
Exploratory Analysis
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