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Social Media as a Data Source

• Generated by billions of users

• Provide insights into ideas and topics that attract large numbers of users

Emojis vs. Text

• Emojis increasingly used to convey meaning, not chosen arbitrarily

• Allow for language-independent research

• Circumvent obstacles common in text-based approaches like Natural Language Processing 

(slang, spelling and grammatical errors)

Existing Research Gap

State of the Art

Emoji Use 

(Single Topic)
Identify Local Topics

(Text-Based)
?



Objective

Determine whether emojis can be used to identify relevant topics 

and their spatial-temporal evolution in a non-topic-specific dataset



~4 MILLION POSTS

GEOTAGGED WITHIN EUROPE

DURING 2020*

AT LEAST ONE EMOJI AND ONE 
HASHTAG

The Dataset

* No data available for November 2020

Image source: 

https://about.twitter.com/e

n/who-we-are/brand-

toolkit 



Research Questions

Does the 
usage of 

emojis change 
over time and 

space?

How can these 

spatial/temporal/

thematic 

developments be 

visualized? 

Do changes in 
emoji usage 

have thematic 
connections?

RQ2 RQ3RQ1



Methodology
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HyperLogLog (HLL) Algorithm

• Cardinality estimator, MurMur hash function

• Privacy is a side-effect, comes with other perks (count user days, user count, 

post count)

Cryptographic Hashing

• Data encryption – pseudonymize user information

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

Spatial Data Aggregation

• Geohashing possible at several levels

• Aggregation level 4 (used in this analysis) “snaps” to a 20 km spatial resolution

Visualizations at Coarse Resolution

• 100 by 100 kilometer grid used for resulting maps to avoid visualizing precise 

user locations

Social Facet: Privacy-Awareness
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HyperLogLog
Data Analysis



Privacy-Awareness
• Investigate social facet of data with increased user privacy 

• Sensitive information (like user IDs) is never gathered from remote server
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Identify Emojis Often Used by Bots/Hyper-Active Users
• 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

“[U]ser-days are defined as the total number of days, across 

all users, that each person took at least one photograph 

within each site” – Wood et. al (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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Raw Data
Exploratory Analysis







Most Frequently Used Emojis Per Month
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The Problem with Absolute Frequency: Bots



Meaning

For a designated subset of a larger dataset,  how ‘characteristic’ or ‘typical’ 

of that subset is a given emoji?

Calculation

Positive: an occurrence is typical for the subset

Negative: an occurrence is atypical for a subset

Typicality
Hauthal et al. (2021)

Interpretation

Rel. freq. within the subset – rel. freq. within the total dataset

rel. freq. within the total dataset

ns/Ns – nt/Nt

nt/Nt
Typicality =                                =                 



Temporal Typicality







Spatial Typicality
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Emoji-Specific Analysis
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Example: Masked Face Emoji

Rank Hashtag Uses

1 coronavirus 2186

2 covid19 1857

3 covid_19 906

4 awareness 609

5 corona 553

6 covidー19 447

7 staysafe 426

8 wearamask 343

9 nowwashyourhands 341

10 evdekal 291

11 yomequedoencasa 266

12 covid 217

13 covid2019 208

14 stayhome 205

15 mask 191

16 stayathome 178

17 quedateencasa 173

18 facemask 169

19 lockdown 166

20 catalunya 158

≈ 92%
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Results



Baseline

Predicted Topical Consistency

Typical within 1 of 10 Top Countries by User Days

Selected Emojis

U.K. Spain France Germany Italy Turkey BelgiumNetherlands Switzerland Austria
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Topical Consistency

• Emojis with less topical consistency are less reliable proxies 

• Labor-intensive to calculate, subject to human bias and error

Metrics Matter

• Absolute, relative frequencies are easily skewed by hyper-active users

• Metrics like typicality and user days help to mitigate this influence

Privacy Awareness

• Strive to protect user privacy wherever possible

• Degree of necessary privacy depends on the applications of results

Limitations of HLL Data

• Benefits: cardinality, unions, privacy for investigation of social facet

• Drawbacks: cannot analyze multiple facets simultaneously, emojis and hashtags are 

separated

Conclusions



Quantitative Spatial-Temporal Analysis

• Use clustering algorithms, space-time scan statistics to detect statistically significant clusters 

of emoji usage

Head-Tail Breaks for Visualizations

• Account for skew towards negative values in spatial typicality maps

Emoji Expansion

• Flag emojis, skin tone modifiers

Future Work



Questions? Comments?

Thank You!
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Geo-Hashing Aggregation Levels



MAUP



Design Considerations



Grid Size



Cropping the Data


