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Why Use Social Media Data?

• Like any data set, social-media data has particular characteristics that must 
be understood to extract most useful and most accurate information

• Benefits of social-media data for understanding human exposure and 
response to extreme weather include:
• Temporally continuous
• Naturally contains most information in areas with lots of people and property
• Integrates information about impacts as well as exposure to hazards

• This presentation: overview of 2 studies using Twitter data to understand 
human exposure and response to climate change and extremes



1. Using Remarkability to Detect Coastal 
Flooding Thresholds

• Coastal flooding is becoming 
increasingly common with sea-level 
rise and more intense rain events

• Not well measured 

• US tide gauges are sparse and flood 
thresholds are not well 
standardized

• Use Tweets about flooding to infer 
local flooding thresholds



Remarkability Data

• Start with all Tweets geo-located within 235 shoreline counties along 
the Atlantic and Gulf coasts of the United States (2014-2016)

• Identify Tweets about flooding using bag of flood-related words. 
Aggregate total number of flood-related Tweets to county*day level

• Merge with tide gauge data flood thresholds, daily rainfall, cumulative 
5-day rainfall
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• For each shoreline county, 
estimate model for all possible 
flood thresholds (0.1m 
increments)

• Chose model (threshold and 
parameters) that minimizes AIC

• Compare “noticeable flood” 
(25% increase in tweets) with 
local gauge threshold

• Identify counties where 
noticeable flood is statistically 
different from gauge measure 
(“outliers”)

• Controls: daily rainfall, 5-day 
rainfall, month fixed-effects, 
number of Twitter users
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• 24 counties where 
estimated flood 
threshold is different 
from tide gauge (6 false 
positives in expectation)

• Almost all (20) of these 
flooding is more 
common than suggested 
by the tide gauge

• Geographic clusters 
identified e.g. Boston 
area, Texas coast

Moore and Obradovich, 2020
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Conclusions
• Social media data can supplement more traditional environmental monitoring 

technologies

• Find evidence that nuisance flooding may be significantly underestimated by 
tide gauges, including in major coastal cities (Miami, New York, Boston)

• “Untrained” statistical approach can recover real-world, ground-truthed
phenomena

• Social media data also contains information about welfare consequences of 
floods

• Further work is extending this framework to better understand the drivers and 
consequences of urban flooding more generally



2. Shifting Baselines and the Social 
Normalization of Extreme Temperatures
• Almost everyone is now living in a climate that is unprecedented relative to 

pre-industrial conditions

• But no-one alive today remembers pre-industrial conditions

• As we experience variable weather from a gradually-changing climate 
distribution, how do our ideas of “normal” weather shift?

• Will it eventually become obvious to everyone that climate change is 
happening, or will we slowly slide into worse and worse climate conditions?



Examples of Shifting Baselines Marine Ecosystem Quality, Sandin et al. 2008 

Urban Air Quality



Measuring “Remarkability” Using Twitter Data 
• Everyone comments on the weather, but not all weather is equally remarkable in all 

places at all times of year – differences tell us something about what people expect

• Geographically widespread and temporally continuous Twitter data allows us to 
quantify what weather people talk about where

• Measuring a conversation allows us to say something about the social (not just 
individual) perception of normal vs extreme weather

• Twitter data: all geolocated Tweets within continental US March 2014-November 
2016 (~2.18 billion)

• Identify Tweets that contain one of many words about weather. Aggregate number 
of weather tweets to the county by week level



Difference in Weekly Average Maximum Temperatures 1981-1990 to 2011-2015 
(degrees C, third week in each month)

Moore et al. 2019



Moore et al. 2019

People Tweet about unusual 
weather

But if they experience the same 
weather more than 5 years in a 
row, they stop Tweeting about it

“Normal” is 1981-1990 Weekly Average



Effect Driven by Normalization not Adaptation

Baylis et al., 2018

Negative effect of extreme 
temperature on sentiment does not 

decline with repeated exposure



Very large absolute warming over the 21st century due 
to anthropogenic climate change



Very large absolute warming over the 21st century due 
to anthropogenic climate change

Very small perceived temperature anomalies because of rapidly shifting baseline –
not strongly distinguished from zero, given internal climate variability



Negative temperature 
anomalies experienced 
~ every 4 years



Conclusions

• Certain types of weather are socially remarkable
• The remarkability of weather does not depend only on absolute metrics of 

weather, but also on their value relative to some “normal” baseline for a 
particular location and season
• This normal baseline adjusts rapidly with changing environmental 

conditions and appears to be heavily influenced by the last 2-8 years
• We find no evidence that the negative effects of temperatures decline over 

similar timescales, implying this effect is driven by normalization not 
adaptation
• This has large implications for the perception of anthropogenic warming in 

the 21st century: although temperature increase substantially in an 
absolute sense, they will not necessarily feel particularly warm to people 
affected


