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ABSTRACT: Evidence exists that exposure to weather hazards, particularly in cities subject to heat island and climate change
impacts, strongly affects individuals’ physical and mental health. Personal exposure to and sentiments about warm conditions
can currently be expressed on social media, and recent research noted that the geotagged, time-stamped, and accessible social
media databases can potentially be indicative of the public mood and health for a region. This study attempts to understand the
relationships between weather and social media sentiments via Twitter and weather data from 2012 to 2019 for two cities in hot
climates: Singapore and Phoenix, Arizona. We ﬁrst detected weather-related tweets, and subsequently extracted keywords
describing weather sensations. Furthermore, we analyzed frequencies of most used words describing weather sensations and
created graphs of commonly occurring bigrams to understand connections between them. We further explored the annual
trends between keywords describing heat and heat-related thermal discomfort and temperature proﬁles for two cities. Results
showed signiﬁcant relationships between frequency of heat-related tweets and temperature. For Twitter users exposed to no
strong temperature seasonality, we noticed an overall negative cluster around hot sensations. Seasonal variability was more
apparent in Phoenix, with more positive weather-related sentiments during the cooler months. This demonstrates the viability
of Twitter data as a rapid indicator for periods of higher heat experienced by public and greater negative sentiment toward
the weather, and its potential for effective tracking of real-time urban heat stress.
SIGNIFICANCE STATEMENT: Social media such as Twitter allow individuals to broadcast their opinions in real time,
including perceptions and sensations related to weather events. Evidence from two cities exposed to hot weather}one equatorial and one desert subtropical}indicates that tweets were sensitive to seasonal temperature differences even within a small
range. For Twitter users exposed to no strong temperature seasonality, generally negative sentiments to hot weather were
seen year-round. In Phoenix with more pronounced seasonality, tweets were more positive in sentiment during the cooler
months. This result shows promise for the medium as a rapid real-time indicator}or a snapshot}for societal sentiment to
weather events.
KEYWORDS: Social Science; Annual variations; Climate variability; Tropical variability; Seasonal effects;
Societal impacts

1. Introduction
Heat exposure is a known health hazard globally and is the
top weather-related cause of mortality in the United States each
year (Vaidyanathan et al. 2020; EPA 2021). Increasing global
temperatures from climate change are very likely to result in
greater human exposure to hot weather and extreme heat in the
future (Ebi et al. 2021), especially in cities and settlements where
the combination of local urban heat islands and regional warming exacerbates risks of urban “overheating” (Santamouris and
Kolokotsa 2015; Wouters et al. 2017). Furthermore, heat stress
and other related illnesses are a signiﬁcant threat to human wellbeing (McGregor and Vanos 2018). Yet, in addition to the physical illness threat from heat there is a psychological health
concern component. Research has shown heat in combination
with urbanization is connected to various psychological and
mental health outcomes such as irritability and aggression
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(Kuo and Sullivan 2001), while March et al. (2008) have shown
the effect of urbanization leading to various forms of psychosis.
Urban–rural differences in schizophrenia occurrence were conﬁrmed as being statistically higher by Vassos et al. (2016). Furthermore, Wang et al. (2014) found that there are more manic
mental health disorders (such as schizophrenia, manic depressive, and bipolar disorders) hospital admissions during heatwaves in Toronto, Canada, than during other times of the year.
Other research in cities within Vietnam, Australia, Taiwan,
Israel, Brazil, and South Korea show similar results of heat being
connected to negative mental health outcomes (Aviv et al. 2011;
Hansen et al. 2008; Kim et al. 2014; Sung et al. 2011; Sung et al.
2013; Trang et al. 2016; Volpe and Del Porto 2006). Thus, connections between extreme heat and increased hospitalizations
for mental health conditions have been made before, though
speciﬁc causal pathways have yet to be determined.
Social media can be useful resources to gauge the public’s
emotions, opinions, and mood on various topics. These include
their expression toward heat and weather events. Twitter is a
relatively popular social media platform that is increasingly being
used in academic research into sentiment analysis on public opinion, with major reasons being data accessibility and clear
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FIG. 1. Geographic location and land-use zone classiﬁcations of (a) Singapore [adopted from Mughal et al. (2019)] and (b) Phoenix
[adopted from Demuzere et al. (2020)].

geotagging of tweets by region and time (Dahal et al. 2019). Several studies examined how Twitter can indicate people’s moods
in relation to the weather (Bujisic et al. 2019; Giuffrida et al.
2020), as well as to understand the public’s opinion on climate change (Veltri and Atanasova 2015; Fownes et al. 2018;
Cody et al. 2015). Roberts (2017) used Twitter to gather the
public’s opinion on the use of green spaces in urban areas, while
Murakami et al. (2016) found strong relationships between
heat-related tweets and temperature, and temperature differences, in the Tokyo metropolitan area, and showed that social
media data can be a useful resource for estimating intraurban
temperature variations.
Understanding public perception, opinions, and mood associated with temperature can complement existing urban climate
observational and modeling platforms in collecting relevant data
and information toward developing heat mitigation policies and
strategies in the warming world. This is especially acute for settlements in hot climates facing increasing climate risks from intensifying heat. For this study, we selected two warm-climate cities:
Singapore (a city-state in Southeast Asia) and Phoenix, Arizona.
Both of them are considered to be hot but differ in their climate
classiﬁcation, cultural, and political contexts. By examining
tweets originating within these two cities, the paper focuses on
the following research questions:
1) What is the relationship between weather and weatherrelated tweets in cities with hot climates?

2) How and what are the most common sentiments associated
with weather in cities with hot climates?
3) How do contextual differences between the cities inﬂuence
weather-related Twitter usage?

2. Method
a. Study areas
This paper focuses on two cities: Singapore (Köppen–Geiger
climate: Af) and Phoenix (Köppen–Geiger climate: BWh)
(Kottek et al. 2006); both cities with hot climates but differing
in atmospheric moisture levels. Singapore is an equatorial
humid tropical city (1.358N, 103.828E), whereas Phoenix is a
desert city (33.458N, 112.078W) situated in the hot, arid midlatitudes (Fig. 1). Singapore exhibits consistently high and
uniform mean monthly temperatures (long-term annual mean
∼27.58C) and high total annual precipitation (long-term mean
total annual rainfall ∼2165.9 mm) (Roth and Chow 2012;
Meteorological Service Singapore 2021). The climate is characterized by the northeast (NE) and southwest (SW) monsoons
from December to early March and from June to September,
respectively, separated by intermonsoonal periods from late
March to May and from October to November. Phoenix, on the
other hand, experiences hot summers and mild winters. Annual
average maximum temperatures typically exceed 30.88C, with
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summer temperatures exceeding 43.88C in June. The average
annual precipitation is 210.88 mm (Connors et al. 2013; U.S.
Climate Data 2022).
Singapore is comparatively denser than Phoenix in terms of
population and mean building heights. Both cities have urban heat
islands of substantial size and intensity (Roth and Chow 2012;
Brazel et al. 2007). With an expected growth in urbanization, Chow et al. (2012) point out that this would worsen the
thermal comfort of the inhabitants and increase their vulnerability to heat.

b. Data collection
Twitter is a popular social media and microblogging platform
that enables users to write, post, and share messages (also
known as “tweets”). It was launched in 2006, and it has reaches
397 million active users globally (Statista 2021a), with the United
States having the largest Twitter user base of 73 million (Statista
2021b). In Asia, Twitter is projected to grow to 40 million users
by 2025, and in Singapore, it is the sixth most popular social
media application with over 1.89 million (Statista 2021c). With
the widespread use of Twitter in both regions, the information
generated by users offers an opportunity to investigate individuals’ sentiments and perceptions on various topics.
We collected two data types in this study. First, 83 085
tweets (34 899 for Singapore, and 48 186 for Phoenix) including
“weather” were queried from 2012 to 2019 using Twitter’s
application program interface (https://developer.twitter.com/en/
docs/twitter-api). Second, meteorological data containing hourly
weather information from the same time period were extracted
from government websites such as the Meteorological Services
Singapore (http://www.weather.gov.sg/home/) and National
Weather Service (https://www.weather.gov/) for Singapore
and Phoenix, respectively.
The Twitter datasets including only tweets made in English
were scraped using the R AcademicTwitteR package (https://
cran.r-project.org/web/packages/academictwitteR/index.html).
Information requested from Twitter includes the following:
• author “ID” (a unique identiﬁer given to each user),
• tweet time (date and time at which the tweet was created),
• Twitter text [up to 140 (before November 2017) or 280

characters of the status update], and
• text source (whether it was shared through the Twitter mobile

platform or other social media platforms).

c. Data analysis
A random sample of 400 tweets selected from the raw dataset
for each country indicated a relevancy of 42.5% and 78% for
Phoenix and Singapore, respectively (refer to appendix B for relevance criteria). The Twitter dataset underwent a ﬁltering process to clean up the data collected. A set of inclusion and
exclusion criteria rules were created and applied to improve the
relevancy of the dataset. First, any duplicates, ofﬁcial weather announcements (e.g., tweets from municipal weather agencies) and
bot advertisements were removed as our research focuses on
tweets made by individuals. The tweets were removed by
manually identifying sources and users that gave repetitive

FIG. 2. Annual frequency of weather-related tweets for Singapore
(coral ﬁll) and Phoenix (indigo ﬁll) between 2012 and 2019.

and frequent weather forecasts tweets. The next layer of ﬁltering
involved assessing and consolidating rules for tweets that were irrelevant based on the random sampling of the raw dataset. A list
of irrelevant words, hashtags, and phrases that showed frequent
occurrences were identiﬁed. In these cases, there were alternative
uses of the word “weather” such as “under the weather,”
“weather the storm,” and “fair weather fans” (e.g., sportsrelated tweets in Arizona). Other common topics that include
asking “how’s the weather” and tweets referring to locations
outside of Singapore or Phoenix were omitted to capture people’s perception of their current weather. Retweets of ofﬁcial
weather advisories by individuals, alternative spellings to common words (e.g., hot vs hawt), and acronyms (e.g., gtg, omg)
were included as long as they indicated a clear opinion toward
the weather. In Singapore, colloquial slangs and phrases are
commonly used in tweets; hence they were deemed relevant.
After applying the inclusion and exclusion criteria described
(refer to appendix B), a total of 52 240 tweets}29 832 from
Singapore and 22 408 from Phoenix}remained in the dataset.
A relevance check on 400 random tweets for each city showed
95% relevance for Singapore and 87% for Phoenix, which we
deemed acceptable for further analysis.
Text string data were tokenized and cleaned, with one and
two tokens per row and stop words removed with the R-tidytext
“stop_words” function. The two-tokens-per-row dataset was
used to generate bigrams for two-word connections with occurrences above 30 times using R-widydr.
We screened the one-token-per-row dataset for 100 weather
descriptors typically used to describe weather sensations.
Seventy-six climatic adjectives adopted from Liu et al. (2020)
provide microclimatic descriptors about thermal intensity, thermal sensation, solar radiation, wind, humidity, and thermal
pleasure, with an additional 24 words we deemed as important
weather descriptors (The list of these descriptors is located in
appendix A). Of 20 most often used weather-related descriptors
for both cities, we selected words describing “hot” and “cold”
discomfort. Heat-related sentiments included “hot,” “heat,”
“sweat,” “sweating,” “scorching,” “burning,” “melting”; and
cold-related sentiments were “cold,” “freezing,” “chill,” “polar,”
and “snowy.” We screened bigrams with occurrences above
20 times for non-thermal-comfort-related meanings of the
weather-related descriptors that we used to identify hotand cold-related sensations. Since bigram “hot chocolate”
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FIG. 3. Frequency of the top 20 most often used thermal-comfort-related descriptors for Singapore (coral ﬁll) and Phoenix (indigo ﬁll) between 2012 and 2019.

occurred above 20 times in our dataset, we excluded tweets
containing this word combination from the dataset classifying
hot and cold sensations. Remaining keywords classiﬁed into
hot and cold sensations were used to generate monthly and
hourly time series of hot and cold sensations and air temperature
(Ta) and wet bulb temperature (Tw) means and to conduct

Spearman’s rho correlation analysis. Ta is a commonly used
weather variable in similar studies (Young et al. 2021; Murakami
et al. 2016). Tw is useful for understanding the evaporative cooling potential of the body, which is crucial in hot environments
and can be restricted in climates with high atmospheric moisture
content (Davis et al. 2016).

FIG. 4. Monthly time series for (left) Ta and (right) Tw and frequency of hot- and cold-expressing thermal sensations
for (a),(b) Singapore and (c),(d) Phoenix between 2012 and 2019.
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FIG. 5. Hourly time series for (left) Ta and (right) Tw and frequency of hot- and cold-expressing thermal sensations for
Singapore (a),(b) intermonsoon (April–May and October–November) and (c),(d) monsoon season (December–March
and June–September) between 2012 and 2019. Data are in local time (UTC 1 8 h).

To ascertain lexical patterns of weather-related tweets across
countries and seasons, string data were used to generate word
clouds with occurrences above 100 times. Text stemming was
also employed to identify and consolidate words with the same
base word. For instance, “sweating” and “sweaty” would be
grouped under the same stem with the meaning “sweat.” Then,
the text string data were organized according to seasonal time
periods for each city. For Singapore, the periods were monsoon
(December–March and June–September) and intermonsoon
periods (April–May and October–November); for Phoenix, the
periods were spring/fall season (March, April, October,
and November), summer (May–September), and winter
(December–February). Furthermore, word clouds were produced
to understand the commonly used language during those seasonally important time periods. Analysis in this study was performed
using RStudio, version 1.4.1106.

3. Results
Tweets including the word “weather” and location set to the
respective city amounted to 48 186 tweets for Phoenix and 34 899
for Singapore. After removing duplicates and tweets from ofﬁcial
weather channels, the remaining 22 408 tweets for Phoenix and
29 832 for Singapore were used for analysis. Singapore had fewer
tweets between 2012 and 2013 than did Phoenix (Fig. 2), with a
sharp increase in 2014, coinciding with an extreme weather
(drought) event that year (McBride et al. 2015), and a downward

trend since then. Phoenix had a relatively equal distribution of
weather-related tweets throughout the period of interest with a
slight increase between 2014 and 2016.
Among 20 most frequently used words for Phoenix (Fig. 3),
“cold” and “hot” were used most often: 1181 and 883 times, respectively. For Singapore, “hot” was used 4179 times, followed
by “cold” (n 5 1579). Other words used above 300 times were
“warm,” “cool,” “heat,” and “sunny” for Phoenix and “humid,”
“cool,” “warm,” and “sunny” for Singapore.

a. Relationship between weather and thermal sensations
Aggregated monthly weather time series for both cities
showed relationships with thermal sensations. The rise in hot
sensations coincided with the increase in Ta and decreased in
the following months even though the temperature remained
high. Hot sensations for both cities peaked in June and were
the lowest in winter months.
In Singapore (Figs. 4a,b), the slope of rising hot sensations
closely followed the slopes for Ta and Tw. We observed two
peaks in hot sensations, the ﬁrst one occurring in April, at the
onset of the rise in Ta and Tw, the second, higher peak, in hot
sensations coincided with the peak in Ta while the peak in
Tw occurred one month earlier, in May. Overall, Tw had a
slightly stronger relationship with hot sensations than did Ta
(Tw: R2 5 0.90, p , 0.01; Ta: R2 5 0.85, p , 0.01). Cold
sensations, however, were not signiﬁcantly related to Ta and
Tw in Singapore.
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FIG. 6. Hourly time series for (left) Ta and (right) Tw and frequency of hot- and cold-expressing thermal sensations for
Phoenix (a),(b) summer season (May–September); (c),(d) spring/fall season (March, April, October, and November);
and (e),(f) winter season (December–February) between 2012 and 2019. Data are in local time (UTC 2 7 h).

In Phoenix (Figs. 4c,d), both hot and cold sensations tweets
were signiﬁcantly correlated with Ta and Tw. Unlike Singapore, there was one pronounced peak in hot sensations in
June and Ta had a slightly stronger relationship with both hot
(Ta: R2 5 0.95, p , 0.01; Tw: R2 5 0.87, p , 0.001) and cold sensations (Ta: R2 5 20.85, p , 0.01; Tw: R2 5 20.75, p , 0.01).
Peak in tweets referring to hot sensations preceded the peak in
Ta and Tw by one and two months, respectively. Peaks in tweets
referring to cold sensations coincided with lowest Ta and Tw.
Seasonal hourly time series showed that the peak in hot sensations occurred between 1400 and 1500 local time (LT) in
Singapore, and generally followed a similar pattern to Ta
for both intermonsoon (R2 5 0.86, p , 0.01) and monsoon
(R2 5 0.89, p , 0.01) seasons, respectively (Fig. 5). Tw was

not signiﬁcantly correlated with hot sensations during intermonsoon but was weakly correlated with hot sensations during
the monsoon season (R2 5 0.49, p 5 0.018). Cold sensations
were not associated with hourly weather trends in Singapore.
In Phoenix, aggregated hourly series showed that hot sensations had a strong relationship with Ta (R2 5 0.79, p , 0.01)
and Tw (R2 5 0.70, p , 0.01) in summer with peak occurrences
of hot sensations at 1500 LT (Fig. 6a). Hourly Ta had a slightly
stronger relationship with hot sensations during the spring/fall
season than Tw (Ta: R2 5 0.69, p , 0.01; Tw: R2 5 0.67,
p , 0.01), but the overall trend had a moderate strength, and we
did not observe a distinctive peak for hot sensations (Figs. 6c,d).
Both hourly hot and cold sensations were moderately positively
correlated with Ta and Tw in winter (hot: Ta: R 2 5 0.54,
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p 5 0.02; Tw: R 2 5 0.48, p , 0.046; cold: Ta: R 2 5 0.45,
p 5 0.03; Tw: R 2 5 0.42, p 5 0.044) (Figs. 6e,f).

b. Lexical patterns by country and season
Bigrams (Fig. 7) showed two-word sequences of words related
to “weather” such as “hot weather” or “weather sucks.” For
bigrams with occurrences above 30 times, there was a dominant cluster connected to weather around “hot” for Singapore
with dominant negative sensations. Interestingly, bigram “hot
chocolate” was popular in Singapore, mainly indicating positive attitude and preference toward cooler weather, reﬂected
in sentiments like, “what a perfect weather for a perfect hot
chocolate while sitting outdoor”; “this weather calls for cuddles
and hot chocolate.” However, no such cluster emerged for
Phoenix, instead there was a cluster related to temperature
degrees, climate change, and Phoenix Sky Harbor airport.
To further understand participants’ sentiments to weather,
we generated word clouds (Fig. 8) for combined NE and SW
monsoon and intermonsoon periods in Singapore (Figs. 8a,b),
as well as summer, winter, and spring/fall periods in Phoenix
(Figs. 8c–e). Word clouds for the two seasons in Singapore
are similar, where “hot” and “sleep” are the most popular
words in both. However, “rain,” “nice,” and “cold” are
slightly more prominent during the cooler monsoon season.
Word clouds for Phoenix have distinct lexical patterns, with
“degree” and “hot” being the most frequent in summer,
“beautiful” and “perfect” in spring/fall, and “cold,” “perfect,”
and “beautiful” in winter.

4. Discussion
Previous studies have shown that social media data can
elucidate relationships between weather and expressed sentiments (Baylis et al. 2018; Young et al. 2021). In this study, we
found relationships between Ta and Tw and thermal comfort
expressing sensations.
There were clear seasonal differences in frequency of thermal
comfort expressing sensations and Ta for both cities. Even
though mean seasonal changes in Ta were relatively small in
Singapore (mean annual Ta ranges between 278 and 298C), our
analysis showed a strong relationship between Ta and prevalence of hot-related sensations, demonstrating that Twitter
users in Singapore were potentially sensitive to small variations
in weather. Seasonal trends were even more pronounced in
Phoenix, where frequency of both hot and cold-related
sensations was signiﬁcantly correlated with mean Ta and Tw.
The peak in hot sensations for Phoenix and the ﬁrst peak for
Singapore occurred at the onset of the Ta and Tw rise, signaling a higher sensitivity to heat at the start of the season that
can be explained by seasonal alliesthesia, a feeling of (dis)pleasure resulting from the change in thermal conditions
(Cabanac 1971). Similarly, previous studies showed that the
frequency of heat-related tweets was sensitive to not only an increase in temperatures but also to the difference between the
temperatures (Murakami et al. 2016).
Hourly analysis showed that hot-related sensations closely
followed Ta during monsoon and intermonsoon seasons in
Singapore, and hot summer Phoenix months. These results
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could potentially indicate that Twitter users were sensitive to
diurnal temperature differences and quick in expressing heatrelated discomfort almost immediately. While we observed
moderate relationships between Ta and hot sensations for
spring/fall, and positive relationships for both hot and cold
sensations for winter months in Phoenix, we think it might be
generally related to the time of the day when Twitter users
are more active coinciding with diurnal temperature changes.
A small number of weather-related tweets in winter might
have affected the robustness of the analysis. Relationships
between hourly sentiments and Tw were not as pronounced
for Singapore, possibly due to a high variability in hourly
Tw, especially during the intermonsoon seasons characterized by afternoon thunderstorms from strong daytime heating and convection of moist surface air. Tw for Phoenix was
much lower with the shape of the curve closely resembling
Ta, indicating low atmospheric moisture content and high
evaporative capacity.
Furthermore, linguistic analysis of most frequently used words
in tweets presented in word clouds also showed little seasonal
variation during monsoon and intermonsoon in Singapore. On
the other hand, word clouds for Phoenix show more seasonal
variation, indicating an overall positive sentiment toward cooler
weather during spring/fall and winter months. This is also
reﬂected in literature, for instance, Morrissey et al. (1996)
study in northern Australia reveals that humidity and temperature are important factors inﬂuencing mood and behavior, and a study in the United States (Yang et al. 2015)
demonstrates that climate and seasonality can impact mood
and depression rates.
Although this study has shed light on the viability of Twitter
as an indicator of public sentiment toward the weather, it is important to note that the results are speciﬁc to the two cities studied. Different countries and cultures have many variations in
the usage and restrictions of social media, which will lead to
varying results with the same method applied. Moreover, each
city comes with its own unique weather and climate patterns, as
well as populations with their own unique threshold of thermal
(dis)comfort (Alhadad et al. 2019). Current study exhibits clear
differences in weather-related Twitter usage between geographically, culturally, and politically distinct locations. First of all,
while the number of yearly weather-related tweets in Phoenix
was relatively consistent, we observed a spike in Singapore in
2014 followed by a downward trend since (Fig. 2). This spike in
the data is not related to overall Twitter users in Singapore, which
has a slight rising trend (Fig. 9a). However, January–March 2014
was hit by a record long dry spell (McBride et al. 2015), which is
also evidenced by the lowest annual Tw (Fig. 9b). Thus, we believe this factor could have contributed to the rise in weather-related tweets, indicating sensitivity to regional climatic events.
Furthermore, bigram map showed one dominant cluster connected to weather around “hot” for Singapore with dominant
negative sensations and use of profanities to express weather
sentiment. However, no such cluster emerged for Phoenix. Instead, clusters associated with temperature degrees and climate
change mentions emerged. This fact indicates potential differences in the use of Twitter between the two cities. In the United
States, Twitter is widely used by weather channels and public
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FIG. 7. Bigrams of weather-related tweets (N . 30) for (a) Singapore and (b) Phoenix between
2012 and 2019.
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FIG. 8. Word clouds with N , 20 for (a) intermonsoon (April–May and October–November) and (b) monsoon
(December–March and June–September) seasons in Singapore and (c) summer (May–September), (d) spring/fall (March,
April, October, and November), and (e) winter (December–February) seasons in Phoenix between 2012 and 2019.

ofﬁces (Gaztelumendi et al. 2018) to send weather warning messages resulting in a higher awareness and mentions of speciﬁc
temperatures referring to weather advisories among the public.
However, the use of Twitter for advisories in Singapore is
limited.

5. Limitations
Although Twitter data provides a large source of information
to determine the perceptions of individuals, the representativeness of Twitter samples remains as a limitation given the difference in user demographics between cities. For instance, Mislove
et al. (2021) state that the general Twitter user in the United
States is likely to be Caucasian, male, and located in major
cities. Differences in the use of social media platforms should

be accounted for cross-city comparisons between different
countries and cultural contexts. Future studies need to take into
account the study area’s unique climate, demographics, language,
thermal thresholds, and preferred social media platform.
Furthermore, countries with multiple commonly spoken languages present challenges for text analysis and comparison. In
our study, both Phoenix and Singapore have more than one commonly used language. Singapore has four ofﬁcial languages}
English, Malay, Tamil, and Mandarin. English is the most widely
spoken vernacular across all ethnic groups (Singstat 2020). Singlish, a colloquial language of English mixed with Chinese dialects
and Malay, is also used in Singapore. However, there are limited
resources to analyze this language variant, and English is still
critical to understand the sentiment alongside other languages
(Lo et al. 2017). In Phoenix, approximately 70% of the
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FIG. 9. (a) Frequency of Twitter users and (b) mean annual Tw for Singapore between 2012 and 2019.

population speak mainly English in their household, followed
by Spanish (U.S. Census Bureau 2019). Thus, for comparability
between both cities, English has been selected for this analysis.

6. Conclusions
We demonstrated strong relationships between both diurnal
and seasonal changes in temperature and number of thermal
comfort-related sensations. In Singapore, hot sensations were
inﬂuenced by Ta and Tw, even though monthly temperature
changes were small. In Phoenix, both hot and cold sensations
were sensitive to weather changes. Singapore heat expressing
sensations were also strongly inﬂuenced by diurnal changes in
Ta throughout the year, while for Phoenix, there was a strong
relationship during summer. We also showed the indication of
seasonal alliesthesia in both cities since hot-related tweets
peaked at the beginning of the seasonal rise in Ta and Tw and
went down in the subsequent months.
The most used weather descriptors for Singapore and
Phoenix were “hot” and “cold.” Discomfort related to high

atmospheric moisture in Singapore was evident through
such descriptors as “humid,” “sweating,” and “melting.”
Word clouds showed no clear lexical seasonal pattern in
Singapore. In Phoenix, on the other hand, we observed clear
seasonal trends with more mentions of “degrees” and “hot”
in summer versus more positive sentiments during spring/
fall and winter, with such words as “perfect,” “beautiful,”
and “cold.”
Bigrams showed a negative cluster related to hot weather in
Singapore. In Phoenix, we observed clusters involving the
mentions of temperature degrees, which are likely associated
to extreme weather advisories, as well as mention of climate
change. This brings us to the point that, while in both cities
tweets have strong correlations with weather, it has to be interpreted according to regional contexts. For instance, in this
case, Twitter demonstrates the public’s dissatisfaction with
weather in Singapore, while at the same time it also reﬂects
how local government weather advisories inﬂuence public
weather perception in Phoenix. Furthermore, we hypothesized
that weather-related tweets in Singapore were inﬂuenced by

TABLE A1. List of 100 weather descriptors used for initial screening of Twitter data.
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20

Airy
Alpine
Arctic
Arid
Balmy
Barren
Billowing
Blaze
Blazing
Blistering
Blustery
Boiling
Breeze
Breezy
Brisk
Burn
Burning
Chill
Chilled
Clammy

21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40

Cold
Cool
Cosy
Cozy
Crisp
Dank
Dehydrated
Desiccated
Draft
Drafty
Dry
Dusty
Feverish
Fiery
Freezing
Fresh
Frigid
Frosty
Frozen
Glacial

41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60

Glowing
Gusty
Heat
Heated
Hot
Humid
Humidity
Icy
Lukewarm
Melting
Mild
Mistral
Moist
Muggy
Parched
Parching
Polar
Radiant
Roasting
Scalding

61
62
63
64
65
66
67
68
69
70
71
72
73
74
75
76
77
78
79
80

Scorching
Searing
Shivering
Siberian
Sizzling
Smelting
Snowy
Snug
Soaking
Soupy
Steam
Steaming
Steamy
Sticky
Stormy
Sultry
Summery
Sunburn
Sunlight
Sunlit

81
82
83
84
85
86
87
88
89
90
91
92
93
94
95
96
97
98
99
100

Sunny
Sunshine
Sweat
Sweating
Sweaty
Swelter
Sweltering
Temperate
Tepid
Toast
Toasty
Torrid
Tropical
Turbulent
Unbearable
Unbearably
Warm
Windswept
Windy
Wintry
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FIG. B1. Description of data-cleaning and relevance-assessment process.

the 2014 drought, which is reﬂected in the spike of tweets, indicating sensitivity to regional climate events. Also, lower overall mean sentiment score in Singapore is possibly due to the
higher annual mean Ta and little seasonal variability.

Liu et al. (2020), along with an additional 24 weather descriptors added by the authors.
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APPENDIX A
Weather Descriptors
This appendix presents Table A1, which contains the list of
weather descriptors used for the initial screening of Twitter
data. It contains 76 climatic adjectives that were adopted from
TABLE B1. Relevance results.

Singapore
Phoenix, Arizona

Raw data

Cleaned data

78.5%
42.45%

95%
86.75%

APPENDIX B

This appendix provides an overview of the process of collecting, cleaning, and ﬁltering data (Fig. B1) to assure their
relevance toward the subsequent analysis. It also presents the
relevance results for Singapore and Phoenix for raw and
cleaned data (Table B1).
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