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Abstract

Food choice is a complex phenomenon shaped001
by factors such as taste, ambience, culture or002
weather. With the recent increase in dataset003
availability about food perception on Twitter004
and historical weather data, we attempt to ex-005
plore food-related tweeting in different weather006
conditions. We inspect a Latvian food tweet007
dataset spanning the past decade in conjunction008
with a weather observation dataset consisting009
of average temperature, precipitation, and other010
phenomena. We find which weather conditions011
lead to specific food information sharing; au-012
tomatically classify tweet sentiment and dis-013
cuss how it changes depending on the weather.014
This research contributes to the growing area of015
large-scale social network data understanding016
of food consumers’ choices and perceptions.017

1. Introduction018

This paper focuses on the relationship between019

food sentiment and weather using the previously020

collected Latvian Twitter Eater Corpus (LTEC021

(Sproǧis and Rikters, 2020)). We seek to answer022

(1) is there a correlation between food sentiment023

and weather experienced at the time of tweeting024

and (2) what are the differences in the term frequen-025

cies of food mentioned depending on the weather.026

The rationale for this paper is to contribute to027

deeper understanding of human-food relationship,028

in particular in relation to weather data. We be-029

lieve that with more nuanced knowledge of human-030

food relationships and factors influencing them,031

we can provide valuable inputs for public health032

policy makers when they develop their strategies033

and nudge consumers to choose more healthy op-034

tions of food. Weather people - this is a term that035

Bakhshi (Maderer, 2014) used to explain our de-036

pendence on the weather regarding food choices037

and satisfaction with food. While the weather is038

known to alter consumers’ mood significantly and039

consequently their behaviour (Bujisic et al., 2019),040

there have been surprisingly few studies that illus- 041

trate weather’s impact on food perception and food 042

choices, except some that have used online and of- 043

fline restaurant reviews as a proxy of measuring it 044

(Bakhshi et al., 2014; Bujisic et al., 2019). They 045

find that weather impacts both the frequency of the 046

feedback that food consumers provide, as well as 047

its content. Typically, sunny and pleasant weather 048

leads to more frequent and more positive feedback, 049

since low levels of humidity and high levels of 050

sunlight are associated with high mood. At the 051

same time, reviews written on rainy or snowy days, 052

namely days with precipitation, tend to have lower 053

ratings. Instead of analysing restaurant reviews, we 054

focus on Twitter, where food represents one of the 055

key themes discussed, providing us with sponta- 056

neous reactions, which is a unique feature when 057

compared to other data collection methods like re- 058

views or food diaries (Puerta et al., 2020). Our 059

analysis of the LTEC provides a food-related set 060

of discussions that we can correlate with weather 061

data, leading to the following research inquiries: 1) 062

is there a correlation between food tweet sentiment 063

and the weather that the tweet authors are expe- 064

riencing at the time of tweeting? 2) what are the 065

differences in terms of frequencies of what food is 066

mentioned in tweets depending on weather? One of 067

the reasons, why there are few weather-food choice 068

related studies, is the lack of data - we do not have 069

access to retailers’ food sales data that could be 070

correlated with the weather data. Instead, we are 071

focusing how food is represented in social media 072

- in particular Twitter, assuming that tweet is an 073

appropriate proxy to measure sentiment related to 074

food consumption. With this analysis of weather- 075

related dynamics in LTEC, we contribute to the 076

research field that links food and mood, adding 077

weather impact on the mood in particular. 078
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2. Related Work079

Food consumption is a complex process that is080

impacted interchangeably by various endogenous081

factors, such as taste, quality, texture, colour and082

others, as well as exogenous or external factors083

ranging from demography, educational level, time084

of the day, weather, the ambience where it is con-085

sumed and others (Velasco et al., 2021; Bujisic086

et al., 2019). Mood is the determining factor in087

food choice, where good mood is associated with088

healthier food choices and bad mood with less089

healthy food choices (Spence, 2021a). Food choice090

is also seasonally patterned in particular in areas091

with more seasonal climate in terms of temperature.092

Even though most of our modern lives are spent in-093

doors, weather and climate conditions still impact094

our food preferences and consumption (Spence,095

2021c). While seasonal food consumption patterns096

are culture-based and differ in various geographical097

regions, weather-related preferences seem univer-098

sal. Sunny and moderate temperature-wise weather099

leads to better mood, while more extreme weather100

(hot, cold, precipitation) is less pleasant and im-101

pacts mood, food consumption experiences.102

A large-scale study on demographics, weather,103

and restaurant reviews reveals that pleasant weather104

impacts not only the content but also the frequency105

that is higher than during non-pleasant weather con-106

ditions (Bakhshi et al., 2014). This is an important107

indicator that a review can serve as a proxy for108

measuring the weather’s impact on mood and, thus,109

the food consumption experience. Consumer com-110

ments and word-of-mouth have also been studied111

in relation to weather, implying that consumers’112

pre-consumption mood directly influences post-113

consumption mood, and consumers’ satisfaction114

with the service accordingly. Pre-consumption115

mood, is viewed via weather conditions, where116

eight weather-related variables have been consid-117

ered, including visibility, rain, storm, humidity,118

wind speed, pressure. By including temperature,119

barometric pressure, and rain as variables reduces120

unexplained variance and improves results of the121

experiment. This study successfully links weather122

to mood and its transfer to affective experience and123

consumer behaviour (Bujisic et al., 2019).124

Considering previous studies that prove the link125

of weather to mood and food perception accord-126

ingly, with our work, we aim to illustrate this link127

via tweet sentiment evaluation. We refine our study128

by looking at frequencies - what foods authors129

tweet more in pleasant weather and unpleasant 130

weather conditions, mapping the weather-related 131

food scene in Latvian language Twitter. 132

3. Case Study of Latvia 133

Latvia has four distinct seasons: winter is Decem- 134

ber to February, spring - March to May, summer 135

- June to August, autumn - September to Novem- 136

ber. The average annual air temperature in Latvia 137

is only +5.9°C. The warmest month is July, and 138

the coldest months are January, February (also the 139

snowiest). Months with the most precipitation are 140

July and August, while the least is in February and 141

March. The highest wind speeds are in November, 142

December and January, and the lowest are in July 143

and August (LVG, MC, 2009). To conclude, Latvia 144

provides an example of a country in the North- 145

ern hemisphere with various weather conditions 146

to analyse from the perspective of tweeting about 147

food. 148

Besides recognising weather data, Latvian na- 149

tional cuisine seasonality aspects should be con- 150

sidered. Specific foods are consumed in certain 151

seasons in Latvia - cold soup in summer, grey peas, 152

tangerines and gingerbread for the Christmas sea- 153

son (Kāle et al., 2021). This cultural context is im- 154

portant for understanding weather-related impact 155

on food tweet understanding. 156

Other cyclical events that are present in any mod- 157

ern society should also be considered. Not just 158

weather and seasonal celebrations are cyclical in 159

nature and correlate with the time of the year. There 160

are other variables that correspond to the time of 161

year that could be possible confounds, for example, 162

school schedules, holiday seasons, election events, 163

sport events, etc. While aware of such cyclical 164

events, we do not highlight them here due to lack 165

of previous research to provide us with reference 166

data. The only study about the timeline of food 167

related tweets in Latvia reveals that a slight de- 168

crease of food tweeting was observed on weekend 169

evenings, and a significant one – on weekend morn- 170

ings (Kāle et al., 2021). These results could imply 171

the overall differences in mood and behaviour at 172

various times of the day/meals: e.g. people tend 173

to be more ‘virtuous’ in mornings by choosing 174

healthy and nutritious food, while snacking during 175

afternoons (Spence, 2021b). 176

The nuances to consider can be categorized in in- 177

dividual circadian rhythms, culture/climate bound 178

seasonality cycles, celebrations, and cyclical events. 179

While being aware of those multiple factors, in this 180
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Figure 1: Available weather data from Meteostat.

work we focus on weather data primarily, linking181

them with tweet sentiment without additional refer-182

ences to cyclical nature of human life.183

4. Data Collection and Processing184

We used a combination of two data sources - the185

LTEC for tweets and weather data exported from186

Meteostat1. We mainly focused on tweets and187

weather relating to Riga, the capital of Latvia, since188

most tweets with location data originated there, and189

it was difficult to obtain detailed historical weather190

data for the smaller regions.191

The LTEC has a total of 2.4M tweets generated192

by 169k users. It has been collected over ten years193

following 363 eating-related keywords in Latvian.194

Among the tweets, 167k have location metadata195

specified, of which 68k were from Riga and 9k196

more from areas around Riga. To further increase197

the number of location-related tweets, we selected198

all remaining tweets which mention Riga or any199

of its surrounding areas (Marupe, Kekava, Adazi,200

etc.) in any valid inflected form. This added 54k201

tweets, giving a total of 131,595.202

In addition to location metadata, the LTEC pro-203

vides all food items mentioned in the text and a sep-204

arate subset of sentiment-annotated tweets for train-205

ing sentiment analysis models. We use the 5420206

annotated tweets to fine-tune a multilingual BERT207

(Devlin et al., 2019) model for this task along with208

∼20,000 sentiment-annotated Latvian tweets from209

other sources2. Evaluation was performed on the210

743 tweet test set from LTEC and reached an ac-211

curacy of 74.06%. We then use the model to au-212

tomatically classify the location-specific tweets as213

positive, neutral or negative.214

We could reliably obtain only data for tempera-215

ture and precipitation from Meteostat, while data216

for snowfall was only available up to 2017, and data217

1https://meteostat.net/en/place/lv/riga
2https://github.com/Usprogis/Latvian-Twitter-Eater-

Corpus/tree/master/sub-corpora/sentiment-analysis

for wind speed and air pressure was only available 218

from 2018 onward. Figure 1 shows a visualisation 219

of the data. There was no available data to trace 220

daily sunshine, but it can be inferred from looking 221

at precipitation, snowfall and air pressure. 222

4.1. Limitations and Assumptions 223

Our work has several important limitations that 224

can be grouped into categories of 1) data avail- 225

ability, 2) tweet author’s demographic profile, and 226

3) generalisation of the results. First, we could 227

only obtain fairly superficial weather data while 228

weather change during the same day was not con- 229

sidered due to lack of detail. Second, we cannot 230

provide a demographic outlook of the usual tweet 231

author in LTEC, and our analysis includes tweets 232

by general digitally literate people active on Twitter. 233

Third, considering the limitations discussed, our 234

results are not an exact extrapolation of weather- 235

related food perception in Latvian society. Never- 236

theless, our approach adds to the understanding of 237

weather’s impact on the part of the Latvian society 238

which tweets about food. 239

5. Analysis and Results 240

While the results of tweet sentiment in terms of the 241

percentage of negative, neutral and positive tweets 242

are largely the same for all weather conditions, we 243

can still observe considerably fewer positive tweets 244

during windy weather, as well as high-pressure, 245

as shown in Table 2. We were surprised to see 246

that even during low-pressure weather conditions, 247

tweets are not necessarily dominated by negative 248

sentiment - quite the opposite - food tweets have 249

been related to mostly positive sentiment. It could 250

be explained by the fact that people are tweeting 251

about comfort food (e.g. coffee, chocolate, other) 252

or that any food could be comforting during days 253

of low-pressure weather conditions. This remains 254

to be answered in a more fine-grained manual anal- 255

ysis. 256

The right part of Table 1 shows that tea exceeds 257

coffee during cold weather, and there is also a slight 258

increase in tweets about chocolate in cold weather, 259

while the frequency of ice-cream tweets doubles in 260

warm weather. Interestingly, the amount of tweets 261

in hot or cold weather in relation to meat, cake or 262

soup remains largely similar. While warm weather 263

tweets include strawberries, cold weather tweets in- 264

clude gingerbread, which coincides with seasonal 265

Christmas food. There are no other notable dif- 266

ferences between warm and cold weather tweets, 267
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Product Rainy Windy Warm Cold
Tea 8.78% 6.64% 7.70% 10.08%
Coffee 6.59% 5.94% 6.77% 6.73%
Meat 4.20% 9.44% 4.38% 3.95%
Chocolate 4.83% 3.50% 4.56% 5.14%
Cake 2.77% 4.20% 2.85% 2.93%
Ice cream 3.05% 1.75% 4.04% 2.39%
Salad 2.19% 3.15% 2.14% 1.81%
Dumplings 2.25% 1.05% 2.28% 2.12%
Pancake 2.16% 0.70% 2.07% 2.20%
Sauce 2.01% 0.70% 2.07% 1.65%
Gingerbread 1.49% 2.10% 0.74% 2.10%

Table 1: Comparison of top products during windy
(wind speed ≥ 20km/h), rainy (precipitation > 0), cold
(≤ 0 ◦C), and warm weather (≥ 0 ◦C).

Negative Neutral Positive
Cold 12.59% 37.25% 50.17%
Warm 13.20% 38.68% 48.12%
Windy 23.15% 48.40% 28.45%
Snowy 11.88% 36.06% 52.06%
Rainy 13.63% 38.64% 47.73%
High Pres 23.10% 48.26% 28.63%
Low Pres 12.63% 38.72% 48.65%
Overall 13.07% 38.38% 48.55%

Table 2: Weather relation to tweet sentiment.

which leads to a conclusion that spending most of268

our lives indoors has harmonised foods we tweet269

about in different seasons and weather conditions.270

A slightly different result is revealed in the left271

part of Table 1, which indicates that during windy272

weather, meat becomes the most popular food item,273

while in rainy weather, the results are similar to274

cold weather - where tea dominates. While it is275

difficult to explain this result, a pure speculation276

could be that wind is less visible than temperature277

that is frequently reported in media or precipita-278

tion that is visually noticeable before leaving the279

home, and, thus, without proper clothing during280

windy weather one might become uncomfortably281

cold, which in turn could lead to higher willingness282

to consume meat. Chocolate is twice as popular283

during rainy weather than during windy weather,284

and it could be related to a lack of sunshine during285

rainy weather that needs to be compensated with286

chocolate, while a windy day can still be sunny.287

Only potatoes remain stable in terms of tweet-288

ing frequencies in any weather - be it warm, cold,289

windy or rainy. This can be explained by the fact290

that potatoes are part of a daily diet in Latvia and291

constitute the basis for energy intake.292

6. Conclusion 293

This paper contributes to understanding how 294

weather impacts the mood of food consumers by 295

showing how certain weather conditions impact 296

food tweets. Such knowledge can be useful for 297

public health policymakers and applied when nudg- 298

ing consumers to choose more healthy food alter- 299

natives in different weather conditions and seasons. 300

Food choice and consumption play an important 301

role in public health. Obesity, type 2 diabetes and 302

cardiovascular diseases are just a few of the health 303

problems acquired due to nutritional specifics (Min 304

et al., 2019; Mai et al., 2011). The global spread 305

of obesity has been labelled a pandemic and it is 306

of utmost importance to understand the underlying 307

factors behind food choice. Acknowledging and 308

understanding the impact of weather on food con- 309

sumers and their affective reactions helps explain 310

the complexities associated - food waste, healthy 311

vs. unhealthy choices and other issues. 312

We also highlight the lack of weather data to ob- 313

tain precise results. A more fine-grained and longi- 314

tudinal weather data set could allow for higher pre- 315

cision for food tweet data correlation. Besides the 316

lack of weather data, there should also be additional 317

studies done with regard to other cyclical events 318

encountered in modern lives - e.g. school sched- 319

ule and holidays, annual sport events and other - 320

to capture the impact of weather and non-weather 321

related seasonality on food tweet sentiment. 322

This study contributes to contextualising the be- 323

haviour of tweeting about food in a given geograph- 324

ical area and builds an innovative model for a more 325

nuanced understanding of food-related discourses 326

in Latvian language Twitter (Velasco et al., 2021). 327

The contextual knowledge created in this study 328

can be helpful for researchers who work with per- 329

sonalised food and health application model de- 330

velopment since humans are social beings, and 331

peer behaviour impacts their choices. Furthermore, 332

this study can contribute to highlighting the level 333

of how interconnected our digital and analogue 334

lives are - following up the tweet sentiment and fre- 335

quency indicators with actual purchasing behaviour 336

and food sales data. We plan to release the tweet- 337

weather dataset as an addition to the existing LTEC 338

and make it public on GitHub. 339
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Uga Sproǧis and Matı̄ss Rikters. 2020. What 424

Can We Learn From Almost a Decade of Food 425

Tweets. In Proceedings of the 9th Conference 426

Human Language Technologies - The Baltic Per- 427

spective (Baltic HLT 2020). IOS Press, Kaunas, 428

Lithuania, 191–198. 429

Carlos Velasco, Charles Michel, and Charles 430

Spence. 2021. Gastrophysics: Current ap- 431

proaches and future directions. International 432

Journal of Food Design 6, 2 (2021), 137–152. 433

5

https://doi.org/10.1145/2566486.2568021
https://doi.org/10.1145/2566486.2568021
https://doi.org/10.1145/2566486.2568021
https://doi.org/10.1177/1096348019835600
https://doi.org/10.1177/1096348019835600
https://doi.org/10.1177/1096348019835600
https://doi.org/10.18653/v1/N19-1423
https://doi.org/10.18653/v1/N19-1423
https://doi.org/10.18653/v1/N19-1423
https://www.ingentaconnect.com/content/intellect/ijfd/2021/00000006/00000002/art00003
https://www.ingentaconnect.com/content/intellect/ijfd/2021/00000006/00000002/art00003
https://www.ingentaconnect.com/content/intellect/ijfd/2021/00000006/00000002/art00003
https://www.ingentaconnect.com/content/intellect/ijfd/2021/00000006/00000002/art00003
https://www.ingentaconnect.com/content/intellect/ijfd/2021/00000006/00000002/art00003
https://www.meteo.lv/en/lapas/environment/climate-change/climate-of-latvia/climat-latvia?id=1471
https://www.meteo.lv/en/lapas/environment/climate-change/climate-of-latvia/climat-latvia?id=1471
https://www.meteo.lv/en/lapas/environment/climate-change/climate-of-latvia/climat-latvia?id=1471
https://www.meteo.lv/en/lapas/environment/climate-change/climate-of-latvia/climat-latvia?id=1471
https://www.meteo.lv/en/lapas/environment/climate-change/climate-of-latvia/climat-latvia?id=1471
https://www.meteo.lv/en/lapas/environment/climate-change/climate-of-latvia/climat-latvia?id=1471
https://www.meteo.lv/en/lapas/environment/climate-change/climate-of-latvia/climat-latvia?id=1471
https://news.gatech.edu/news/2014/04/02/rainy-day-can-ruin-online-restaurant-review
https://news.gatech.edu/news/2014/04/02/rainy-day-can-ruin-online-restaurant-review
https://news.gatech.edu/news/2014/04/02/rainy-day-can-ruin-online-restaurant-review
https://news.gatech.edu/news/2014/04/02/rainy-day-can-ruin-online-restaurant-review
https://news.gatech.edu/news/2014/04/02/rainy-day-can-ruin-online-restaurant-review
https://doi.org/10.1177/1474651411410725
https://doi.org/10.1177/1474651411410725
https://doi.org/10.1177/1474651411410725
https://doi.org/10.1145/3329168
https://doi.org/10.1145/3329168
https://doi.org/10.1145/3329168
https://doi.org/10.1016/j.foodqual.2020.103993
https://doi.org/10.1016/j.foodqual.2020.103993
https://doi.org/10.1016/j.foodqual.2020.103993
https://doi.org/10.1016/j.foodqual.2021.104198
https://doi.org/10.1016/j.foodqual.2021.104198
https://doi.org/10.1016/j.foodqual.2021.104198
https://doi.org/10.1016/j.foodqual.2021.104198
https://doi.org/10.1016/j.foodqual.2021.104198
https://doi.org/10.1016/j.foodqual.2021.104198
https://doi.org/10.1016/j.ijgfs.2021.100332
https://doi.org/10.1016/j.ijgfs.2021.100332
https://doi.org/10.1016/j.ijgfs.2021.100332

	Introduction
	Related Work
	Case Study of Latvia
	Data Collection and Processing
	Limitations and Assumptions

	Analysis and Results
	Conclusion

