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Abstract 9 

Vegetables are vital for urban nutrition security, yet their wholesale price stability in response 10 
to temperature extremes is poorly understood. Analyzing a decade of daily data from 265 11 
Chinese wholesale markets, we find that extreme heat and cold significantly disrupt urban 12 
vegetable distribution, raising price volatility. We project that without adaptive interventions, 13 
future climate scenarios could translate changes in average wholesale prices into annual 14 
national-scale monetary impacts of 57 to 188 billion CNY by the end of the century. However, 15 
our analysis identifies powerful buffers: cities with robust self-sufficiency and efficient 16 
transport, alongside vegetables with longer shelf lives and higher market values, exhibit 17 
markedly stronger resilience. Most importantly, we show that strategic urban adaptations, such 18 
as investing in cold chains and shortening supply chains, could mitigate 56% to 89% of these 19 
projected monetary impacts. These findings highlight that targeted investments in urban 20 
supply chains are a critical strategy for safeguarding food security in a warming world. 21 
 22 

Main 23 

Global climate change threatens agricultural productivity and urban food systems1,2. 24 
Building climate-resilient urban food systems is therefore essential for ensuring food security 25 
and equitable nutrition access in rapidly urbanizing regions3,4. While extensive research has 26 
examined the impact of extreme temperatures on crop yields5, a critical gap remains in 27 
understanding how these extremes affect the distribution of food within cities. Specifically, 28 
the vulnerability of urban vegetable supply chains to climate shocks, particularly as revealed 29 
through price mechanisms, is underexplored. Vegetable wholesale prices in urban markets 30 
serve as a powerful lens into this hidden vulnerability. They are a critical indicator of supply 31 
chain efficiency, bridging the producer-consumer continuum and reflecting downstream 32 
transportation, storage, and market dynamics6. While retail prices are vital for assessing 33 
household food security and have been widely investigated regarding urban residents’ access 34 
to affordable produce7, our focus on wholesale prices aims to fill a complementary gap. 35 
Specifically, it unpacks supply chain vulnerabilities, a dimension less explored in the literature, 36 
where most studies have centered on retail price dynamics. Assessing the net socioeconomic 37 
impacts of extreme weather disruptions on high-volume, perishable vegetable crops in urban 38 
wholesale hubs can inform nutrition-focused urban policy measures, such as investments in 39 
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resilient infrastructure, and advance climate adaptation frameworks tailored to city 40 
environments.  41 

This study addresses this gap by analyzing vegetable wholesale price dynamics to pinpoint 42 
climate vulnerabilities in post-harvest logistics and distribution, thereby positioning cities as 43 
critical nodes in the food system. Based on a spatial Market Equilibrium Framework (see 44 
Supplementary Part A), we theoretically deduce that while production costs and consumer 45 
preferences determine long-term price levels, they remain rigid within a daily window. 46 
Consequently, distribution frictions (transportation costs and spoilage rates) are the primary 47 
drivers of short-term volatility. By focusing on the wholesale stage, we isolate this climate-48 
driven volatility, capturing how thermal shocks affect perishable goods under urban 49 
constraints like limited storage and transportation disruptions. Specifically, our model—50 
anchored by a Constant Elasticity of Substitution (CES) utility function—identifies two key 51 
channels of climate impact: (1) post-harvest storage vulnerability, where regions lacking robust 52 
infrastructure (e.g., refrigerated systems) face greater price volatility during extreme events; (2) 53 
logistics-stage vulnerability, where heat or cold waves induce transport delays, 54 
disproportionately escalating prices for time-sensitive vegetables like leafy greens.8 These 55 
insights directly inform targeted urban adaptation. Our analysis demonstrates how investments 56 
in climate-resilient infrastructure, such as cold chains to mitigate heat impacts or improved 57 
road networks to alleviate cold-wave disruptions, can effectively buffer these shocks. By 58 
quantifying these effects, this study provides actionable insights for policymakers to prioritize 59 
investments in peri-urban agriculture and integrated planning, ultimately strengthening urban 60 
nutritional and economic stability. Supplementary Part B provides background information, 61 
including vegetable supply chain and wholesale prices in an urban context and China’s 62 
vegetable production, with an extension to the Global South.  63 

Fig. 1a presents the spatial distribution of China’s 265 vegetable wholesale markets in 64 
major urban centers, alongside seasonal price distributions for nine subcategories (Leafy 65 
vegetables, Eggplant, Scallions and Garlic, Cabbage, Potato and Taro, Root Vegetables, 66 
Melons, Beans, and Others) across the four seasons (Fig. 1b-1e). Price trends for the nine 67 
vegetable categories are reported in Extended Fig. 1. Extended Fig. 2 illustrates the correlation 68 
between changes in vegetable wholesale prices and market-level local temperatures in these 69 
urban settings, with an inverse relationship observed. However, this observed correlation may 70 
not be causal and could be influenced by other urban economic or environmental conditions. 71 
This paper aims to fill a critical gap by quantifying the immediate temperature effects on urban 72 
vegetable wholesale price changes and mapping sustained adaptive trends via extrapolation9. 73 
We utilize daily data for vegetable wholesale prices and daily maximum temperatures, paired 74 
with climate scenarios for projections. Covering January 1, 2012, to April 18, 2023, the dataset 75 
includes 386 vegetable types across nine categories from 265 major urban wholesale markets 76 
in 30 provinces, representing over 70% of China’s vegetable consumption10, and one of the 77 
world’s largest urban vegetable supply chain networks.  Extended Fig. 3 illustrates the role of 78 
wholesale markets in the vegetable supply chain in China. 79 

We use fixed-effects panel regressions with temperatures categorized into 3°C bins over 80 
a six-day average, aligned with our lag analysis (Extended Fig. 4), to capture short-term supply 81 
chain impacts. Controls include weather variables (e.g., humidity, precipitation, and sunshine 82 
duration), air pollution, and fixed effects for regions, vegetable types, concurrent exogenous 83 
shocks in China, and regional temporal trends (see Methods). This methodology infers causal 84 
relationships between temperature and price dynamics in an urban context. This approach 85 
ensures that the remaining variations in extreme temperatures are unlikely to correlate with 86 
unobserved economic or environmental factors affecting urban consumption. As a 87 
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falsification test, we estimate the impact of future temperatures on current wholesale vegetable 88 
prices to further support causality. Additionally, we analyze temperature effects across 89 
vegetable subcategories, investigate nonlinear impacts over multiple days, and assess 90 
heterogeneous effects across different urban climate regions. 91 

Our analysis provides five insights with urban policy relevance. First, extreme heat and 92 
cold directly drive wholesale price volatility in urban markets, robust across models. Second, 93 
per the CES model, storable, high-priced vegetables and cities with strong transport and self-94 
sufficiency show resilience, guiding food hub planning. Third, without adaptation, climate 95 
change amplifies fluctuations under RCP4.5 and RCP8.5 by century’s end, but adaptation 96 
mitigates these substantially. Fourth, adaptations like cold chain logistics, peri-urban 97 
incentives, and smart infrastructure render RCP4.5 effects negligible and cut RCP8.5 impacts 98 
by 58%, underscoring adaptability’s role in price stability. Lastly, all regions—hot, temperate, 99 
or cold (defined in Fig. 5)—benefit from extreme-temperature adaptations, often fully 100 
offsetting volatility under moderate warming in milder areas. 101 
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Fig. 1|Spatial distribution of wholesale markets and seasonal price variations across 134 
vegetable categories.  135 
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a, Spatial distribution of the 265 monitored wholesale vegetable markets across China. Markets are 136 
represented by distinctive colors and marker sizes corresponding to their overall vegetable price levels. b-e, 137 
Price distributions for nine vegetable categories across the four seasons: Spring (March 1 to May 31) (b), 138 
Summer (June 1 to August 31) (c), Autumn (September 1 to November 30) (d), and Winter, from December 139 
1 (previous year) to February 28/29 (current year) (e). In panels b–e, For each box plot, the centre marker 140 
indicates the median (50th percentile), the bounds of the box represent the interquartile range (25th and 141 
75th percentiles), and the whiskers extend to the upper and lower adjacent values. Overlaid with this box 142 
plot is a data distribution estimated via kernel density. For visualization purposes, we exclude observations 143 
with prices exceeding 15 CNY, which account for less than 0.25% of our sample. The nine categories of 144 
vegetables include: Leafy Greens (N=2,990,900), Eggplants (N=1,423,007), Scallions and Garlic 145 
(N=1,748,013), Cabbage (N=443,456), Potatoes and Taro (N=605,702), Root Vegetables (N=1,236,303), 146 
Melons (N=1,621,972), Beans (N=709,547), and Others (e.g., edible fungi and asparagus) (N=780,958). 147 
Maps and plots were generated using ArcGIS and Stata. 148 

 149 

Results  150 

Estimation Results  151 

To fully capture the direct effects of daily maximum temperature on vegetable wholesale prices 152 
and volatility, and to identify adaptation patterns and long-term impacts under climate 153 
scenarios, we employ daily estimates11 and lag-based approaches1. This robustly identifies the 154 
weather-price relationship. We use four specifications: (1) temperature effects on price, (2) 155 

temperature effects on log-price changes log(𝑃𝑖,𝑡) − log(𝑃𝑖,𝑡−1) , (3) lagged temperature 156 

effects on price, and (4) lagged temperature effects on log-price changes. Employing Equation 157 
(1), Fig. 2a illustrates daily temperature effects on prices, with the 24-27°C bin as reference. At 158 
39°C, prices decrease by 0.06 CNY/Catty (P<0.001, 95% CI: -0.08 to -0.04), representing a 159 
2.5% reduction from the average 2.43 CNY/Catty. This persists, though diminishing, for 36-160 
39°C and 33-36°C, becoming negligible at 12-33°C. Based on China’s Dietary Guidelines12 161 
(2022), recommending 300g daily vegetable intake for adults and a 1.41 billion population in 162 
2020, the annual economic loss for producers from 39°C price reduction is 18.53 billion CNY  163 
(P<0.001, 95% CI: 12.36 to 24.72). However, due to inelastic demand, this benefits consumers 164 
at producers’ expense1314.  165 

Conversely, low temperatures raise prices: the -9 to -6°C range increases prices by 0.21 166 
CNY/Catty (P<0.001, 95% CI: 0.16 to 0.26), an 8.6% rise, yielding an annual consumer loss 167 
of 64.86 billion CNY. This effect holds below 12°C, from <-18°C to 12°C. Fig. 2b, on log-168 
price changes (aligning with Heinen et al., 2019; Bao et al., 2023)7 15, reinforces these findings. 169 

Temperature extremes often have lagged effects on human cognition16, mortality9, 170 
yields17, and economic activity118. For vegetables, immediate disruptions affect harvest, sorting, 171 
and transport19, while lags impact growth via frost, waterlogging, or damage7. We use lag-based 172 
estimates to assess price substitution and optimal lags. To avoid autocorrelation from 21 daily 173 
variables, we bin temperatures into <10°C, 10-30°C (reference), and >30°C2021. The 10–30°C 174 
bin is the comfort zone for most vegetables, minimizing volatility (Fig. 3a), validating it as 175 
baseline. Results show significant effects only from the current day and prior 5 days (Extended 176 
Fig. 4). 177 

Fig. 2c presents 6-day average temperature effects (current and 5 lags), consistent with 178 
prior patterns: low ranges increase prices and high ranges decrease them, with amplified 179 
magnitudes from multi-day measures. Fig. 2d shows lag-based effects on price changes, 180 
confirming validity. As lagged temperatures and log-price changes accurately isolate responses 181 

https://hkustconnect-my.sharepoint.com/personal/xchenha_connect_ust_hk/Documents/桌面/food%20price%20and%20climate/0609anda/Nature%20Cities/Response/删减字数版本/251105删减字数版本+整理文献.docx#Extended Fig. 4: Effects of Forecasted and Lagged Temperature Shocks on Vegetable Wholesale Price Change.
https://hkustconnect-my.sharepoint.com/personal/xchenha_connect_ust_hk/Documents/桌面/food%20price%20and%20climate/0609anda/Nature%20Cities/Response/删减字数版本/251105删减字数版本+整理文献.docx#Extended Fig. 4: Effects of Forecasted and Lagged Temperature Shocks on Vegetable Wholesale Price Change.
https://hkustconnect-my.sharepoint.com/personal/xchenha_connect_ust_hk/Documents/桌面/food%20price%20and%20climate/0609anda/Nature%20Cities/Response/删减字数版本/251105删减字数版本+整理文献.docx#Fig3
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to extremes, we treat this as baseline. Below 24°C (vs. 24-27°C reference), price changes rise 182 
by 0.2%-1.3%; e.g., -18 to -15°C yields a 1.3% increase (P<0.001, 95% CI: 0.8%-1.9%). Above 183 
27°C, changes fall by 0.1%-0.4%. Supplementary Part C (Supplementary Fig. 1) provides 184 
subcategory estimates (Leaf, Eggplant, Scallions and Garlic, Cabbage, Potato and Taro, Root 185 
Vegetables, Melons, Beans). Supplementary Part D reports robustness for alternative models 186 
and data specifications (Supplementary Figs. 2-8 and Supplementary Tables 1-5). 187 

 188 
Fig. 2|Temperature Effects on Vegetable Wholesale Price.  189 

  

  
a, The marginal effects are defined as the temperature (independent variable) effects on vegetable 190 
wholesale price (dependent variable). b, the marginal effects are measured as the temperature effects 191 
on changes of logarithm vegetable wholesale price, defined as 𝑙𝑛𝑝𝑖𝑐𝑡 − 𝑙𝑛𝑝𝑖𝑐(𝑡−1). c, the marginal 192 
effects are measured as the lagged temperature effects (defined as six-day averaged temperature, see 193 
the Section Methods for more details) on vegetable wholesale prices. d, the marginal effects are 194 
measured as the lagged temperature effects on changes of logarithm prices. Observations for a and c 195 
are 11,559,881, while observations for b and d are 7,982,688. Equation (1) outlines the statistical model 196 
used in our analysis. We accounted for potential confounding factors by incorporating a series of fixed 197 
effects. These include controls for day-to-day variations (day-of-the-sample fixed effects), market-198 
specific seasonality (market-by-year-quarter fixed effects), market-specific holiday effects (market-by-199 

https://hkustconnect-my.sharepoint.com/personal/xchenha_connect_ust_hk/Documents/桌面/food%20price%20and%20climate/0609anda/Nature%20Cities/Response/删减字数版本/251105删减字数版本+整理文献.docx#Supplementary information
https://hkustconnect-my.sharepoint.com/personal/xchenha_connect_ust_hk/Documents/桌面/food%20price%20and%20climate/0609anda/Nature%20Cities/Response/删减字数版本/251105删减字数版本+整理文献.docx#Supplementary information
file:///D:/Desktop/food%20price%20and%20climate/nature%20food/nature%20Communications/250324_vegetable%20price.docx%23method
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holiday fixed effects), and vegetable-specific characteristics (vegetable-specific fixed effects). To further 200 
enhance the robustness of our findings, we included several additional variables in the model. These 201 
variables capture the impact of air pollution, precipitation levels, relative humidity, and sunshine 202 
duration, along with their respective squared terms. Data are presented as point estimates (representing 203 
the mean marginal effects) with shaded regions indicating the 95% confidence intervals. We addressed 204 
potential within-market correlation by clustering standard errors at the market level. 205 
 206 

Heterogeneity: Storability and Transportation, Price Tiers and Local Self-sufficiency  207 
Vegetable storability, which measures the ease and cost of storage (e.g., perishability, 208 

space needs), significantly influences price responses to temperature shocks. Non-storable 209 
vegetables, per classifications by Zhang et al. (2009)22 and Bao et al. (2023)7, exhibit greater 210 
volatility under temperature extremes than storable ones. Fig. 3a demonstrates that in extreme 211 
cold ([-18°C, -15°C)), non-storable varieties face a 2.0% price premium, double that of storable 212 
counterparts. This aligns with theory, as perishable spoilage amplifies volatility during thermal 213 
events and cold snaps, underscoring the importance of storage capabilities in mitigating 214 
economic impacts. 215 

Legacy transportation networks are vulnerable to temperature extremes23, specifically 216 
amid labor productivity declines despite intercity vegetable trade24. We hypothesize that robust 217 
transportation networks enhance resilience against disruptions25. To empirically validate this, 218 
we stratified cities by highway density (high vs. low, split by the sample median). Applying 219 
equation (1),  Fig. 3b reveals low-density cities experience amplified volatility during cold days 220 
compared to high-density ones, while heatwave responses (above 27°C) are similar across 221 
groups. This suggests cold vulnerabilities arise from perishability-driven shortages and 222 
infrastructure limits in low-density areas. This asymmetry arises because cold weather induces 223 
acute supply-side shocks—such as direct crop damage from frost and transportation 224 
disruptions like icy roads—that are amplified in low-density highway networks due to limited 225 
alternative routes and longer hauling distances, leading to greater price volatility. In contrast, 226 
heatwave responses are similar across transport-network groups because the negative price 227 
effect of heat appears to operate less through intercity transport bottlenecks and more through 228 
common within-market mechanisms, including short-run demand softening and faster 229 
inventory clearance for highly perishable vegetables under thermal stress. These forces can 230 
compress wholesale clearing prices across cities regardless of highway density. 231 

For verification, Supplementary Part E (Supplementary Table 6) uses prefecture-level 232 
highway density (km/km²) as a proxy for accessibility. Interacting with temperature in Column 233 
(1), a 10% increase in highway density reduces volatility by 0.18% (P=0.002, 95% CI: 0.05% 234 
to 0.23%). This highlights infrastructure’s buffering effects on temperature shocks by efficient 235 
distribution. Additionally, vegetables are typically stored and traded through wholesale markets, 236 
where their durability influences price responses to temperature fluctuations. We hypothesize 237 
less fluctuation for non-perishable types due to lower spoilage. To test this, we construct a 238 
dummy variable classifying vegetables as non-perishable based on technical standards722. Using 239 
a dummy based on vegetable durability722, interacting temperature bins with this durability in 240 
Column (2) shows non-perishables reduce price changes by 0.41% (P<0.001, 95% CI: 0.37% 241 
to 0.46%) below 10°C and 0.28% (P<0.001, 95% CI: 0.25% to 0.33%) above 30°C relative to 242 
perishables, reinforcing durability’s moderating role. 243 

We then integrate local self-sufficiency and price tier differentiation to examine 244 
perishability-transport-price dynamics. We define local self-sufficiency according to the 245 
National Vegetable Industry Development Plan (2011–2020), which requires 36 major cities 246 
to maintain minimum annual vegetable land reserves or establish dedicated production bases 247 

file:///D:/Desktop/food%20price%20and%20climate/nature%20food/nature%20Communications/250324_vegetable%20price.docx%23Fig4
file:///D:/Desktop/food%20price%20and%20climate/nature%20food/nature%20Communications/Appendix.docx%23parte
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in adjacent areas. By shortening supply chains, this reliance on local production mitigates 248 
perishability risks and minimizes exposure to price fluctuations. Meanwhile, price tiers reflect 249 
logistics, as high-value items use specialized preservation (e.g., climate-controlled facilities) and 250 
prioritized transport (e.g., air freight) to offset perishability costs, while affordable ones lack 251 
it. Fig. 3c  shows self-sufficient cities have resilient markets during cold weather, with higher 252 
volatility in non-self-sufficient ones due to supply shortages and external reliance. Self-253 
sufficient cities, with production mandates, use local farms/greenhouses for steady supply, 254 
especially non-storable vegetables facing 2.0% price premiums in extreme cold. Price tier 255 
analysis (Fig. 3d) segments vegetables into the top and bottom 25% price tiers. Affordable 256 
vegetables show cold sensitivity, with 4.1% increases (P<0.001, 95% CI: 1.80% to 6.30%) per 257 
day below -18°C across sub-zero ranges, while high-value ones have minimal impact below -258 
3°C. This reflects advanced preservation for premiums, unavailable for cheaper varieties, 259 
exacerbating cold vulnerability26.  260 
 261 

Fig. 3|Temperature Effects on Price Change by Heterogeneous Perishability, 262 
Transportation, Self-sufficiency, and Price Level 263 
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a–d, Marginal effects of temperature on changes in logarithmic vegetable wholesale prices, stratified 264 
by: (a) perishability (perishable N=3,075,132; non-perishable N=4,372,152); (b) regional 265 
transportation density, based on median highway length per square kilometre (developed N=3,193,283; 266 
underdeveloped N =3,199,323); (c) municipal self-sufficiency mandates (self-sufficient N=5,098,212; 267 
non-self-sufficient N=2,884,421); and (d) vegetable price tiers (cheap/bottom 25% N=1,869,066; 268 
expensive/top 25% N =2,014,087). Detailed classification criteria and policy backgrounds for each 269 
subgroup are described in the Main Text. Data are presented as point estimates (representing the mean 270 
marginal effects) with shaded regions indicating 95% confidence intervals derived from Equation (1). 271 
All regression models account for environmental controls (air pollution, precipitation, relative humidity, 272 
sunshine duration, and their squared terms) alongside fixed effects for vegetables, day-of-the-sample, 273 
market-by-year-quarter, and market-by-holiday. Standard errors are clustered at the market level. 274 

 275 

Heterogeneous Climate Zones  276 
To explore heterogeneity in vegetable wholesale price responses to temperature shocks across 277 
climate zones, we estimated Equation (1) separately for cold, mild, and hot markets. 278 
Classifications used historical average temperatures (1981–2010), with the top 30% as hot, the 279 
bottom 30% as cold, and the middle 40% as mild21. The findings, depicted in Fig. 4, indicate 280 
substantial disparities, as cold regions exhibit resilience to extreme cold, while hot regions 281 
adapt to high temperatures. Statistical tests confirm differences between hot and cold zones 282 
(Supplementary Table 7). 283 

These findings underscore the critical importance of adaptation strategies in mitigating 284 
the adverse impacts of temperature shocks on vegetable distribution. Adaptation measures can 285 
encompass a range of human behavioral changes and infrastructural enhancements, such as 286 
purchasing fresh-keeping equipment in transportation and storage, installing indoor cooling 287 
or heating systems,27 and enacting new landscape and urban planning policies28. A pertinent 288 
instance underpinning our conclusion is the heating policy implemented in northern China, 289 
which protects both residences and vegetable storage facilities from extreme subfreezing 290 
conditions29.  291 
 292 
 293 

 294 
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 299 
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 301 

 302 

 303 

Fig. 4|Heterogeneous Temperature Effects Across Different Climate Zones. 304 

 305 

The analysis examines how a temperature shift from the reference range of [24, 27°C) to a different 306 
temperature bin impacts the daily change in logarithm price over a six-day period in different climate 307 
zones. Markets are categorized into three regions or climate zones based on the 30-year average 308 
temperature from 1981 to 2010. The hot, mild, and cold regions include counties with average 309 
temperatures at the highest 30%, middle 40%, and lowest 30% of the distribution, respectively. The 310 
sample sizes for the cold, mild, and hot regions are 2,576,291; 3,262,375; and 2,143,291, respectively. 311 
Equation (1) outlines the statistical model used in our analysis. We accounted for potential confounding 312 
factors by incorporating a series of fixed effects. These include controls for day-to-day variations (day-313 
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of-the-sample fixed effects), market-specific seasonality (market-by-year-quarter fixed effects), market-314 
specific holiday effects (market-by-holiday fixed effects), and vegetable-specific characteristics 315 
(vegetable-specific fixed effects). The model also includes controls for air pollution, precipitation, 316 
relative humidity, sunshine duration, and their squared terms. Data are presented as point estimates 317 
(representing the mean marginal effects) with shaded regions indicating the 95% confidence intervals. 318 
We addressed potential within-market correlation by clustering standard errors at the market level. 319 

 320 

Long-run Climate Risk Scenarios  321 

We mainly focus on the long-term predictions of temperature under RCP4.5 and RCP8.5 322 
scenarios to gauge vegetable wholesale prices variations between the historical period and 323 
century’s end (2090–2099), following Heutel et al. (2021)30, Lai et al. (2022)21, and Carleton et 324 
al. (2022)9. To highlight regional disparities and adaptation, we base estimates on three 325 
assumptions, showing spatial and temporal variations in temperature impacts on price 326 
changes. Details are in Methods. We incorporate a flexible semi-parametric function for daily 327 
temperature variations and other climate aspects. Since income influences adaptation to 328 
extremes, we allow the temperature-price relationship to vary with GDP per capita9,21. 329 
Estimation coefficients for equation (2) in Supplementary Tables 8 and 9.  330 
 331 

Simulation Results 332 

We use two Representative Concentration Pathways (RCPs) from the IPCC Sixth 333 
Assessment Report (2023)31 for climate scenarios. RCP4.5 assumes emissions peak mid-334 
century via mitigation, and RCP8.5 represents ‘business-as-usual’ with rising emissions. In each 335 
RCP scenario, we generate our principal simulation outcomes by employing the median values 336 
of temperature and climate data derived from a suite of 21 General Circulation Models 337 
(GCMs). For a comprehensive understanding of data inputs and the methodological 338 
foundation of our simulations, the Methods section elucidates how the results account for 339 
three distinct types of uncertainty: those related to emissions, climate variability, and the 340 
regression model itself.  341 

Fig. 5 projects average vegetable wholesale price change for the century’s final decade 342 
(2090-2099) in comparison to the baseline period. The figure offers projections for both 343 
scenarios, with and without climate adaptation. To depict the scenario without adaptation, we 344 
retain a constant price-temperature relationship, implying that any changes in the average price 345 
of vegetables are attributed exclusively to temperature fluctuations. Conversely, the adaptation 346 
scenario modifies this price-temperature correlation to account for future climate conditions, 347 
thus integrating adaptation strategies into the projection. Fig. 5a is based on a moderate 348 
emission scenario (RCP4.5), while Fig. 5b contrasts this by assuming an extreme emission 349 
scenario (RCP8.5). Each figure not only shows the projected nationwide average impact but 350 
also details the impact across the three defined climate zones. 351 

Our analysis identifies two prominent patterns. First, without adaptation under RCP4.5, 352 
temperature changes correlate with a 7.65% price increase (P<0.001, 95% CI: 4.03% to 353 
11.27%). Hot and cold regions, which are particularly susceptible to future climatic alterations, 354 
could experience notable economic setbacks, with vegetable wholesale prices projected to 355 
increase by 6.38% (P=0.003, 95% CI: 2.23% to 10.54%) in hot regions and 13.55% (P=0.018, 356 
95% CI: 2.43% to 24.67%) in cold regions, respectively. Per FAO and WHO dietary 357 

file:///D:/Desktop/food%20price%20and%20climate/nature%20food/nature%20Communications/250324_vegetable%20price.docx%23method
file:///D:/Desktop/food%20price%20and%20climate/nature%20food/nature%20Communications/Appendix.docx%23supplementarytable13
file:///D:/Desktop/food%20price%20and%20climate/nature%20food/nature%20Communications/Appendix.docx%23supplementarytable14
file:///D:/Desktop/food%20price%20and%20climate/nature%20food/nature%20Communications/250324_vegetable%20price.docx%23method
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recommendations, a 7.65% price elevation could translate to an economic loss amounting to 358 
approximately 57 billion CNY for consumers on a national scale, based on a calculation 359 
involving 1.4 billion individuals, with the designated fruit and vegetable consumption rate and 360 
current prices (1.41 billion people*2.43 CNY/500g*300g*7.65%*365days=57 billion CNY).  361 

Under RCP8.5 without adaptation, prices decrease by 25.10% (P<0.001, 95% CI: -362 
33.56% to -16.64%). While this reduction signifies a substantial financial benefit for 363 
consumers, reflected in an increase in consumer surplus quantified at 188.39 billion CNY, the 364 
converse effect is felt by vegetable farmers, who are projected to incur equivalent losses. Our 365 
estimates remain aligned with the baseline data established, especially considering the average 366 
temperature rise of 1.73°C under RCP8.5 as compared with RCP4.5. Regional variations in 367 
response to temperature change were also explored, revealing negligible disparities in impact 368 
amongst Hot and Mild regions. However, hot regions displayed a slightly higher vulnerability. 369 
For these regions, the forecasted price reduction is 27.90% (P<0.001, 95% CI: -44.33% to -370 
11.49%).  371 

Second, with adaptation under RCP4.5 scenario, temperature effects are negligible 372 
(coefficient 0.0086, P=0.629). Under RCP8.5, negative impacts drop from 25.10% (P<0.001, 373 
95% CI: -33.56% to -16.64%) to 11.03% (P<0.001, 95% CI: -14.91% to -7.16%). Regionally 374 
under RCP4.5, hot and cold zones adapt strongly (coefficients=-0.021, P=0.388; -0.096, 375 
P=0.079), with insignificant effects; mild zones shift from 4.92% (P=0.055, 95% CI: -0.10% 376 
to 9.94%) to -2.99% (P=0.317, 95% CI: -8.90% to 2.92%). Under RCP8.5, hot zones adapt to 377 
-13.34% (P<0.001, 95% CI: -21.16% to -5.51%), a 52.2% reduction; cold zones to -5.22% 378 
(P=0.058, 95% CI: -10.62% to 0.18%); mild zones to -13.28% (P=0.024, 95% CI: -24.74% to 379 
-1.84%).   380 

These results underscore the effectiveness of adaptation in mitigating temperature 381 
changes on wholesale vegetable pricing across various climatic conditions.  382 
 383 
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Fig. 5|End-of-Century price projection by climate condition 406 
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a,b, our analysis quantifies the simulated shifts in vegetable wholesale prices by the close of the century 407 
(2090–2099) compared to the 2020 baseline. This assessment encompasses both the national level and 408 
three distinct geographical regions or climate zones, considering two divergent climate scenarios: 409 
RCP4.5 (a) and RCP8.5 (b). These estimates are derived from the regression models detailed in 410 
Equations (2) and (3) in the Methods. We classify markets as ‘hot,’ ‘mild,’ or ‘cold’ based on a 411 
temperature-based climate zoning system. Markets are classified as hot, mild, or cold based on the 412 
1981–2010 average temperature (top 30%, middle 40%, bottom 30%), with whole-sample and 413 
subgroup sizes of 7,520,901, 2,576,291, 3,262,375, and 2,143,291, respectively; data are point estimates 414 
with 95% confidence intervals, and significance is derived from two-sided t-tests using cluster-robust 415 
standard errors. No adjustments were made for multiple comparisons. For the RCP4.5 scenario in 416 
panel a, the P values, reported without adaptation and within parentheses with adaptation, are <0.001 417 
(0.629), 0.003 (0.388), 0.055 (0.317), and 0.018 (0.079) for the national average, cold, mild, and hot 418 
regions, respectively. In panel b, under the RCP8.5 scenario, these P values are <0.001 (<0.001), 0.001 419 
(0.001), 0.018 (0.024), and <0.001 (0.058) correspondingly. The ‘without adaptation’ assumption in 420 
both panels implies that the vegetable wholesale price-temperature relationship remains constant, 421 
reflecting the current climate and excluding any adaptation to climate change. In contrast, the ‘with 422 
adaptation’ assumption allows this relationship to adjust based on simulated climate conditions, thereby 423 
incorporating potential adaptation strategies into the forecasts. Both panels account for the simulated 424 
end-of-century GDP per capita (2090–2099) when projecting vegetable wholesale price changes.  425 
 426 

Discussion  427 

This study reframes climate-food dynamics by introducing a CES theoretical framework, 428 
shifting analytical focus from agricultural production and retail prices to the urban food 429 
system’s core: wholesale distribution networks. This approach yields novel, granular evidence 430 
on how temperature shocks disrupt post-harvest urban logistics and storage, inducing price 431 
volatility before food reaches consumers. 432 
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Stable food prices are vital for household welfare32, as high prices erode consumer surplus 433 
and low prices threaten producers33. Existing studies have extensively investigated extreme 434 
weather effects on crop prices, identifying indirect pathways via yields, production, or 435 
consumption,3435 and direct pathways through spatial transmission, market integration, trade, 436 
or arbitrage3638. Research also links weather to global commodity disruptions,39 regional 437 
conflicts40 and pre-harvest trader expectations 41. However, two key gaps persist, distinguishing 438 
our urban-focused research. First, vegetable-specific studies (crucial for urban diets) are scarce, 439 
emphasizing tropical storms on Chinese retail prices7, temperature shocks on Mexico’s 440 
consumer prices42, or global retail vulnerability6, but none prioritize urban wholesale markets, 441 
the vital link between rural production and urban consumption. Second, prior research 442 
overemphasizes production-side effects (e.g., drought-induced yield losses) or macro-trade 443 
dynamics, neglecting urban distribution processes (e.g., intra-city transport and storage) that 444 
mediate temperature-price links. This oversight is notable, as urban wholesale markets handle 445 
70–90% of vegetable supply to cities43, serving as primary sites for translating temperature 446 
disruptions into price volatility. 447 

This article fills these gaps by examining high-resolution daily wholesale price data, 448 
revealing an overlooked causal chain between extreme temperatures and vegetable pricing. 449 
Short-term cold correlates with price increases, while heat leads to decreases, driven by post-450 
harvest vulnerabilities (Extended Fig. 4 rules out intertemporal substitution). While our 451 
findings are causal, they mainly highlight vulnerabilities in distribution systems, rather than on-452 
farm yield changes. These vulnerabilities serve as the key mechanism connecting temperature 453 
shocks to volatility in urban wholesale prices. This temperature-price correlation varies by 454 
durability, value, local yields546, cropping frequency/intensity, and transportation.5 455 
Furthermore, it is evident that this temperature-price dynamic differs across various climatic 456 
regions. In our simulations, we consider both the immediate impacts of temperature and the 457 
potential for adaptation to predict the long-run effects of temperature change on vegetable 458 
pricing. Existing literature suggests that human adaptations play an important role in mitigating 459 
mortality increases and consumption declines associated with temperature extremes930. Our 460 
findings suggest that adaptive measures may mitigate the adverse effects of temperature 461 
shocks, leading to more stable vegetable wholesale prices amidst climate change. Our findings 462 
indicate that examining only the impact of climate change on crop intensity, growing seasons, 463 
and yields paints an incomplete picture of its economic consequences49. The incidence of 464 
extreme temperatures, both cold and hot, can lead to fluctuations in vegetable wholesale 465 
prices, resulting in potential losses in economic surplus for both consumers and producers 466 
under different circumstances.  467 

Our analysis reveals critical inter-regional and inter-city heterogeneities, underscoring the 468 
need for tailored adaptation strategies. Vegetable price vulnerability to temperature shocks 469 
varies across China’s vast landscape, with a pronounced climatic divide: historically colder 470 
northern cities exhibit greater sensitivity to extreme heat due to less acclimatized infrastructure 471 
and supply chains, while southern cities, better adapted to heat, show heightened vulnerability 472 
to unseasonal cold spells. This pattern aligns with prior literature across contexts from human 473 
health to economic activity, positing that the greatest vulnerability arises from extremes 474 
deviating from a region’s long-term climatic norm2150. Beyond climate, urban form and 475 
economic structure are key determinants. For example, megacities with dense transportation 476 
networks face different disruption patterns than smaller cities with less resilient supply 477 
chains751. Notably, robust transport mitigated cold-wave impacts more strongly in northern 478 
cities than in southern cities, suggesting high returns from investments in road density and 479 
anti-freezing logistics there (Panel C, Supplementary Table 6). These variations indicate that a 480 
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one-size-fits-all approach to enhancing urban food system resilience is inadequate; policy 481 
interventions must be context-specific, prioritizing heat-resilient infrastructure in northern 482 
centers and cold-chain continuity in southern supply chains. Supplementary Parts I and J 483 
(Supplementary Figs. 9-11) provide detailed policy implications for China and the Global 484 
South. 485 

These findings should be interpreted in light of several limitations. Our heterogeneity 486 
and adaptation estimates are inferred from observed responses under current climate 487 
conditions and extrapolated to future scenarios using climate-model projections; future risks 488 
may nonetheless involve non-linear responses and adaptive behaviours beyond those observed 489 
historically. In addition, wholesale price volatility reflects the joint influence of multiple 490 
factors—including trade disruptions, global conflicts and exogenous shocks such as 491 
pandemics and natural disasters—that cannot be fully isolated in a reduced-form framework. 492 
Data constraints also limit mechanism identification: the absence of daily farm-gate prices 493 
prevents direct estimation of the origin-to-wholesale price wedge, and the lack of household-494 
level consumption data constrains our ability to assess downstream dietary responses. Our 495 
economic estimates should therefore be interpreted as conservative lower bounds of the 496 
broader social cost, as a full accounting of health impacts would require additional evidence 497 
on dietary substitution, willingness to pay and disease incidence. Finally, although our long-498 
run projections incorporate climate-related adaptation, they do not capture all dynamic 499 
feedbacks, such as endogenous policy responses or long-term shifts in agricultural production. 500 
Future research could build on this work by embedding these mechanisms in a structural 501 
framework and by extending the analysis to discrete extreme-weather events, such as typhoons 502 
and hurricanes, to test whether robust logistics and storage infrastructure can mitigate supply 503 
disruptions and price spikes during major disasters. 504 

 505 

Methods 506 

Data 507 

Temperature, Other Weather, and Pollution Controls 508 

The weather data utilized in this study, which include temperature, rainfall, relative humidity 509 
and sunshine duration, were sourced from China’s National Meteorological Information 510 
Center. As the premier institution tasked with the collection and dissemination of national 511 
weather statistics, it offered a comprehensive dataset for our analysis. We compiled station-512 
day records that spanned from 2012 to 2023, incorporating data from a total of 824 stations 513 
strategically spread across China. To translate the weather statistics from the station level to 514 
the market level, we employed the inverse distance weighting (IDW) method, a method well-515 
established within economic research1754. Initially, we designated a circular perimeter, centered 516 
on the centroid of each market, with a 200-kilometer radius. In this designated perimeter, we 517 
computed the weighted mean of the weather data, factoring in the proximity of the stations to 518 
the market’s centroid, where the weights were inversely proportional to each station’s distance 519 
to the centroid. This weighted mean was then attributed to the respective market. The same 520 
technique was applied to ascertain covariates such as rainfall, sunshine duration, and humidity. 521 
To ensure the robustness of the data quality, we employed gridded weather data products as 522 
robustness tests (Supplementary Fig. 4). 523 

file:///D:/Desktop/food%20price%20and%20climate/nature%20food/nature%20Communications/Appendix.docx%23supplementarytable13
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Another covariate examined in this study is air pollution. The pollution metrics were 524 
derived from remote sensing Aerosol Optical Depth (AOD) retrieval, which spanned our 525 
entire analysis period. AOD gauges the decrease in sunshine duration caused by the 526 
absorption, reflection, and scattering of sunlight by airborne particles, thus serving as an 527 
indirect indicator of particulate matter levels. We utilized AOD data from the M2TMNXAER 528 
version 5.12.4 product, part of NASA’s Modern-Era Retrospective Analysis for Research and 529 
Applications, Version 2 (MERRA-2). This pollution data was then aggregated from the grid 530 
level to the market level, capitalizing on the IDW method which is a standard approach in 531 
such analyses 1753.   532 
 533 

Vegetable Wholesale Price and Wholesale Market Information 534 

Our pricing and market information data are derived from the National Agricultural Products 535 
Price Database (https://pfsc.agri.cn/#/indexPage). Specifically, our dataset comprises daily 536 
transaction records from 265 wholesale markets, systematically selected from the Ministry of 537 
Agriculture and Rural Affairs (MARA) Designated Market System. These markets are 538 
rigorously accredited by the national government based on transaction volume, infrastructure 539 
capacity, and regional influence. Collectively, MARA-designated markets facilitate over 70% 540 
of China’s inter-provincial agricultural trade. 541 

To ensure data quality and relevance, we utilized the list from MARA's 2024 strict review 542 
process, further filtering this list to retain only markets specializing in vegetable distribution 543 
while excluding those focused solely on meat or aquatic products. This sampling strategy 544 
ensures that our analysis captures the “main arteries” of China’s urban food supply network, 545 
thereby minimizing selection bias and ensuring the findings represent the systemic response 546 
of the national supply chain. 547 

As shown in Figure 1a, our comprehensive dataset encompasses wholesale markets in 548 
30 provincial-level administrative regions in mainland China (excluding the Tibet Autonomous 549 
Region), aligning with major population centers and agricultural logistics corridors. The data 550 
spans from January 1, 2012, to April 18, 2023, representing the most current data available. 551 
We collected daily price data on a wide variety of Chinese vegetables, including leafy greens, 552 
fruiting vegetables (e.g., eggplants), alliums (e.g., scallions and garlic), cabbages, tubers (e.g., 553 
potatoes and taro), root vegetables, melons, legumes, edible mushrooms, and other types. To 554 
account for inflation and ensure comparability, we adjusted the prices to correspond to the 555 
2020 fiscal year. Summary statistics are presented in Supplementary Table 10. 556 
 557 
 558 

Scenario Simulations: Climate, GDP, and Population 559 

In the construction of our comprehensive dataset, we have integrated anticipated climate 560 
patterns, economic output (GDP), and demographic data. Our longitudinal weather forecasts 561 
and climatic projections are sourced from NASA’s Earth Exchange Global Daily Downscaled 562 
Projections (NEX-GDDP). Originating from the General Circulation Models (GCMs) of the 563 
Coupled Model Intercomparison Project Phase 6, the NEX-GDDP provides daily, high-564 
resolution (0.25-degree spatial resolution) climate scenarios under SSP2-4.5 and SSP5-8.5 for 565 
the period 1950 to 2100 from 21 different GCMs55. These projections are congruent with our 566 
baseline model in terms of their analytical granularity, focusing on daily variations at the market 567 

https://pfsc.agri.cn/#/indexPage
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level. We integrate market-centric vegetable wholesale price data with corresponding points 568 
on the NEX-GDDP’s grid, ensuring locality-specific accuracy. Our primary findings are 569 
derived from the average of the projected temperatures and climate conditions as indicated by 570 
the consensus of the 21 GCMs. 571 

Projections for GDP and population trends are from the long-term scenarios outlined 572 
by the Shared Socioeconomic Pathways (SSP) framework, which present credible narratives 573 
of socioeconomic evolution for the twenty-first century, relying on integrated assessment 574 
modeling frameworks. Within our analysis, we concentrated on two distinct SSPs: SSP2-4.5, 575 
emblematic of stringent regulations that enable sustainable development, and SSP5-8.5, 576 
indicative of a laissez-faire approach that could lead to unsustainable trajectories. Our research 577 
primarily utilized models incorporating China-specific data, including the OECD’s (the 578 
Organization for Economic Co-operation and Development) Env-Growth model, the 579 
IIASA’s (the International Institute for Applied Systems Analysis) GDP model, and the PIK’s 580 
(Potsdam Institute for Climate Impact Research) climate projections5658. To calculate the 581 
future GDP per capita essential to our analysis, we adopted the methodology outlined by Lai 582 
et al. (2022)21, which entails averaging projections across the SSP2, SSP3, and SSP4 scenarios, 583 
as provided by the OECD, IIASA and PIK. The original per capita GDP data were accessible 584 
at the national scale in five-year intervals. We interpolated these figures to derive annual growth 585 
rates, enabling us to ascertain yearly GDP per capita forecasts. Due to the lack of city-level 586 
future projections from the SSPs, we assigned the country-level growth rates uniformly to all 587 
counties, presupposing analogous growth patterns persisting from 2020 into subsequent years. 588 

Data concerning historical climate variables (China Meteorological Data Service Center, 589 
which is an affiliate of the National Meteorological Information Center of China) and 590 
projected climate variables (https://www.nccs.nasa.gov/services/data-collections/land-591 
based-products/nex-gddp-cmip6) as well as air pollution (https://gmao.gsfc.nasa.gov/gmao-592 
products/merra-2/) metrics are available to the public. Researchers can access the source data 593 
for this article, excluding specific vegetable name information. The computational codes and 594 
an explanatory readme file necessary for replicating this study’s analysis are publicly available 595 
via the Zenodo repository (https://zenodo.org/records/15236927). 596 
 597 

Econometric Model 598 

Short-term Temperature-price Relationship (Figs. 2-4) 599 

Using the first difference of logarithmic wholesale prices as the dependent variable allows 600 
us to interpret this as a percentage change in wholesale prices during the collection dates. This 601 
approach helps eliminate differences in the overall price index across markets over official 602 
statistical cycles, making the price changes comparable across time periods and markets. To 603 
assess the vegetable wholesale price response to temperature, a parsimonious reduced-form 604 
model is employed: 605 

 606 

𝑑𝑙𝑛(𝑌𝑣,𝑚,𝑡) = ∑ 𝛼𝑇𝑣,𝑚,𝑡
𝑗𝐽

𝑗=0 + 𝜌𝑋𝑣,𝑚,𝑡 + 𝜃𝑡 + 𝜑𝑣,𝑚 + 𝜏𝑚,𝑡,𝑞 + 𝜔𝑚,ℎ + 𝜀𝑣,𝑚,𝑡  (1) 

 607 
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where 𝑑𝑙𝑛(𝑌𝑣,𝑚,𝑡) = 𝑙𝑛(𝑌𝑣,𝑚,𝑡) − 𝑙𝑛(𝑌𝑣,𝑚,𝑡−1) denotes the change of logarithm price for 608 

vegetable v in market m on day t, relative to day t-1, 𝑇𝑣,𝑐,𝑡
𝑗

 is a categorical vector for temperature, 609 

consisting of 3°C bins; equals 1 if the average temperature over the preceding 6 days (t-5 to t) 610 
for vegetable v in market c falls within j-th temperature bin, and is 0 otherwise. We provide 611 
justification for the selection of this lag term later in this section (Extended Fig. 4). The variable 612 

set 𝑋𝑣,𝑚,𝑡 includes a range of climate controls including air pollution, rainfall, relative humidity, 613 
and sunshine duration along with their squared terms to capture potential nonlinear effects. 614 
To control time-varying unobservables common across all markets, which can exclude factors 615 
like national holidays and macroeconomic announcements, we include day-of-the-sample 616 

fixed effects in 𝜃𝑡. We account for time-invariant factors by incorporating fixed effects for 617 

each of the 386 vegetables within 265 vegetable markets (𝜑𝑣,𝑚 ), which absorb time-618 
invariant heterogeneity in price-setting patterns specific to individual vegetable-market 619 
combinations (e.g., regional preferences for specific varieties). Additionally, fixed effects for 620 

market-by-year-quarter are introduced in 𝜏𝑚,𝑡,𝑞 to capture evolving market structures and 621 

policy impacts (e.g., infrastructure upgrades, trade policies) while preserving within-quarter 622 

variation. Fixed effects for market-by-holiday are also included in 𝜔𝑚,ℎ to isolate demand 623 
surges/shocks during China’s statutory holidays (e.g., Spring Festival, Mid-Autumn Festival), 624 
which correlate with both consumption patterns and meteorological anomalies. We cluster 625 
standard errors at the market level, to allow for spatial correlation of food prices within a 626 

market as they may share the same supply chain. Finally, the error term is denoted by 𝜀𝑣,𝑚,𝑡. 627 
Specifically, our temperature bins include <-18°C, [-18, -15), [-15, -12), [-12, -9), [-9, -6), 628 

[-6, -3), [-3, 0), [0, 3), [3, 6), [6, 9), [9, 12), [12, 15), [15, 18), [18, 21), [21, 24), [24, 27), [27, 30), 629 
[30, 33), [33, 36), [36, 39) and >=39°C. In our investigation, we have identified the optimal 630 
range for vegetable comfort temperature to be between 24°C and 27°C, which we use as a 631 
baseline for comparison5960.  632 

To consider the lagged effects, literature commonly employs regressions with a lag 633 
structure, known as distributed lag models1,11,61, which is equivalent to our approach. For the 634 
temperature effects, scholars have revealed that short-term forecasted and lagged temperature 635 
effects, ranging from t-9 (prior 9 days) to t+5 (forecasted 5 days) could generate immediate 636 
effects on production and consumption2161. We incorporate lagged temperature effects to 637 
account for their influence on vegetable preservation during transportation and storage. 638 
Specifically, lagged cold/hot days may exacerbate spoilage risks in transit due to inadequate 639 
refrigeration or prolonged exposure to low/high temperatures, thereby increasing post-harvest 640 
losses. Conversely, anticipated temperature drops/surges incentivize consumers to adjust 641 
purchasing behavior: stockpiling vegetables in advance to mitigate future scarcity or quality 642 
degradation. We find no effects of forecasted temperature shocks; instead, we only observe 643 
lagged temperature effects within the prior five days at most (see Extended Fig. 4). 644 
Consequently, our collection dates span six days (from t-5 to t). In our study, incorporating 645 
five lagged temperature variables for each bin may lead to fluctuating and imprecise coefficient 646 
estimates due to substantial correlation. Rather than using a traditional distributed lag model, 647 
we define a five-day window prior to day t to account for delayed effects and temporal 648 
substitutions. The five-day analytical window is pivotal for quantifying these adaptive 649 
strategies, as it captures how temperature-induced delays in transit and strategic stockpiling in 650 
warehouses jointly reshape market supply-demand equilibria. This temporal lens allows us to 651 
isolate the propagation of weather shocks across logistics links and storage hubs, ultimately 652 



 

20 

linking them to aggregate volatility in vegetable pricing and availability. For robustness, we 653 
discuss the choice of window length in Section Robustness.  654 
 655 
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Robustness: To ensure the reliability of temperature effects on vegetable wholesale prices in 656 
Eq. (1), we conducted nine complementary robustness tests: (1) Alternative Econometric 657 
Specifications: We employed county-level and city-level clustered standard errors to account 658 
for potential spatial correlations at these levels, added market-specific linear time trends to 659 
exclude other agricultural shocks (e.g., the Land Contracting Right Reform), and used a 660 
trimmed dataset to exclude potential outliers. Results are reported in Supplementary Part D.1. 661 
(2) Reference Category Robustness: In our baseline estimates, we identified the optimal 662 
vegetable comfort temperature range as 24°C to 27°C. For robustness, we also tested 663 
alternative omitted variable ranges—[15, 18°C), [18, 21°C), [21, 24°C) and [27, 30°C)—and 664 
found that these changes do not bias our conclusions. Results are reported in Supplementary 665 
Part D.2 (Supplementary Fig. 3). (3) Satellite Temperature Measure Validation: We 666 
performed cross-validation using the ERA-Interim atmospheric reanalysis dataset from the 667 
European Centre for Medium-Range Weather Forecasts (ECMWF). This global climate 668 
reanalysis system integrates satellite observations and conventional meteorological 669 
measurements through a 4D-Var assimilation framework, producing comprehensive 670 
atmospheric parameters, including surface temperature (2m), total precipitation, wind vectors 671 
(10m), and humidity fields. Operational since 1979, ERA-Interim provides gridded outputs at 672 
a 0.75°×0.75° spatial resolution (~79 km) and 6-hourly temporal resolution. Results are 673 
reported in Supplementary Fig. 4. (4) Market Reporting Anomaly: To mitigate potential 674 
market-level misreporting (Bao et al., 2023), we implemented two adjustments. First, unit-level 675 
aggregation: we converted daily vegetable wholesale prices from market-level observations to 676 
county-level averages (one price per vegetable per county). Second, price series harmonization: 677 
we transformed wholesale price changes into county-level time series (one composite price 678 
index per county). Results are reported in Supplementary Part D.4. (5) Serial Correlation 679 
Check: We plotted kernel density estimates, Q-Q plots, and residuals over seasons to assess 680 
serial correlation. Results are reported in Supplementary Part D.5 (Supplementary Fig. 5). (6) 681 
Spatial Correlation Verification: We computed Conley (1999)62 standard errors with spatial 682 
bandwidths of 300 km and 500 km. Results are reported in Supplementary Part D.6 683 
(Supplementary Table 1). (7) Temperature Binning Sensitivity: We validated our results 684 
using three temperature bins (<10°C, 10–30°C, >30°C) as an alternative baseline 685 
categorization. Results are reported in Supplementary Part D.7 (Supplementary Tables 2-5). 686 
All these tests cross-validate the robustness of our baseline estimates. (8) Weather, Soil, and 687 
Other Conditions During the Growing Season: To address potential confounding from 688 
agricultural production or urban demand shifts, we estimated models with additional structural 689 
controls. We incorporated supply-side variables including growing-season weather, water 690 
availability, and soil erosion severity, alongside demand-side factors such as CPI, city-level 691 
income, and population density. These comprehensive controls do not alter our baseline 692 
estimates (Supplementary Figs. 6 and 7), confirming that the observed price volatility is 693 
robustly driven by short-term distribution frictions rather than background agricultural 694 
conditions or macroeconomic demand dynamics.  (9) The COVID-19 Confounding Effect: 695 
We conducted a sub-sample robustness check to isolate the potential confounding influence 696 
of the COVID-19 pandemic. While our baseline model incorporates day-of-the-sample and 697 
market-by-year-quarter fixed effects to absorb additive shifts in price levels, they may not fully 698 
account for multiplicative changes in climate sensitivity. Specifically, if the logistical frictions 699 
of the pandemic reduced overall supply chain resilience, the model risks misattributing 700 
pandemic-driven fragility to temperature sensitivity. To ensure our findings are not structurally 701 
biased, we performed a comparative analysis of the temperature-price coefficients for the pre-702 
pandemic period (2012–2019) versus the pandemic and post-pandemic years (2020–2023). 703 
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The results demonstrate that the non-linear temperature sensitivities remain robust and highly 704 
consistent across both sub-samples (see Supplementary Part D.9 and Fig. 8), confirming that 705 
the identified distribution frictions are fundamentally driven by thermal stress rather than 706 
pandemic-era logistical anomalies.  707 

Long-run scenario simulations (Fig. 5)  708 

Climate change has increasingly influenced the economy, leading to an array of adaptive 709 
strategies in the supply chain of the agricultural sector6364. Over time, these adjustments by 710 
consumers and vegetable farmers are anticipated to yield notable effects. As such, we posit 711 
that the relationship between temperature and price will be dynamic, evolving in tandem with 712 
economic, social, and climatic changes. To explore the interplay between temperature and 713 
price, we employ a semi-parametric methodology that integrates daily climate and economic 714 
data, employing the projection methods established by Auffhammer (2022)65, Carleton et al. 715 
(2022)9, and Lai et al. (2022)21. Their research offers empirical evidence on the immediate and 716 
long-term consequences of temperature on mortality rates, energy consumption, and 717 
consumer total spending patterns. Central to our geographic analysis is the projection of how 718 
regions may adapt to temperature extremes, inferred from the historical adaptation patterns 719 
of areas with present-day climatic similarities.  720 

Previous research has indicated that regions at various stages of economic development 721 
respond differently to temperature extremes1,66 and that these differences extend to their 722 
adaptive capacities to climatic changes967. To explore the effect of income on the temperature-723 
vegetable wholesale price relationship, our analysis employs a model that intersects 724 
temperature metrics with the log of GDP per capita. This method draws upon the approach 725 
proposed by Lai et al. (2022)21. According to the theoretical framework outlined by Carleton 726 
et al. (2022)9, the term ‘climate’ covers the broad spectrum of possible adaptive strategies, 727 
while ‘income’ highlights the economic limitations that shape the extent of these adaptive 728 
capabilities. Below, we detail the unique aspects of our model examining the temperature-price 729 
dynamics: 730 

 731 

𝑑𝑙𝑛(𝑌𝑣,𝑚,𝑡) = 𝑔 ([𝑇𝑃𝑐,𝑡 , 𝑇𝑃(𝑀𝑒𝑎𝑛)𝑐, log(𝐺𝐷𝑃𝑝𝑐)
𝑐

, 𝜃]) + 𝜌𝑋𝑣,𝑚,𝑡  + 𝜃𝑡

+ 𝜑𝑣,𝑚 + 𝜏𝑣,𝑚,𝑠 + 𝜔𝑚,ℎ + 𝜀𝑣,𝑚,𝑡 
(2.a) 

where,  732 

𝑔(𝑇𝑃𝑐,𝑡 , 𝑇𝑃(𝑀𝑒𝑎𝑛)𝑐, log(𝐺𝐷𝑃_𝑝𝑐)𝑐, 𝜃) = 𝛼0𝑇𝑃𝑐𝑡 + 𝛼1𝑇𝑃𝑐𝑡 × 𝕀 (𝑇𝑃𝑐𝑡 ∈

[10,30)) + 𝛼2𝑇𝑃𝑐𝑡 × 𝕀 (𝑇𝑃𝑐𝑡 ∈ [30, +∞)) + [𝛽0+𝑇𝑃𝑐𝑡+𝛽1𝑇𝑃𝑐𝑡 × 𝕀 (𝑇𝑃𝑐𝑡 ∈

[10,30)) + 𝛽2𝑇𝑃𝑐𝑡 × 𝕀 (𝑇𝑃𝑐𝑡 ∈ [30, +∞))] × 𝑇𝑃(𝑀𝑒𝑎𝑛)𝑐 + [𝛾0𝑇𝑃𝑐𝑡 +

𝛾1𝑇𝑃𝑐𝑡 × 𝕀 (𝑇𝑃𝑐𝑡 ∈ [10,30)) + 𝛾2𝑇𝑃𝑐𝑡 × 𝕀 (𝑇𝑃𝑐𝑡 ∈ [30, +∞))] ×
log(𝐺𝐷𝑃_𝑝𝑐)𝑐  

(2.b) 

 733 

We define 𝑇𝑃𝑐,𝑡 as the daily maximum temperature for a 6-day span, involving the current day 734 

and the preceding five days for market c in period t. The climate conditions for market c in 735 
period t (specifically focusing on temperature) are represented by the 30-year maximum 736 
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temperature from 1980-2010, denoted as 𝑇𝑃(𝑀𝑒𝑎𝑛)𝑐𝑡. The logarithm of GDP per capita, 737 

log(𝐺𝐷𝑃_𝑝𝑐)𝑐,𝑡 is calculated for the year 2020, for the city in which market c is situated. To 738 

depict the temperature-price relationship effectively and adaptively, we introduce 𝑔(∙) as a 739 
piecewise linear spline function of temperature, with breakpoints at 10°C and 30°C. This 740 

function 𝑔(∙) , is utilized in conjunction with 𝐶𝑀𝑐𝑡  and GDP per capita to assess their 741 
interactive effects on the temperature-price relationship. Variables included in Equation (2) 742 
are conceptualized in a manner equivalent to their definitions in Equation (1). The coefficients 743 
derived from this analysis are reported in Supplementary Tables 8 and 9.  744 

 745 

𝐴𝑑𝑎𝑝𝑡𝑦𝑐𝑡
∆ = 𝑔 (𝑇𝑃𝑐,𝑡 , 𝑇𝑃(𝑀𝑒𝑎𝑛)𝑐,𝑡 , log(𝐺𝐷𝑃𝑝𝑐)

𝑐,𝑡
, 𝜃) −

𝑔(𝑇𝑃𝑐,𝑡0, 𝑇𝑃(𝑀𝑒𝑎𝑛)𝑐,𝑡0, log(𝐺𝐷𝑃)𝑐,𝑡 , 𝜃)  
(3.a, With adaptation) 

 746 

where 𝑇𝑃𝑐,𝑡 , 𝑇𝑃(𝑀𝑒𝑎𝑛)𝑐,𝑡 , log(𝐺𝐷𝑃_𝑝𝑐)𝑐,𝑡  are projected future temperature (temperature 747 
range), climate condition (average temperature), and GDP per capita, respectively. In the 748 

projections without climate adaptation, the price change from  𝑡0 (the base year) to t (a future 749 
year) can be expressed as: 750 

 751 

𝑁𝑜𝑛_𝑎𝑑𝑎𝑝𝑡_𝑦𝑐𝑡
∆ =

𝑔(𝑇𝑃𝑐,𝑡 , 𝑇𝑃(𝑀𝑒𝑎𝑛)𝑐,𝑡0, log(𝐺𝐷𝑃_𝑝𝑐)𝑐,𝑡 , 𝜃) −

𝑔(𝑇𝑃𝑐,𝑡0, 𝑇𝑃(𝑀𝑒𝑎𝑛)𝑐,𝑡0, log(𝐺𝐷𝑃)𝑐,𝑡 , 𝜃)  

(3.b, Without adaptation) 

 752 

where 𝑇𝑃(𝑀𝑒𝑎𝑛)𝑐,𝑡0 is held constant and represented by the historical average temperature 753 
across 1980-2010. The effectiveness of adaptation versus non-adaptation is discerned by 754 

comparing 𝐴𝑑𝑎𝑝𝑡_𝑦𝑐𝑡
∆  and 𝑁𝑜𝑛_𝑎𝑑𝑎𝑝𝑡_𝑦𝑐𝑡

∆ . Importantly, the subscript t for log(𝐺𝐷𝑃_𝑝𝑐)𝑐,𝑡 755 
signifies the logarithmically transformed per capita GDP in the forecasted year t.  756 

Our analysis, however, does not fully incorporate the impact of increasing incomes on 757 
vegetable wholesale price patterns. We have specifically focused on how income variations 758 
modify the relationship between temperature and price, omitting its direct influence on total 759 
price levels. A detailed examination of this limitation is discussed in the Supplementary 760 
Information section. Supplementary Part K (Supplementary Tables 11-15) provides estimates 761 
of Figures presented in the article.   762 
 763 
 764 

Data Availability 765 

The weather and climate data supporting the findings of this study are publicly available, 766 
whereas the vegetable wholesale price data is confidential. We cannot disclose the data to the 767 
public under the nondisclosure agreement. However, the data for replication are uploaded to 768 
Zenodo after trimming sensitive data (https://zenodo.org/records/15236927).  769 

file:///D:/Desktop/food%20price%20and%20climate/nature%20food/nature%20Communications/Appendix.docx%23supplementarytable13
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Code Availability 771 

The code used in this study is available via Zenodo at https://zenodo.org/records/15236927. 772 
 773 
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Extended Figures 972 

Extended Fig. 1: Changing trend of wholesale vegetable prices 973 

  

 

 

a, b, and c describe the changing trends of monthly vegetable wholesale prices from January 974 
2012 to April 2023. Figure a includes leafy vegetables, eggplants, scallions, and garlic; figure 975 
b includes cabbage, potatoes, taro, and root vegetables; and figure c includes melons, beans, 976 
and other vegetables.  977 

 978 

 979 
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 980 

Extended Fig. 2: Correlation between temperature and changes in vegetable 981 
wholesale prices 982 

 983 
Note: each point represents the average price across 2012-2023 in one vegetable wholesale 984 
market with the average station-based temperature where the market is located. N=265.  985 

Extended Fig. 3: The supply chain of vegetable in China. 986 

 987 

Note: data are from Leadleo (2023) (see 988 
https://pdf.dfcfw.com/pdf/H3_AP202308161594849062_1.pdf ). Icons are generated by doubao.ai.  989 
 990 
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 991 
 992 
 993 

Extended Fig. 4: Effects of Forecasted and Lagged Temperature Shocks on 994 
Vegetable Wholesale Price Change. 995 

  
a,b detail the multi-temporal impact of temperature fluctuations on the prices of vegetables. It 996 
employs a distributed lag/forecast model that integrates both past and anticipated temperature 997 
shocks as crucial independent variables. To mitigate the risk of collinearity, temperature ranges 998 
are categorized into three distinct brackets: below 10°C, between 10°C and 30°C, and 30°C or 999 
above. The middle category, 10-30°C, is designated as the baseline for comparison. Our 1000 
analysis calculates coefficient estimates for individual days (ranging from t = -9 to t = +5) by 1001 
comparing them to the baseline temperature on the corresponding day. The regression 1002 
formula adjusts for several fixed effects – specifically, those related to individual vegetables, 1003 
the specific day within our sample period, each vegetable market's seasonal quarter, and 1004 
holidays. Our controls include air pollution, rainfall, relative humidity, sunshine duration, 1005 
temperature, and their square terms. In our model, we account for variables such as air 1006 
pollution, rainfall, relative humidity, sunshine duration, and temperature, along with their 1007 
squared terms to capture any non-linear effects these factors may have on the vegetable 1008 
wholesale price change. Additionally, we apply market-level clustering to the standard errors 1009 
to account for inter-market variability. Data are presented as point estimates (representing the 1010 
mean marginal effects) with shaded regions indicating the 95% confidence intervals. 1011 
 1012 

Supplementary information 1013 

Supplementary Figs. 1–12, Tables 1–15. 1014 
 1015 
Supplementary files include Parts A-K. Part A presents the theoretical framework, which 1016 
provides distribution-related explanations. Part B introduces the vegetable supply chain, as 1017 
well as the production and consumption of vegetables in China. Part C provides estimates for 1018 
vegetable subcategories. Part D incorporates various robustness checks, including checks of 1019 
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the econometric settings, alternative reference categories, the use of satellite-based 1020 
temperature measure to cross-validate our station-based temperature measure, address price 1021 
reporting issues, serial correlation, spatial correlation and the use of consistent three 1022 
temperature bins. In Part E, we provide direct post-harvest explanations from the perspective 1023 
of transportation and storage. In Part F, we examine whether the temperature effects between 1024 
hot and cold regions are significantly different. Part G presents the coefficients for projection. 1025 
In Part H, we provide summary statistics. In Part I, we discuss the generalizability of this study 1026 
beyond China. In Part J, we provide detailed policy implications, supported by examples from 1027 
the literature and relevant policies. In Part K, we provide source data for the estimates in the 1028 
figures that appeared in the main text. 1029 
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