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Abstract 
Global warming is expected to shift crop suitability northward, but the role of permafrost remains unclear. Here 

we integrate permafrost degradation impacts to project the suitability of seven major crops across the Northern 

Hemisphere (30°N–83°N). By the end of the century, the northern boundary of crop climatic suitability zones 

shifts northward by ~331 km and ~739 km under the SSP1–2.6 and SSP5–8.5 scenarios, respectively. 

Considering this shift and permafrost degradation, zones with persistent near-surface permafrost remain limited 

(~5%) but vary widely (3–19%) across different permafrost degradation assumptions. By the end of the century, 

newly emerging frontiers of climatically feasible agriculture reach 4.86 and 11.64 million km² under SSP1–2.6 

and SSP5–8.5, respectively, of which 29% and 18% may remain unsuitable for cultivation due to persistent 

permafrost thaw disturbances. Our results indicate that permafrost is a non-negligible constraint on the northward 

shift of climatically feasible agricultural frontiers. 

Introduction 
Climate warming is expected to create new climatically feasible agricultural frontiers (hereafter referred to as 

AF), particularly in high-latitude and high-altitude regions1–3. Against the backdrop of well-documented negative 

impacts of climate warming on current food systems4–6, the question whether cold northern regions, currently 

constrained by harsh climatic conditions, will unlock agricultural potential in the future has increasingly attracted 

scholarly attention7. In some cold-region local communities, several examples have already validated the 

existence of this potential8,9. 

Climate change has led to global yield reductions of 10% for wheat, 4% for maize, and 13% for barley10. 

Without adaptation, total crop yields in temperate and tropical regions are projected to decline substantially11. 

Under high-end warming scenarios, simulated crop yield losses range from 7% to 23%12. In particular, main 
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crops are expected to be negatively affected in tropical and subtropical regions13,14. Worse still, past climate and 

crop models have underestimated the risk of simultaneous yield failures in current major breadbasket regions15. 

The impacts of climate change on global agriculture may occur earlier than previously anticipated, further 

narrowing the window for adaptation16. Increased frequency and duration of extreme weather events17 continue 

to threaten global food security18. The demand for agricultural climate adaptation is rising sharply19,20, however, 

some climate adaptation measures may negatively affect agricultural markets and food security21. Achieving the 

1.5 °C target could lead to a 13% reduction in global cropland area22. Common adaptation measures may increase 

soil greenhouse gas emissions23, and most current croplands face challenges in achieving both emission 

reduction and yield gains24. Therefore, ensuring food security under climate change require substantial 

investments in technological innovation, cropland expansion, or further adaptation measures25. 

On the other hand, the impacts of climate change on agriculture are not entirely negative. Some scholars 

suggest that northern agriculture may benefit from climate warming and enhance local food supply26. In these 

cold regions, both crop diversity19 and yield potential27 are expected to increase under future warmer climate 

scenarios. Although such changes may primarily support local-scale food diversification in northern 

communities, broader climatic suitability projections nevertheless indicate a substantial poleward shift in 

potential agricultural zones. Globally, according to previous studies, the projected northward shift of the 

agricultural climatic boundary by the end of this century ranges between 500 and 1,200 km2,28. Under the Special 

Report on Emissions Scenarios (SRES) A1B scenario, climate change would result in an additional 5.6 million 

km² of land becoming climatically suitable for crop cultivation by the end of the century1. Under the RCP 4.5 

scenario, agricultural frontiers would cover 8.1–20.0 million km² of the Earth’s surface (equivalent to 31–77% 

of the currently cultivated area) by 2060–2080³. Under the RCP4.5 scenario, approximately 1.85 million km² of 

land in northern Canada would be at least climatically suitable, although it is currently too cold for cultivation. 

The breadbasket in North America are projected to shift poleward by an average of 600 km by the end of the 

century under the RCP8.5 scenario30. 

However, the extent of northern agricultural suitability zones remains insufficiently understood9. Previous 

studies have primarily focused on the influence of environmental factors such as climate, soil, and topography 

on future agricultural suitability in northern regions2,29,30, yet this poleward shift of suitable areas is also 

constrained by the presence of permafrost, which is usually not considered in existing studies. Currently, 

permafrost and its dynamics pose numerous challenges to agricultural cultivation, even under climatically 

suitable conditions. Farming in Yakutia requires substantial energy and investment, and an increasing amount of 

land is being abandoned31. In the village of Amga in Yakutia, almost all of the arable land has been abandoned32. 

In Alaska, the land currently under cultivation accounts for less than 0.001% of the state's total land area33. One 

farmer in Alaska mentioned that they spend 20% of their annual budget on land reclamation to cope with the 

disruptions caused by permafrost34. The main reason for this situation is the disturbance to the ground surface 

induced by permafrost degradation, thereby adversely affecting crop cultivation, agricultural infrastructure, and 

machinery operations, and may even result in farmland abandonment35. Under the widespread influence of 

ground surface disturbance, even minor benefits, such as easily accessible water sources, are ultimately 

overshadowed34. 

To explore the dynamic relationship between permafrost and AF, as well as the potential impacts of 

permafrost on AF. Herein, we simulated the future suitability distributions of seven main crops (barley, maize, 

potato, soybean, sugarbeet, sunflower and wheat) across the global northern regions under two Shared 
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Socioeconomic Pathways (SSP1–2.6 and SSP5–8.5) scenarios, and projected permafrost degradation and its 

uncertainties. Subsequently, we assessed the spatial relationship between crop suitability and permafrost 

distribution during 1980–2010, 2041–2070, and 2071–2100. Finally, we developed a framework to quantify the 

potential influence of changing permafrost on the northward shift of AF. In doing so, we answered the following 

three questions: (i) How far will AF shift northward under continued climate warming? (ii) Does this shift occur 

faster than the retreat of permafrost, potentially leading to an overlap between climatically suitable agricultural 

zones and permafrost regions? (iii) How does permafrost degradation constrain the extent of potential future AF? 

This study enhances understanding of the northward expansion of AF under climate change by explicitly 

incorporating the influence of permafrost. It also provides practical insights for climate adaptation in northern 

communities. 

Results 

Model performance 

We used the optimized Maximum Entropy (MaxEnt) machine-learning model to simulate the spatial distribution 

of suitability for seven major crops selected based on harvested area, crop types, yield, and energy contribution 

(see Methods: Main crops and occurrence data). Model performance was evaluated using the Area Under the 

Receiver Operating Characteristic Curve (AUC), which measures the model’s ability to distinguish between 

presence and background samples (see Methods:   Crop suitability modeling). The mean AUC of crops, 

calculated from ten repeated trials using a 25% validation set (independent of the 75% training data), ranged 

from 0.81 to 0.91 (Supplementary Figure 1, barley: 0.82, maize: 0.82, potato: 0.83, soybean: 0.89, sugar beet: 

0.90, sunflower: 0.91, and wheat: 0.81), indicates that all MaxEnt simulations achieved good to excellent 

predictive performance36,37. The simulated crop suitability zones are often larger than the actual cultivated areas, 

because not all regions suitable for crop growth have been developed into cropland. As shown in Supplementary 

Figure 2, the spatial extent of single and limited double cropping zones (GAEZ v454) is substantially larger than 

the current cropland coverage, with cropland accounting for 56% of the single and limited double cropping zones. 

The Kappa coefficient between them is 0.66. In contrast, our modeled crop suitability zone (at least one crop is 

suitable within a grid cell) yielded a more intermediate result: current cropland occupies 74% of our modeled 

suitable area, with a Kappa coefficient of 0.70. The total area of our modeled crop suitability zone represents 

76% of the GAEZ-defined single and limited double cropping zones, and the Kappa coefficient between them is 

0.78. In addition, the northern boundary of our modeled crop suitability zone closely aligns with that of current 

cropland, averaging at 57.10°N and 57.24°N, respectively, supporting the accuracy of our suitability boundary 

detection and its relevance to the change of permafrost (Supplementary Figure 2). 

The MAAT-permafrost approach estimates the probability of near-surface permafrost occurrence for each 

grid cell from mean annual air temperature (MAAT), allowing the spatial distribution of permafrost to be derived 

(see Methods: Permafrost extent derivation and Post-modeling analysis). In the original methodological study38, 

the estimated permafrost area was 15.5 million km², which compares well to observed value of 15.0 million km². 

This type of air–ground coupling approach for simulating permafrost extent generally performs better than other 

methods39. In our study, the simulated permafrost extent using the MAAT-permafrost approach for the baseline 

period (1980–2010, consistent with the baseline period used for crop suitability simulations) closely aligned with 

observations, yielding a Kappa coefficient of 0.90 (Supplementary Figure 3). Taken together, both the MaxEnt 

and MAAT-permafrost models produced reliable outputs, providing a robust foundation for the subsequent 
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analyses. 

Northward shift of crop climatic suitability zones 

Crop climatic suitability zones (hereafter referred to as CCSZ) were defined as grid cells in which at least one 

of the seven representative crops was classified as suitable (see Methods: Post-modeling analysis). Based on 

outputs from five Global Climate Models (GCMs) spanning an appropriate range of equilibrium climate 

sensitivity within the CMIP6 ensemble40, we further examined changes in the spatial distribution of CCSZ during 

the mid- and late twenty-first century. By the end of the 21st century (2071–2100) under the SSP5–8.5 scenario, 

the northern boundary of CCSZ shifted northward by an average of 739 km compared to the baseline period, 

with a range of 583 to 1552 km across different GCMs, indicating substantial inter-model variability (Fig. 1a). 

Using area-weighted calculations, we determined the latitudinal centroids of suitable areas for each crop, all of 

which exhibited a clear northward shift (Fig. 1b). On GCMs model average, the centroid of CCSZ advanced 

northward by 586 km, with individual crops showing the following shifts: barley, 718 km; maize, 387 km; potato, 

602 km; soybean, 898 km; sugarbeet, 604 km; sunflower, 462 km; and wheat, 534 km. The total area of projected 

AF reaches approximately 11.64 million km², (for scale, equivalent to over 24% of the current agricultural land41, 

Fig. 1). 

Results across periods and scenarios consistently indicate the emergence of AF in the future. By the end of 

the century under the SSP1–2.6 scenario, the northern boundary of CCSZ shifts northward by an average of 331 

km (290–685 km across different GCMs). The centroid of CCSZ moves northward by 248 km, with individual 

crops showing the following shifts: barley, 278 km; maize, 177 km; potato, 263 km; soybean, 414 km; sugarbeet, 

249 km; sunflower, 220 km; and wheat, 222 km. The area of AF reaches 4.86 million km² (for scale, ~10% of 

current agricultural land; Supplementary Figure 6). By mid-century, AF is projected to amount to at least 10% 

of current agricultural land (Supplementary Figures 4–5), reaching 4.90 million km² under SSP1–2.6 and 7.40 

million km² under SSP5–8.5 during 2041–2070, the northern boundary of CCSZ shifts northward by an average 

of 342 km and 482 km, respectively. 

Coexistence of CCSZ and permafrost regions 

Future warming simultaneously drives the northward shift of CCSZ boundaries and the retreat of the southern 

limit of permafrost. While, this synchronous change does not appear to expand the overlap between CCSZ and 

permafrost regions. Notably, permafrost degradation remains highly uncertain under comparable warming 

levels42–44. Therefore, we aim to examine whether the sensitivity of permafrost to warming (manifested as 

differences in the rate and extent of degradation under the same level of warming) may lead to greater spatial 

coexistence between permafrost regions and CCSZ. We applied the MAAT-permafrost approach to simulate 

permafrost dynamics, yielding a best-fit estimate (i.e., the closest agreement between simulated and observed 

extent) and two end-member cases representing minimum and maximum permafrost retention under the same 

warming level (see Methods: Permafrost extent derivation). To obtain quantitative estimates and avoid 

confounding among permafrost cases and climate models, we used the ensemble mean of five GCMs to assess 

the spatial relationship between permafrost and CCSZ. 

The coexistence between permafrost regions and CCSZ occurs primarily along the southern margin of the 

permafrost zone. In the baseline period, the overlap is approximately 0.94 million km² (5% of CCSZ; Fig. 2a). 

Despite the northward shift of CCSZ and the southward retreat of permafrost, the overlap increases only slightly 

to 1.19 million km² under SSP5–8.5 during 2071–2100 in the best-fit case (5% of CCSZ; Fig. 2b). In contrast, 
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it expands markedly to 4.43 million km² under the maximum case (17% of CCSZ; Fig. 2d), approximately five 

times the baseline, but declines to 0.86 million km² under the minimum case (3% of CCSZ; Fig. 2c). Under 

SSP1–2.6, the overlap is slightly greater than under SSP5–8.5, reaching 1.35 million km² (5% of CCSZ) in the 

best-fit case, increasing to 4.65 million km² (19%) under the maximum case, and decreasing to 1.04 million km² 

(4%) under the minimum case (Supplementary Figure 7). Across time periods, variation in overlap is primarily 

driven by uncertainty in permafrost degradation (Supplementary Figure 8), with most co-occurring areas located 

in regions of sporadic and isolated permafrost (Permafrost can be classified into four categories according to its 

areal continuity: continuous (>90%), discontinuous (50–90%), sporadic (10–50%), and isolated patches 

(<10%)45). 

Ground ice content of AF 

Ground ice content data were obtained from the National Snow and Ice Data Center (NSIDC)45, a dataset widely 

used in studies of permafrost change and its impacts46–48. This dataset provides ground ice content in three 

categories—high, medium, and low—corresponding to >20%, 10–20%, and <10% ice by soil volume, 

respectively. As shown in Fig. 3, we quantified the proportion of AF that were historically underlain by near-

surface permafrost, along with the ground ice content, providing a basis for further assessing the influence of 

permafrost on AF (detailed in Discussion: How permafrost affects AF?).  

By the end of the century under the SSP5–8.5 scenario, approximately 69% of the AF in North America are 

projected to emerge from areas formerly characterized by permafrost (best-fit permafrost case). Among these, 

regions with high ground ice content contribute a relatively small proportion (2% of AF), while medium and low 

ground ice content areas account for 16% and 51% of AF, respectively. In Eurasia, about 73% of AF are projected 

to originate from permafrost zones. Unlike North America, a higher proportion of AF in Eurasia emerges from 

high ground ice content areas (15% of AF), whereas medium ground ice content areas contribute the least (6% 

of AF) and low ground ice content areas account for the largest share (52% of AF) (Fig. 3). Under the SSP1–2.6 

scenario, 48% and 59% of AF in North America and Eurasia, respectively, originate from areas formerly 

underlain by permafrost. In North America, regions of high, medium, and low ground ice content account for 

0%, 10%, and 38% of AF converted from permafrost, respectively. In Eurasia, the corresponding proportions 

are 13%, 3%, and 43%. By mid-century, more than half of AF is also projected to emerge from areas formerly 

underlain by permafrost (Supplementary Figures 9–10), with only minor differences in the contributions from 

regions of different ground ice content compared to the end of the century. 

An integrated permafrost-informed crop suitability map 

As shown in Fig. 4, based on the multi-GCM ensemble mean and the best-fit permafrost case, we have overlaid 

the results from three dimensions: the suitability of seven representative crops, near-surface permafrost dynamics, 

and ground ice content. First, AF is classified into six mutually exclusive categories based on near-surface 

permafrost dynamics (presence or absence) and ground ice content. By the end of the century, under the SSP5–

8.5 scenario: Cat. 1: AF converted from non-permafrost regions (23% of AF). Cat. 2: AF converted from low-

ice-content permafrost regions, with near-surface permafrost completely thawed in the simulations (49% of AF). 

Cat. 3: AF converted from medium-ice-content permafrost regions, with near-surface permafrost completely 

thawed in the simulations (9% of AF). Cat. 4: AF coexists with sporadic and isolated permafrost, where near-

surface permafrost persists in the simulations (9% of AF). Cat. 5: AF converted from high-ice-content permafrost 

regions, with near-surface permafrost completely thawed in the simulations (9% of AF). Cat. 6: AF coexists with 
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continuous and discontinuous permafrost, where near-surface permafrost persists in the simulations (<1% of AF). 

Second, we overlay the six categories with crop suitability abundance, defined as the number of crops 

classified as suitable by the MaxEnt model within each grid cell. Areas with crop abundance levels from 1 to 7 

account for 20%, 14%, 18%, 22%, 14%, 9%, and 3% of AF, respectively. Finally, AF is subdivided into 42 sub-

regions, with the area and proportion of each shown in Fig. 4 and Table 1. By the end of the century under the 

SSP1–2.6 scenario, Cat. 1–6 account for 39%, 29%, 4%, 19%, 6%, and 4% of AF, respectively, while crop 

abundance levels 1–7 account for 27%, 22%, 28%, 18%, 4%, 1%, and <1% of AF. These results indicate that 

lower levels of warming are associated with an overall reduction in crop abundance and greater coexistence of 

AF with permafrost (Supplementary Figure 13 and Supplementary Table 3). The same approach was applied to 

the mid-century period, and the results, as well as the spatial distribution and extent of the sub-regions under the 

SSP5–8.5 and SSP1–2.6 scenarios, are shown in Supplementary Figures 11–12 and Supplementary Tables 1–2. 

Discussion 

How permafrost affects AF? 

By the end of the century under the SSP5–8.5 scenario, most AF (77%) originates from areas that were underlain 

by permafrost during the baseline period (Cat. 2–6), whereas only 23% of AF is unaffected by permafrost (Cat. 

1). Within the 59% of AF derived from low- and medium-ground-ice-content regions (Cat. 2 and Cat. 3), near-

surface permafrost has completely thawed, suggesting that additional management efforts, such as land leveling 

and drainage, may be required to mitigate residual impacts of permafrost degradation, including surface water 

accumulation46, ground subsidence49, and thermokarst gullies and slumping50. Approximately 9% of AF 

coincides with sporadic and isolated permafrost (Cat. 4), where near-surface permafrost remains relatively warm, 

highly dynamic, and spatially unpredictable, representing degradation hotspots51. Even after land leveling, 

residual permafrost may continue to thaw, and sustaining cultivation in these areas could require ongoing 

management to cope with unpredictable ground surface changes32,34,35. Another 9% of AF originates from high-

ground-ice-content permafrost regions (Cat. 5), where complete thawing of near-surface permafrost may lead to 

strong ground surface disturbances52. Such disturbances could incur prohibitively high costs to render the land 

cultivable, and extensive ground subsidence could hinder agricultural machinery operations, potentially resulting 

in farmland abandonment35,53. Less than 1% of AF coexists with continuous and discontinuous permafrost (Cat. 

6), which is generally considered unsuitable for cultivation54. 

For now, at least 9% of AF (Cat. 5 and Cat. 6) is rendered unsuitable for cultivation due to the influence of 

permafrost. Notably, AF coexisting with sporadic and isolated permafrost (Cat. 4, 9% of AF) is primarily located 

along the northern margins of AF (Fig. 4), where population density is low55 and growing degree days are 

limited56, both of which are key factors influencing crop cultivation. In addition, most of this region is projected 

to support fewer than three crops (81% of Cat. 4; Fig. 4 and Table 1). Based on the limited evidence currently 

available, the coexistence of thawing near-surface permafrost and AF appears to be dominated by negative 

impacts on agricultural production32,34,57,58. Consequently, considering the harsher climate conditions along the 

northern margins and the limited potential returns, combined with the ongoing negative impacts and management 

costs associated with continued permafrost degradation, this type of AF may not be economically viable for 

cultivation. In total, 18% of AF (Cat. 4, Cat. 5, and Cat. 6) appears to be dominated by the negative effects of 

permafrost and may even be unsuitable for conversion to arable land. 

By the end of the century, under the SSP1–2.6 scenario (Supplementary Figure 13 and Supplementary Table 
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3), Cat. 4, Cat. 5, and Cat. 6 account for 19%, 6%, and 4% of AF, respectively, indicating that 29% of AF is 

primarily dominated by the negative effects of permafrost. This is largely driven by the expansion of Cat. 4, as 

lower warming allows more subsurface ice in near-surface permafrost to be preserved, while crops cultivated 

above ground are more sensitive to temperature increases, resulting in a greater coexistence of AF with near-

surface permafrost. By mid-century, simulated AF under the SSP1–2.6 and SSP5–8.5 scenarios amounts to 4.90 

million km² and 7.40 million km², respectively. Under the same assumptions, the proportion of AF primarily 

dominated by the negative effects of permafrost is 27% and 24%, respectively (Supplementary Figures 11–12 

and Supplementary Tables 1–2). 

Uncertainties imposed by permafrost on AF 

Permafrost continues to degrade under ongoing climate warming. Recent studies suggest that, at large spatial 

scales, permafrost thaw exhibits an approximately linear relationship with temperature increases48. However, 

substantial differences remain in both the magnitude and timing of projected changes42. Projections from CMIP6 

models indicate that for every 1 °C increase in global mean surface temperature, the annual volume of frozen 

ground in the upper 2 meters of soil may decrease by 10% to 40%43. Considerable uncertainty persists in future 

projections of permafrost extent: under the RCP8.5 scenario, permafrost losses between 2010 and 2299 range 

from 6 to 16 million km²44. 

In our study, the MAAT-permafrost approach captured the upper and lower bounds of permafrost 

degradation under a given level of warming38, reflecting the sensitivity of permafrost to warming (see Results: 

Coexistence of CCSZ and permafrost regions). We integrated this range into the crop comprehensive suitability 

map (using the same method as described in Results: An integrated permafrost-informed crop suitability map) 

to further discuss the uncertainties imposed by permafrost on AF. As shown in Table 1 (values in parentheses), 

by the end of the century under the SSP5–8.5 scenario, the minimum and maximum extents of near-surface 

permafrost drive substantial transitions between Cat. 2 and Cat. 4 within AF. The extent of Cat. 4 ranges from 

7% to 36% of AF, indicating that the lower and upper bounds of permafrost degradation correspond to 7–36% 

of AF coexisting with near-surface sporadic and isolated permafrost. If Cat. 4, Cat. 5, and Cat. 6 are all considered 

as areas not recommended for conversion to arable land, then 16–42% of AF may be primarily dominated by the 

negative effects of permafrost. Under the SSP1–2.6 scenario, Cat. 4, Cat. 5, and Cat. 6 collectively account for 

25–65% of AF. The upper bound of this range is substantially higher than that under the SSP5–8.5 scenario. 

Notably, the maximum values discussed here represent extreme upper estimates derived from the maximum 

permafrost case, whereas actual conditions are likely closer to those obtained under the best-fit scenario (see 

Discussion: How permafrost affects AF?). By mid-century, the proportion of AF primarily dominated by the 

negative effects of permafrost ranges from 24% to 62% under SSP1–2.6 and from 21% to 52% under SSP5–8.5 

(Supplementary Tables 1–2). 

Moreover, several factors still contribute to additional uncertainty regarding the impacts of permafrost on 

AF. For instance, current models largely focus on near-surface permafrost (upper 3 m of the subsurface42,44,59), 

whereas deeper permafrost (5–10 m and below) may persist for decades even after surface thaw. Agricultural 

expansion often occurs near river valleys60, where ice-rich permafrost is also commonly concentrated, yet 

existing hemispheric ground ice datasets45,61 lack the detail to capture these environments. From these factors, 

permafrost may exert additional negative effects on AF, most of which (77%) originate from areas underlain by 

permafrost during the baseline period (Cat. 2–6). Conversely, the thawing of permafrost may increase surface 
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water and soil moisture, potentially providing a temporary water supply to originally arid AF regions34. In 

addition, these previously cold areas may have accumulated a certain amount of fertile soil62,63. Although these 

factors appear beneficial, the extent to which such limited advantages can offset the negative impacts of 

permafrost change and the associated potential economic costs remains highly uncertain and complex. 

Limitations and implications 

Species’ ecological niches and crop suitability should be assessed over defined periods, as both require time to 

respond to climate change rather than adjusting instantly to interannual variability. This study evaluated 

representative crop suitability for the mid- and late 21st century using 30-year climate means to represent stable 

climatic states. Simulated permafrost dynamics are similarly based on 30-year means. However, at regional and 

short temporal scales, predicting permafrost changes remains highly uncertain due to limited observations and 

complex responses17. Transitions from permafrost to stable agricultural land involve thermokarst-induced 

processes such as subsidence, waterlogging, and subsequent drainage40,49,50, whose timing, location, and 

magnitude are difficult to predict at large scales17. Limitations also exist in capturing sub-annual variability and 

crop phenology64, and the relationship between warming and Northern Hemisphere vegetation productivity may 

reverse in the future65. Consequently, interannual lags between permafrost degradation and crop suitability 

remain challenging to capture. Regional-scale studies are therefore necessary to resolve finer-scale complexities. 

Detailed regional models and field studies are needed to examine the links between ground ice content and 

thermokarst formation, tolerable ice loss for agriculture, permafrost–surface water interactions47, human 

decision-making and societal development66, and coupled water–nutrient dynamics in permafrost67. Even where 

climate appears suitable, the transition from potential to realized crop cultivation remains uncertain, requiring 

adaptive assessment by local communities using local knowledge and continued regional-scale research8,68. 

Permafrost thaw profoundly affects Indigenous peoples and traditional livelihoods in the Arctic, with most 

attention focusing on its negative impacts. These can be summarized as: infrastructure failure, disruption of 

mobility and supplies, challenges to food security, declines in water quality, and exposure to infectious diseases 

and contaminants69. Among these, threats to food security are considered a major permafrost-related hazard in 

some self-sufficient northern communities69. These challenges arise from biodiversity loss, habitat degradation, 

declines in animal populations70, and negative impacts on traditional subsistence activities, including fishing, 

reindeer herding, hunting, and associated cultural and spiritual practices. Our results indicate that, although 

climate-driven AF is constrained by permafrost and the process is highly complex, future warming is likely to 

continue creating new crop-suitable areas for Arctic communities. In the current context, dominated by negative 

impacts, this may provide novel opportunities for local adaptation to climate change. Accordingly, raising 

awareness of climate change within communities and encouraging farmers to adapt to longer growing seasons 

(for example, by selecting crop varieties suited to local conditions71) is important. Policymakers should consider 

the potential landscape changes induced by climate change when formulating long-term socio-economic 

strategies72. Future research should continue to explore how local residents perceive and experience cryospheric 

changes73. By integrating indigenous cumulative local knowledge, interdisciplinary field studies can investigate 

the feasibility and practicalities of cultivation in thawing permafrost regions, thereby leveraging the benefits of 

warming to mitigate its negative impacts. 

Currently, the agricultural expansion8,9 is raising widespread concerns over a potential land conflict between 

agriculture and timber production74. However, our findings suggest that when accounting for the impacts of 
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permafrost, approximately 18% to 29% of the projected AF may become unsuitable for cultivation in high-

latitude regions. Moreover, permafrost soils store vast quantities of organic carbon, and the carbon loss following 

deforestation for agriculture is strongly dependent on permafrost abundance75. Converting forested land to 

cropland in permafrost regions may further accelerate thawing and lead to substantial carbon emissions. In 

addition, if the minimum land area required to safeguard biodiversity is considered6, the effective extent of the 

AF would be further reduced. Consequently, our findings may partially alleviate concerns regarding land-use 

conflicts between agriculture and forestry, while simultaneously underscoring the urgent need to reduce 

emissions, enhance agricultural efficiency, and invest in sustainable intensification within existing cropland 

boundaries as key strategies for ensuring global food security. 

Methods 
Study area 

The study area encompasses all terrestrial regions of the Northern Hemisphere between 30°N and 83°N, 

providing a suitable spatial extent for examining large-scale relationships between the northward shift of 

agricultural suitability zones and permafrost dynamics (Supplementary Figure 14). The southern boundary was 

set at 30°N because this range includes all high-latitude permafrost regions in the Northern Hemisphere, as well 

as the majority of areas characterized by single cropping and limited double cropping zones. In future forecasts, 

agricultural suitability is projected to increase substantially in high-latitude regions, whereas the increment in 

high-altitude areas is comparatively negligible2. 

Main crops and occurrence data 

To identify representative crops that effectively capture the northern boundary of crop climatic suitability zones, 

we compiled harvested area data for 175 crops76 within single-cropping and limited double-cropping regions 

north of 30°N. After excluding crops accounting for less than 1% of the total harvested area, 14 major crops 

remained for further analysis (Supplementary Figure 15). According to the objectives of this study, forage crops 

were excluded, and efforts were made to include a wide range of crop types to capture the distinct environmental 

requirements of different crop groups. Additionally, crop selection was informed by yield and energy 

contribution (excluding crops with relatively low yields or limited energy contribution, FAOSTAT77, 

https://www.fao.org/). Finally, we selected seven major crops to analyze the northward shift of AF: three cereals 

(wheat, maize, and barley), two oil crops (soybean and sunflower), one sugar crop (sugarbeet), and one root and 

tuber crop (potato). This selection covers four out of five the most valuable crops globally according to the FAO 

(rice, maize, wheat, soy, and potato). 

It is necessary to create an observation-based, real-world dataset to model and validate the accuracy of our 

models. As species distribution models require that occurrence data be unbiased and not extend beyond or lie 

too close to the temporal bounds of the climate data, we used three harvested area datasets around the year 2000 

to generate the occurrence data and reduce the bias of a single data source while ensuring consistency among 

climate datasets. These datasets include the Global Data Set of Monthly Irrigated and Rainfed Crop Areas around 

the year 2000 (MIRCA200078), the Spatial Production Allocation Model (SPAM; https://mapspam.info), and 

Harvested Area and Yield for 175 Crops from EARTHSTAT76. It was considered that harvested area fractions 

below 1% were not suitable for planting79. Therefore, all grid cells with harvested area fractions below 1% were 

excluded, and the spatial resolution and units of the three datasets were harmonized. To reduce biases in 
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occurrence data, the three harvested area datasets were overlaid (with spatially overlapping points retained), and 

a variable-sized moving window was slid across the entire dataset. Within each window position, one data point 

was randomly selected from the three sources and retained as the sole occurrence within that area. After 

traversing the entire dataset, this procedure yielded an occurrence database with reduced bias from any single 

data source and a more even spatial distribution with fewer records80. To exclude the influence of tropical and 

subtropical crop varieties, occurrences were retained only within single cropping and limited double cropping 

zones north of 30°N. The number of occurrences per crop was initially 175637–26561 and was then thinned to 

1179–1656. (Supplementary Figure 16). 

Environmental input data: Present and climate change projections 

Climate data were obtained from the CHELSA Version 2.1 (Climatologies at High Resolution for the Earth’s 

Land Surface Areas) climate dataset at 30 arc-second resolution81. In addition to the 19 bioclimatic variables 

commonly used in species distribution modeling82,83, 20 additional crop-related climate variables were also 

collected (Supplementary Table 4). These climatological variables, together with the other variables mentioned 

below, were then subjected to pre-modeling selection to identify the most important predictors. All climate 

variables represent multi-year averages for three time periods: the historical baseline period (1980–2010) and 

two future periods (mid-century: 2041–2070; end-century: 2071–2100). 

In this study, we selected climate variables from five CMIP6 GCMs: GFDL-ESM4, MPI-ESM1-2-HR, 

MRI-ESM2-0, IPSL-CM6A-LR, and UKESM1-0-LL. We considered two Shared Socioeconomic Pathways 

(SSPs), SSP1–2.6 and SSP5–8.5, to capture the full range of projected crop suitability changes. The five selected 

GCMs feature structurally independent ocean–atmosphere components and together span the appropriate range 

of equilibrium climate sensitivity (ECS) represented in the CMIP6 ensemble. This includes three models with 

below-average ECS values (GFDL-ESM4, MPI-ESM1-2-HR, and MRI-ESM2-0) and two with above-average 

ECS values (IPSL-CM6A-LR and UKESM1-0-LL)40.This model ensemble has been widely applied in studies 

related to agriculture and climate change16. 

Soil data were obtained from HWSD 2.0 (https://gaez.fao.org/pages/hwsd), including 14 variables (see 

Supplementary Table 4). Nine topographic variables (Supplementary Table 4) were sourced from EarthEnv 

(https://www.earthenv.org/). One groundwater table depth variable was obtained from a published study84, which 

integrates previous studies by averaging four commonly used datasets (Supplementary Table 4). In total, 63 

environmental variables were used to calculate crop suitability. All variables were spatially aligned to the extent 

of the study area (Supplementary Figure 14) and resampled to a uniform spatial resolution of 5 arc minutes 

(approximately 10 km at the equator). 

Observed permafrost extent and ground ice content data were obtained from the National Snow and Ice 

Data Center (NSIDC), which is a widely used dataset in studies analyzing permafrost changes and their 

impacts46–48. The distribution of global single and limited double cropping zones during the historical period was 

derived from the Global Agro-Ecological Zones model (GAEZ v4, https://www.fao.org/gaez/en/) and was used 

to filter occurrences. Crop yield and caloric contribution data were sourced from FAOSTAT77 

(https://www.fao.org/), and cropland distribution data were obtained from FAO (https://www.fao.org/) to validate 

model accuracy. 

Crop suitability modeling 

MaxEnt version 3.4.485 (https://biodiversityinformatics.amnh.org/open_source/maxent/) was used to simulate 
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the current and future spatial suitability distributions of seven selected crops (wheat, maize, barley, soybean, 

sunflower, sugarbeet, and potato). MaxEnt was chosen for its robustness and high predictive accuracy, which 

has led to its widespread application in modeling the distributions of a variety of species, including crops86–88, 

vegetation89,90, animals82,83,91, insects92, and microorganisms93. The model has consistently exhibited high 

predictive accuracy94 compared with other species distribution models. For each crop, first, we conducted a 

variable selection from the 63 environmental variables. Pairwise spatial correlations between all variables were 

calculated. Then, among the 25 spatially independent variables, those with permutation importance consistently 

above 1% across multiple MaxEnt runs were retained as base variables. The non-base variables were then 

individually modeled in combination with the base variables, and their permutation importance was calculated. 

Based on the ranked permutation importance of the non-base variables and their spatial correlations with other 

variables, those with higher importance were prioritized, while highly correlated variables with them (r > 0.8) 

were excluded. The selected variables from this round were combined with the base variables for another round 

of modeling, during which variables with permutation importance below 1% were removed. This process was 

iteratively repeated until all retained variables had a permutation importance greater than 1%. The final set of 

variables used for model construction is summarized in Supplementary Table 4. 

The selected variables were used for optimal model selection with the ENMeval package v2.0.595, in R, 

v4.4.2 (R Core Team, 2024). Five feature classes (FCs: Linear, Quadratic, Product, Hinge, and Threshold) were 

combined with regularization multipliers (RM, integers from 1 to 5 in this study), resulting in 25 parameter 

combinations. The optimal model was selected based on the criterion of delta AICc = 0, which indicates that 

MaxEnt achieves a good balance between model fit and complexity, thereby minimizing the risk of overfitting95–

97. Subsequently, for each crop, 100 null models were generated under the optimal model settings. A model was 

confirmed as optimal only if its AUC exceeded that of 99% of the null models. Otherwise, the above procedures 

were repeated until the model passed the null model test. 

Finally, the optimized models were used to project the suitability distributions for different crops across 

three time periods—Baseline (1980–2010), mid-century (2041–2070), and end-century (2071–2100)—under 

two SSPs (SSP1–2.6 and SSP5–8.5) and five GCMs (GFDL-ESM4, IPSL-CM6A-LR, MPI-ESM1-2-HR, MRI-

ESM2-0, and UKESM1-0-LL), for a total of seven crops. Each modeling run was repeated ten times (10-fold 

cross-validation), with 75% of the data used for training and 25% for validation in each run. Model performance 

was evaluated using AUC value, which was categorized into five classes: failed (0.5–0.6), poor (0.6–0.7), fair 

(0.7–0.8), good (0.8–0.9), and excellent (0.9–1)36. If the training AUC of a model was below 0.8, all procedures 

were repeated until the model reached a good or excellent level. 

Permafrost extent derivation 

The extent of near-surface permafrost (within the upper 3 m of the subsurface) was derived following previously 

established procedures38, updated from earlier work98. In this approach, the probability of near-surface 

permafrost occurrence is represented as a cumulative normal distribution function of the mean annual air 

temperature (MAAT) at each grid cell. This model is designed to simulate permafrost extent under specific 

temperature increase scenarios or time periods in a climatically stable state. This model performs well in 

simulating the spatial extent of near-surface permafrost and effectively captures the lagged response of 

permafrost degradation relative to climate change38, and provides estimates of the uncertainty in future 

permafrost dynamics, including a best-fit case, which represents the modeled permafrost extent most closely 
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aligned with observational data, and maximum/minimum cases, which represent the upper and lower bounds of 

simulated permafrost extent. This allows us to analyze the impact of such uncertainties on crop suitability zones 

and has been widely applied in studies on permafrost degradation and its derived impacts43,48,99. 

Post-modeling analysis 

The MaxEnt output represents the probability of species presence at a given location under the corresponding 

model input conditions, ranging from 0 to 1. We applied a Maximum Test Sensitivity Plus Specificity (MTSPS) 

threshold100 to convert the continuous MaxEnt outputs into binary classifications of suitable and unsuitable areas. 

Subsequently, binary suitability maps of the seven crops were overlaid to generate one crop suitability map, 

which integrates the distinct environmental requirements of different crop types. For each crop, the final 

suitability map was derived from an ensemble average across 5 GCMs. A grid cell was considered climatically 

suitable for agriculture if at least one crop was classified as suitable, and these grid cells were collectively defined 

as crop climatic suitability zones (CCSZ). AF was then defined as grid cells classified as unsuitable in the 

historical period but projected to become suitable in the future. This allowed us to identify and characterize the 

potential northern boundary of agricultural suitability under climate change. 

The MAAT-permafrost model outputs the probability of near-surface permafrost presence at each grid cell. 

First, cells with a permafrost probability below 0.01 were classified as non-permafrost areas81. Cells with 

probabilities between 0.9–1.0, 0.5–0.9, 0.1–0.5, and 0–0.1 were classified as continuous, discontinuous, sporadic, 

and isolated patches of permafrost, respectively99. To ensure the robustness of our simulation results, we used 

the Kappa coefficient to assess spatial agreement between (i) the simulated crop suitability map and the observed 

extent of single and limited double cropping zones as well as cropland cover in baseline period, and (ii) the 

simulated permafrost extent and the observed permafrost distribution. Changes in the spatial distribution of crop 

suitability and the influence of permafrost on these changes were assessed by comparing suitability maps with 

permafrost maps for each scenario and time period. Modeling and post-modeling analyses were conducted using 

R v4.4.2 (R Core Team101) and MATLAB R2022a (academic use) (MathWorks102). 

Data availability  

All data used in this study are publicly available. Harvested-area data were obtained from MIRCA2000 

(https://www.uni-frankfurt.de/45218031/MIRCA2000), SPAM (https://mapspam.info), and EARTHSTAT 

(http://www.earthstat.org/harvested-area-yield-175-crops/). Climate data were obtained from CHELSA Version 

2.1 (https://chelsa-climate.org/downloads/). Soil data were obtained from HWSD 2.0 

(https://gaez.fao.org/pages/hwsd). Topographic data were obtained from EarthEnv (https://www.earthenv.org/). 

Groundwater table depth data were obtained from a published dataset (https://zenodo.org/records/7538161). 

Observed permafrost extent and ground ice content data were obtained from NSIDC 

(https://nsidc.org/data/ggd318/versions/2). The distribution of global single and limited double cropping zones 

during the historical period was derived from GAEZ v4 (https://www.fao.org/gaez/en/). Crop yield, caloric 

contribution, and cropland distribution data were obtained from FAOSTAT (https://www.fao.org/faostat/). 

Source data underlying the main findings of this study are available at Zenodo 

(https://doi.org/10.5281/zenodo.20282716). 

Code availability  
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Custom code for species occurrence point filtering and permafrost distribution simulation is available at Zenodo 

(https://doi.org/10.5281/zenodo.20282716). Species distribution modeling was conducted using the publicly 

available MaxEnt version 3.4.4 (https://biodiversityinformatics.amnh.org/open_source/maxent/) and the 

publicly available R package ENMeval v2.0.5 (https://cran.r-project.org/package=ENMeval). 
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Fig. 1 | Northward shift of crop climatic suitability zones (CCSZ) under the SSP5–8.5 scenario during 2071–2100. 

Here, CCSZ refer to single and limited double cropping zones, excluding areas of double and multiple cropping. (a) and (b) show 

CCSZ combining seven representative crops in North America and Eurasia, respectively. The red line represents the northern 

boundary of simulated CCSZ during the baseline (1980–2010) period (northern boundary of Supplementary Figure 2b).Shading 

from beige to green indicates increasing agreement among the five GCMs (values from 1 to 5). (c) Latitudinal distribution of 

individual crop suitable areas, calculated as the average across GCMs. The gray shading shows the baseline (1980–2010) 

distribution of suitable areas by latitude; the black solid line indicates future suitable areas; and the green shading represents the 

area of AF (grid cells classified as unsuitable in the baseline but projected to become suitable in the future) across latitudes. 

Fig. 2 | Permafrost region, CCSZ, and areas of coexistence under the SSP5–8.5 scenario for 2071–2100.  

Shaded areas in light to dark blue represent permafrost zones of different continuity levels. Gray patches indicate CCSZ (single 

and limited double cropping zones, averaged across GCMs). Green hatching shows areas of spatial overlap between permafrost 

region and CCSZ. (a) Permafrost distribution during the baseline period (1980–2010); panels (b), (c), and (d) show the projected 

permafrost extents under the best-fit, minimum, and maximum cases, respectively. The best-fit case represents projections based 

on the simulation that most closely matches observations, while the minimum and maximum cases correspond to the fastest and 

slowest projected rates of permafrost thaw; (e) Overlap areas between permafrost and CCSZ under each cases. Blue bars correspond 

to different permafrost continuity levels, consistent with the blue categories shown on the maps. 

Fig. 3 | Ground ice content within AF and their area latitudinal distribution under the SSP5–8.5 scenario for 2071–2100.  

In panels (a) and (c), colored patches represent AF areas: teal indicates AF converted from non-permafrost zones, while other colors 

denote AF derived from former permafrost zones of varying ice content. Blue hatching marks AF areas where permafrost remains 

under the best-fit case. Panels (b) and (d) show the latitudinal distribution of AF area. Grey shading indicates the total AF extent; 

blue areas represent AF converted from former permafrost zones; remaining colors correspond to areas transformed from low, 

medium, and high-ice-content permafrost, consistent with the legend in the maps. 

Fig. 4 | Comprehensive suitability map of AF under the SSP5–8.5 scenario during 2071–2100, incorporating the impacts of 

permafrost.  

Panels (a) and (b) show North America and Eurasia, respectively. The vertical axis of the legend (labeled 1 to 6) represents the 

permafrost impact categories (Cat.1 to Cat.6), while the horizontal axis (labeled 1 to 7) indicates crop abundance, i.e., the number 

of crop suitable in each grid cell , resulting in a total of 42 AF sub-classes. A horizontal black line divides the permafrost impact 

into two broad classes, with Cat. 1–Cat. 3 indicating that permafrost does not fundamentally overturn crop suitability and that the 

land remains cultivable after soil leveling and grading. Cat. 4–6 suggest that negative impacts associated with permafrost tend to 

dominate, potentially constraining cultivation due to ground surface disturbances and, in some cases, leading to farmland 

abandonment. 
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Table 1 Extent of different suitability zones in 2071-2100, SSP5–8.5 scenario (combinations of crop abundance and permafrost 

impact classification). Values before brackets indicate suitability area calculated under the best-fit permafrost case, whereas 

bracketed ranges reflect suitability area under the minimum and maximum permafrost cases. Units: For each category (Cat.), two 

metrics are reported: area (10⁴ km²) and the percentage of AF represented by each sub-class. Categories 1–6 follow the definitions 

in the Results section (An integrated permafrost-informed crop suitability map). 

Permafrost impact 

classification 

Abundance of crops 

1 2 3 4 5 6 7 

Cat. 1 

104 km2 
30.61 (31.03, 

26.07) 

27.05 

(27.08, 

24.95) 

39.10 

(39.10, 

37.08) 

68.58 (68.59, 

67.01) 

54.89 

(54.89, 

54.44) 

39.14 

(39.14, 

39.04) 

8.46 (8.46, 

8.43) 

% 
2.63 (2.67, 

2.24) 

2.32 (2.33, 

2.14) 

3.36 (3.36, 

3.19) 

5.89 (5.89, 

5.76) 

4.72 (4.72, 

4.68) 

3.36 (3.36, 

3.35) 

0.73 (0.73, 

0.72) 

Cat. 2 

104 km2 

113.24 

(123.62, 

37.28) 

82.83 

(87.09, 

39.24) 

106.28 

(111.68, 

59.53) 

118.79 

(124.02, 

85.83) 

79.06 

(79.24, 

65.19) 

49.03 

(49.04, 

43.18) 

24.12 

(24.12, 

21.96) 

% 
9.73 (10.62, 

3.20) 

7.12 (7.48, 

3.37) 

9.13 (9.60, 

5.12) 

10.21 (10.66, 

7.38) 

6.79 (6.81, 

5.60) 

4.21 (4.21, 

3.71) 

2.07 (2.07, 

1.89) 

Cat. 3 

104 km2 
17.41 (17.98, 

5.53) 

17.48 

(17.62, 

8.56) 

21.00 

(21.04, 9.04) 

30.11 (30.81, 

24.00) 

12.63 

(12.65, 

9.20) 

7.50 (7.50, 

6.67) 

1.77 (1.77, 

1.71) 

% 
1.50 (1.54, 

0.48) 

1.50 (1.51, 

0.74) 

1.80 (1.81, 

0.78) 

2.59 (2.65, 

2.06) 

1.09 (1.09, 

0.79) 

0.64 (0.64, 

0.57) 

0.15 (0.15, 

0.15) 

Cat. 4 

104 km2 
47.48 (37.85, 

149.71) 

19.02 

(14.36, 

81.67) 

19.47 

(13.18, 

91.36) 

19.61 (13.30, 

69.01) 

0.26 (0.06, 

19.73) 
0 (0, 7.15) 0 (0, 2.35) 

% 
4.08 (3.25, 

12.87) 

1.63 (1.23, 

7.02) 

1.67 (1.13, 

7.85) 

1.69 (1.14, 

5.93) 

0.02 (0, 

1.70) 

0 (0, 0.61) 0 (0, 0.20) 

Cat. 5 

104 km2 
17.43 (20.31, 

4.05) 

16.74 

(17.56, 

8.18) 

23.47 

(24.31, 

11.69) 

23.14 (23.52, 

14.37) 

11.52 

(11.52, 

9.80) 

9.04 (9.04, 

8.68) 

2.20 (2.20, 

2.10) 

% 
1.50 (1.75, 

0.35) 

1.44 (1.51, 

0.70) 

2.02 (2.09, 

1.00) 

1.99 (2.02, 

1.24) 

0.99 (0.99, 

0.84) 

0.78 (0.78, 

0.75) 

0.19 (0.19, 

0.18) 

Cat. 6 

104 km2 
4.64 (0.02, 

8.16) 

0.59 (0, 

1.11) 
0 (0, 0.62) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 

% 0.40 (0, 0.70) 
0.05 (0, 

0.10) 

0 (0, 0.05) 
0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0) 
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Editorial Summary:  

Permafrost may limit the suitability of up to 29% of newly suitable agricultural land in high latitudes under 

global warming, according to simulations integrating permafrost degradation and crop suitability for seven major 

crops. 
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