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C L I M AT O L O G Y

Lessened projections of Arctic warming and wetting 
after correcting for model errors in global warming and 
sea ice cover
Ziyi Cai1,2, Qinglong You1*, James A. Screen2, Hans W. Chen3, Ruonan Zhang1, Zhiyan Zuo1, 
Deliang Chen4,5, Judah Cohen6,7, Shichang Kang8, Renhe Zhang1

Credible projections of Arctic warming and wetting (AWW) are essential for informed decision- making in a chang-
ing climate. However, current AWW projections from state- of- the- art climate models carry uncertainties. Using 
observational datasets and CMIP6 model simulations, we demonstrate that the observed historical global warm-
ing trend and the climatological mean pattern of Arctic sea ice can serve as effective constraints on AWW projec-
tions. Under SSP2- 4.5, the constrained warming by the end of the century is reduced from 5.5° to 4.6°C. Similarly, 
the projected wetting decreases from 6.8 to 5.7 millimeter per month. The inter- model spread in warming and 
wetting is reduced by 25 and 15%, respectively. The reduction is the largest in the Barents- Kara seas, reducing 
warming by 1.2°C, lessening wetting by 1.7 millimeter per month, and decreasing the inter- model spread by one- 
third. Our findings suggest that unconstrained CMIP6 projections overestimate future AWW, particularly in the 
Barents- Kara seas, due to an overestimation of historical global warming and excessive sea ice in the models.

INTRODUCTION
A notable feature of observed climate change is the greater increase 
in temperature and precipitation in the Arctic compared to the 
global average, known as Arctic warming and wetting (AWW) am-
plification (1–4). This amplification has profound implications for 
the climate system (5), such as accelerating the retreat of Arctic sea 
ice (6), promoting mass loss from the Greenland ice sheet (7), and 
triggering permafrost thaw (8). Future AWW amplification is ex-
pected to intensify further changes in the Arctic water cycle (9), in-
crease river discharge, and disturb the freshwater balance in the 
ocean, posing substantial risks to Arctic ecosystems and environ-
ments (10). In addition, although still debated, several studies sug-
gest that Arctic warming may intensify extreme climate events in 
the northern midlatitudes (11–13). Accurate and reliable projec-
tions of AWW changes are therefore critical for planning adaptation 
and mitigation strategies in a rapidly changing climate.

Most projections of future climate change rely on the Coupled 
Model Intercomparison Project (CMIP). While models from CMIP 
phases 3 to 6 have steadily improved in representing key climate ele-
ments in the Arctic (4, 14–16), many CMIP5 and CMIP6 models still 
fail to accurately capture the sensitivity of Arctic sea ice loss to global 
warming (16, 17). The multi- model ensemble means (MMEMs) of 
CMIP5 and CMIP6 overestimate the mean state of Arctic sea ice 
while underestimating its reduction (18) and also underestimate 

Arctic mean temperatures (14, 15) and precipitations over the Arctic 
Ocean (2), particularly during the cold season. Model uncertainty 
remains high in the Arctic, especially in the boundary regions be-
tween sea ice and open ocean (19). Efforts to reduce AWW projec-
tion uncertainty have included using MMEMs to mitigate internal 
variability among models (14, 20), reweighting projections based on 
agreement with observations (2,  21), and using linear regression 
methods for more robust future projections (22). However, these 
methods do not fully eliminate biases or errors in model simulations 
as many models share similar biases (15).

A more effective approach for reducing uncertainties in multi- 
model results is the emergent constraint method (23–25), which has 
gained traction in recent years, particularly for Arctic issues of con-
cern to the public and policymakers. These issues include projec-
tions of an ice- free Arctic, changes in the Greenland Ice Sheet 
(26–28), and temperature changes (29, 30). The emergent constraint 
method establishes a relationship with a solid physical basis between 
current observations (predictor) and future climate change (predic-
tand) across climate models. The observed predictor value is then 
used to adjust the simulated predictand (24). Recent studies indicate 
that some CMIP6 models exhibit excessive equilibrium climate sen-
sitivity (ECS), leading to an overestimation of historical and future 
global warming (31, 32), suggesting potential biases in other model 
outputs as well (32). By using historical global temperature and pre-
cipitation trends to constrain future projections, the median global 
warming under a high- emission scenario drops from 4.01° to 3.44°C 
by the end of the century (33). The upper limit of the median global 
precipitation increase under a moderate emission scenario can be 
lowered from 6.2 to 5.2 to 5.7% (34). Similar methods applied to re-
gional projections have shown that unconstrained models overesti-
mate warming and water cycle intensification in regions such as Asia 
(35), Africa (36), and the Arctic (29). A recent study further reduced 
uncertainty in regional climate projections by correcting precipita-
tion changes across various regions based on historical warming 
trends in multiple models (37). These findings have inspired the use 
of historical global warming to constrain future Arctic wetting, as 
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models that overestimate historical warming tend to overestimate 
future warming and its associated increase in precipitation (33, 37). 
Moreover, using the global warming trend accounts for both local 
and nonlocal processes that affect AWW (19). Considering the limi-
tations of data quality, temperature records are generally more reli-
able than precipitation indicators (38).

However, most previous studies focus on regional average changes, 
neglecting spatial information. Because of the influence of underlying 
sea ice, there is spatial variability in the magnitude of future AWW as 
well as in model uncertainties (4, 39). The reduction of uncertainty 
through emergent constraints may also vary geographically. In this 
study, we combine historical global warming trends with spatial pat-
terns of historical sea ice concentration (SIC) to constrain both the 
mean changes and spatial patterns of future AWW. Our results not only 
reduce uncertainties in Arctic- mean AWW projections but also con-
strain the spatial patterns of projected changes. Moreover, we found 
that the SIC constraint did not change the Arctic average results much 
but altered the spatial distribution of AWW, especially leading to fur-
ther downward adjustments in AWW projections for some Arctic sub-
regions. These findings could provide valuable insights for scientific 
research and socioeconomic planning for climate change adaptation.

RESULTS
Projected AWW in the CMIP6 models
We begin by examining the projected AWW under three emission 
scenarios from CMIP6 models (table S1) before applying emergent 

constraints. Previous studies comparing reanalysis datasets with sta-
tion observations (fig. S1) have shown that the European Centre for 
Medium- Range Weather Forecasts Reanalysis v5 (ERA5) dataset 
outperforms others in accurately capturing AWW (2, 4, 14). Thus, we 
used ERA5 as the reference field in this study. As illustrated in Fig. 1, 
the MMEM generally simulates the AWW changes seen in ERA5 
during the period 1960–2014, with the rate of increase notably high-
er in the Arctic than the global average. In all emission scenarios, 
future AWW amplification continues to intensify. By the end of this 
century, under the socioeconomic pathway (SSP) 1- 2.6, SSP2- 4.5, 
and SSP5- 8.5 scenarios, the projected Arctic average warming (17 to 
83% likely range) relative to 1995 to 2014 is 3.4°C (1.8° to 5.4°C), 
5.5°C (3.8° to 7.4°C), and 9.6°C (7.0° to 12.0°C), respectively. Corre-
spondingly, the projected Arctic- mean wetting is 4.4 mm/month 
(2.2 to 6.5 mm/month), 6.8 mm/month (4.3 to 9.3 mm/month), and 
12.4 mm/month (8.8 to 16.0 mm/month), respectively.

Under the low to moderate emission scenarios, AWW amplifica-
tion primarily occurs in the northern Barents- Kara seas, whereas 
under the high- emission scenario, the maximum values are distrib-
uted across the entire Arctic Ocean. The spatial pattern of wetting is 
somewhat coherent with the warming, indicating that thermal ef-
fects are more pronounced than dynamic effects in driving future 
wetting (40). In addition, the spatial pattern of local sensitivity (see 
Materials and Methods) to AWW is largely consistent with the spa-
tial pattern of AWW changes, suggesting that local processes play a 
dominant role in shaping future AWW changes (39, 41). Further-
more, CMIP6 models exhibit a wide inter- model spread in AWW, 

Fig. 1. Original CMIP6- projected results. time series of Arctic (solid lines) and global (dotted lines) annual (A) near- surface temperature and (B) precipitation anomalies 
from 1960 to 2100. For each scenario, the median (solid lines) and the 17 to 83% likely range (shading) are shown. (C to H) inter- model spread (83% threshold minus 17% 
threshold) of spatial patterns of AWW under the SSP1- 2.6, SSP2- 4.5, and SSP5- 8.5 scenarios by the end of this century.
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both in historical simulations and future projections (Fig. 1). The 
regions with the largest inter- model spread extend from the Barents- 
Kara seas to the central Arctic Ocean.

The linkage between historical global warming and 
future AWW
To reduce the uncertainty in AWW projections from CMIP6 mod-
els, it is essential to identify the dominant factors contributing to the 
inter- model spread, providing a physical basis for building emer-
gent constraint relationships. Previous studies (29, 37) suggest that a 
feasible approach to constraining future AWW involves aligning 
model- simulated global warming with observations. Figure 2 (A 
and B) shows the cross- model correlation coefficients (r) between 
the multimodels projected AWW at the end of this century under 
the SSP5- 8.5 scenario and simulated global warming trends in his-
torical runs based on multiple observational datasets. We calculated 
the relationship between historical global warming trends over dif-
ferent time spans and future AWW, revealing a strong correlation 

between future AWW and simulated long- term historical global 
warming (r = 0.64 and 0.66, respectively, P < 0.05).

The physical basis for this relationship lies in the fact that both 
historical and future changes in global warming are primarily driv-
en by rising CO2 concentrations, and the response to cumulative 
CO2 increases is approximately linear (42). Arctic mean tempera-
ture changes are closely correlated with global mean temperature, 
both historically (r  =  0.89, P  <  0.05) and in future scenarios 
(r = 0.89/0.89/0.93 for SSP1- 2.6/SSP2- 4.5/SSP5- 8.5, P < 0.05) (Fig. 
2, C and D). In addition, Arctic warming is amplified relative to 
global mean warming. Arctic precipitation changes, driven by ther-
modynamic factors, are similarly linked to warming in both histori-
cal and future periods (2,  3). As Arctic warming intensifies, it 
triggers greater sea ice retreat, which in turn increases evaporation 
from the Arctic Ocean (41). According to the Clausius- Clapeyron 
equation, rising temperatures increase atmospheric water- holding 
capacity, promoting Arctic wetting. Figure 2 (E and F) highlights the 
strong correlation between global warming and Arctic wetting in 

Fig. 2. The relationship between global warming trends and AWW. (A and B) Cross- models correlation coefficients between projections of Arctic average warming 
and wetting under the SSP5- 8.5 scenario and simulated historical global warming trend, as a function of the start and ending year of historical trend calculation. the white 
asterisks indicate correlations that are significant at the 0.05 significance level. Gray cells represent missing data. (C) Scatter plot of observed global average temperature 
anomalies versus Arctic average temperature anomalies from 1960 to 2014. each dot represents the annual anomaly relative to the mean value over the entire period. 
(D) Scatter plot of projected global warming versus Arctic average warming at the end of this century relative to the period 1995–2014 under the SSP1- 2.6 (green), SSP2-
 4.5 (blue), and SSP5- 8.5 (red) scenarios. each dot represents a model. (E) and (F) are the same as (C) and (d) but for Arctic wetting. the historical temperature and precipi-
tation results in (C) and (e) are derived from the eRA5 reanalysis data.
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both historical periods (r = 0.53, P < 0.05) and future projections 
(r = 0.78/0.78/0.79 under SSP1- 2.6/SSP2- 4.5/SSP5- 8.5, P < 0.05).

Given the close correlation between historical and future AWW 
with global warming, observed global warming can be used to con-
strain future AWW projections. As shown in Fig. 3, we demonstrate 
a relationship between historical global warming trends (1960 to 
2014) and AWW at the end of this century. This indicates that future 
AWW projections in CMIP6 models are closely tied to the models’ 
historical (and, by extension, future) global warming, a relationship 
that holds across all three scenarios.

To account for the influence of internal variability, we also exam-
ined results using only 11 single- model initial- condition large en-
sembles (SMILEs, represented by bold- edged dots in Fig. 3), each 

with more than 10 ensemble members. The ensemble means from 
these larger ensembles are less affected by internal variability than 
smaller ensembles and single realizations. The SMILEs support a 
substantial positive correlation between historical global warming 
and future AWW (gray line in Fig. 3), suggesting that AWW re-
sponses are associated with forced global warming and not solely 
due to internal variability, and further justifying this relationship as 
a reliable emergent constraint on future AWW.

We estimated the constrained magnitude of AWW using emer-
gent constraint regression equations for each scenario. Probability 
density functions (PDFs; see Materials and Methods), fitted to 
Gaussian distributions, were drawn for both the original and con-
strained future AWW (fig. S2). The main constrained results are 

Fig. 3. Emergent constraints on the projected AWW based on the historical global warming trend. Scatter plot of Arctic (A to C) near- surface temperature and (D to 
F) total precipitation changes at the end of this century (relative to the period 1995–2014) under the SSP1- 2.6, SSP2- 4.5, and SSP5- 8.5 scenarios among models versus 
historical global warming trend (1960 to 2014). the purple line shows observed (obtained from multiple observational datasets including eRA5, hadCRUt5, GiSteMP4, 
and BeSt) global warming trend, with ±1σ uncertainty range (gray rectangle). the black pentagram represents the CMiP6 multi- model ensemble mean. the uncon-
strained/constrained mean projections are shown by the yellow/blue dashed line, and the yellow/blue rectangle indicates the likely range (17 to 83% likely range) of the 
future AWW before and after the emergent constraint, corresponding to the solid lines and shaded areas of the bar charts on the right side of each panel. the filled bars 
represent results using all models, while the unfilled bars represent results using only 11 SMiles, represented by bold- edged dots). the black solid line represents the 
linear regression line, and the black dashed line represents the 66% confidence prediction interval. the gray solid/dashed lines represent the linear regression line, and its 
66% confidence prediction interval is obtained using only 11 SMiles.
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based on the average of multiple observational datasets, although 
results from different observed estimates are also shown. All PDF 
curves indicate that the mean values of the constrained results are 
consistently lower across all scenarios, suggesting that the original 
projections overestimate future AWW. The constrained mean values, 
based on global warming from multiple datasets, are depicted as 
blue- shaded regions in Fig. 3. Compared to the original CMIP6 pro-
jections, the constrained mean outcomes decrease across all three 
emission scenarios. SMILEs show similar reductions in AWW. Under 
the SSP1- 2.6, SSP2- 4.5, and SSP5- 8.5 scenarios, future Arctic average 
warming by the end of the 21st century decreases by 0.7°, 0.8°, and 
1.1°C, respectively, compared to the original MMEM results. Mean-
while, future Arctic average wetting decreases by 0.9, 1.1, and 
1.8 mm/month under the three scenarios.

In addition, the PDF curves in fig. S2 are narrower after applying 
the emergent constraint, which is due to the smaller observational 
uncertainty in historical global warming and the strong correlation 
between historical global warming and future AWW (24). For ex-
ample, the uncertainty range for projected Arctic warming/wetting 
(blue shading compared to yellow in Fig. 3) decreases by 25/16%, 
20/16%, and 26/23% under SSP1- 2.6, SSP2- 4.5, and SSP5- 8.5, re-
spectively. Constrained results using different observational datas-
ets are detailed in table S2.

The overestimation of future AWW by the original models is 
linked to their overestimation of historical global warming. Com-
pared to observational datasets (0.16° to 0.17°C per decade), the 
MMEM (0.19°C per decade) noticeably overestimated past global 
warming (fig. S3). However, since observations represent only one 
realization, the MMEM overestimation may not be entirely due to 
model errors. We analyzed all ensembles from each model, finding 
that nearly half of the models had all their ensembles above the ob-
servational range, including two SMILEs (CanESM5 and UKESM1- 
0- LL) (fig. S4). This finding aligns with studies showing that many 
CMIP6 models have high ECS values (33, 43). By using observed 
historical global warming to constrain future AWW projections, we 
can correct the biases introduced by these models.

The linkage between historical sea ice pattern and future 
AWW local sensitivity pattern
The Arctic mean does not capture the geographical inhomogeneities 
in AWW. In the following section, we explore the concept of emer-
gent constraints on the spatial patterns of AWW. To compare local 
changes across models with varying levels of AWW, we scale the 
spatial patterns of AWW by the average AWW, which we define as 
the “local sensitivity” (see Materials and Methods). It is evident that 
the inter- model spread in local sensitivity is concentrated in regions 
such as the Greenland Sea to the Barents- Kara seas (figs. S5 and S6). 
These areas experience the most intense interactions between sea 
ice, the atmosphere, and the ocean, with various feedback processes 
related to sea ice, open water, and ocean heat transport affecting the 
local sensitivity of AWW (44). Therefore, defining an emergent con-
straint taking these spatial inhomogeneities into account could im-
prove the accuracy of spatial AWW projections.

Although strong correlations were found between historical glob-
al warming trends and local sensitivity in the central Arctic Ocean, 
this relationship was weak in other regions (fig. S7). This suggests 
that the historical global warming trend is not an effective constraint 
on local sensitivities (i.e., the spatial pattern of AWW). However, lo-
cal sensitivities correlate well with historical SIC during the period 

1979–2014. Notable correlations are found in the marginal seas near 
the historical ice edge, which coincide with areas of large inter- model 
spread of AWW. In particular, regions from the Greenland Sea to the 
Barents- Kara seas and from the East Siberian–Laptev seas to the 
Chukchi Sea show that models with higher historical SIC exhibit 
stronger future AWW. Conversely, in the central Arctic Ocean, espe-
cially near northern Greenland and the Canadian Archipelago, mod-
els with higher historical SIC show weaker future AWW (Fig. 4). This 
relationship can be explained by considering the current state of 
sea ice and its connection to future sea ice loss. Compared to obser-
vations, the MMEM of CMIP6 models overestimates SIC in the 
Greenland–Barents- Kara seas, and the simulated sea ice edge is posi-
tioned too far south (Fig. 5, A to C). The thickness of sea ice in the 
eastern Arctic is similarly overestimated (45). In these regions, global 
warming leads to greater sea ice loss because more ice is present to be 
lost—or, in some cases, ice is simulated where it does not exist. By the 
end of the century, sea ice in the marginal seas of the Arctic is ex-
pected to nearly disappear (26), meaning that the amount of sea ice 
loss will heavily depend on the amount of sea ice models simulated in 
the historical period. Conversely, in the central Arctic Ocean, models 
tend to slightly underestimate historical SIC, and those with less past 
sea ice project greater future sea ice loss (Fig. 5, D to F). In the northern 
regions of Greenland and the Canadian Archipelago, where sea ice is 
projected to persist at the century’s end, future sea ice loss depends 
more on how models simulate sea ice sensitivity to warming, leading 
to correlations with historical global warming in this area. Studies 
have also shown that sea ice thickness in this region is similarly 
underestimated (45, 46), implying higher sensitivity to warming and 
affecting future sea ice loss projections.

The reduction in sea ice enhances AWW through increased up-
ward turbulent heat fluxes and evaporation over newly open water 
areas (47), as well as through atmospheric circulation anomalies 
driven by dynamic and thermodynamic processes (39, 48, 49), which 
shape the spatial pattern of AWW. To refine these projections, we 
developed a second emergent constraint based on the relationship be-
tween simulated historical SIC and local sensitivity. The results show 
that, in the Greenland–Barents- Kara seas—where inter- model spreads 
of warming and wetting local sensitivity are greatest—the adjusted lo-
cal sensitivities are reduced compared to the original projections (fig. 
S8). This suggests that with the future disappearance of sea ice, models 
are projecting unrealistically high AWW in areas that, in reality, have 
little or no current ice cover. However, the situation is reversed near the 
Chukchi Sea, where historical SIC is underestimated. In the northern 
Canadian Archipelago, lower simulated SIC implies higher sensitivity 
to warming, leading to more future sea ice loss and exacerbating 
AWW. Consequently, adjusted warming and wetting local sensitivities 
in these regions have also been reduced (fig. S8).

Constraints on future AWW
Figures 6 and 7 show constrained projections for AWW, respective-
ly, based on two constraints. The first constraint uses only historical 
global warming, while the second constraint incorporates the effect 
of historical SIC distribution on the local sensitivity in addition to 
the first constraint. The combination of these constraints, derived 
from historical global warming (obtained from multiple observa-
tional datasets) and the SIC spatial pattern, has reduced our esti-
mates of Arctic average warming by the end of this century (fig. S9): 
The original projections of 3.4°C (1.8° to 5.4°C), 5.5°C (3.8° to 
7.4°C), and 9.6°C (7.0° to 12.0°C) have been adjusted to 2.7°C (1.4° to 
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4.0°C), 4.6°C (3.3° to 6.0°C), and 8.4°C (6.7° to 10.0°C) under the 
SSP1- 2.6, SSP2- 4.5, and SSP5- 8.5 scenarios, respectively. Similarly, 
Arctic average wetting decreased from the unconstrained values of 
4.4 (2.2 to 6.5) mm/month, 6.8 (4.3 to 9.3) mm/month, and 12.4 (8.8 
to 16.0) mm/month to constrained values of 3.4 (1.6 to 5.4) mm/
month, 5.7 (3.5 to 7.8) mm/month, and 10.5 (7.6 to 13.4) mm/
month under the same scenarios. The results vary slightly across dif-
ferent observational datasets, but the overall reduction in AWW is 
consistent (table S3).

Regionally, over the Barents- Kara seas, the warming and wet-
ting were reduced by 1.2°C and 1.7 mm/month, respectively, un-
der the SSP2- 4.5 scenario (Fig. 8 and table S4). In addition, 
uncertainties in the estimates for this region decreased by 35% 
for warming and 30% for wetting. Notable corrections were also 

observed in other regions: the East Siberian–Laptev seas (a de-
crease of 1.0°C and 1.0 mm/month), the Chukchi Sea (a decrease 
of 1.0°C and 1.2 mm/month), the Beaufort Sea (a decrease of 1.1°C 
and 1.1 mm/month), and the central Arctic Ocean (a decrease of 
1.3°C and 1.6 mm/month). In these regions, the emergent con-
straint method substantially reduced the upper limits of future 
warming and wetting uncertainties. Similar results were observed 
for other emission scenarios (Fig. 8 and table S4). These findings 
demonstrate that the emergent constraint method, which com-
bines historical global warming with the spatial pattern of SIC, is 
highly effective in constraining future AWW projections over the 
Arctic Ocean.

Figure 9 further highlights the impact of applying the second 
spatial constraint on top of the Arctic- mean constraint. While the 

Fig. 4. The spatial relationship between historical Arctic SIC pattern and future local sensitivity pattern of AWW. (A to C) the correlations between the historical SiC 
pattern and the future Arctic warming local sensitivity pattern across models under the SSP1- 2.6, SSP2- 4.5, and SSP5- 8.5 scenarios. (D to F) the same as (A) to (C) but for 
the Arctic wetting local sensitivity. the correlation is calculated at each grid point across models. the shading indicates the 95% confidence level of statistical significance. 
local sensitivity is calculated as the warming and wetting at each grid point divided by the Arctic average.
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second constraint, which accounts for SIC effects on local sensitivity, 
shows little difference in Arctic- mean warming and wetting com-
pared to the first constraint, substantial differences are evident in spe-
cific sensitive regions, often offsetting each other. For example, the 
overestimation of future sea ice loss due to biases in historical SIC 
simulations leads to further downward adjustments in AWW projec-
tions in the Greenland–Barents- Kara seas by approximately 0.3°C/ 
0.1 mm/month and 0.5°C/0.3 mm/month under the SSP2- 4.5 and 
SSP5- 8.5 scenarios, respectively. Conversely, underestimations of past 
SIC in the Chukchi Sea to the East Siberian Sea result in underestima-
tions of future sea ice loss in these areas, prompting upward adjust-
ments of AWW projections compared to the first constraint. In 
addition, underestimations of historical SIC in the northern Canadian 
Archipelago lead to slight downward adjustments in warming and wet-
ting under moderate to low emission scenarios (Fig. 9). These results 
underscore the importance of applying the second spatial constraint 
to more accurately constrain the spatial patterns of AWW.

DISCUSSION
In summary, this study developed emergent constraints on pro-
jected AWW by examining the relationships between historical 
global warming trends, mean sea ice state, and future AWW across 
33 CMIP6 models under the SSP1- 2.6, SSP2- 4.5, and SSP5- 8.5 sce-
narios. The constrained results reveal that the original CMIP6 
models overestimate future AWW, particularly in the Barents- Kara 
seas under high- emission scenarios, due to their higher global 
warming trends and excessive historical SIC. In addition, the un-
certainty ranges for Arctic warming and Arctic wetting are nar-
rowed by about 25 to 4% and 12 to 19%. Uncertainties in warming 
and wetting are reduced by approximately one- third in the Barents- 
Kara seas, East Siberian–Laptev seas, Chukchi Sea, Beaufort Sea, 
and the central Arctic Ocean—about three times greater than the 
uncertainty reduction over the Arctic land areas. These findings 
also suggest that the faster AWW seen in previous comparisons 
between CMIP6 and CMIP5 models may be attributed to model 

Fig. 5. The biases of simulated historical Arctic SIC pattern and the relationship between historical Arctic SIC and future sea ice loss. (A) Observed (hadley) and 
(B) model- simulated average SiC from the MMeM of CMiP6 models and (C) its differences (MMeM minus hadley) averaged over the period from 1979 to 2014. the black 
line represents the sea ice extent. (D to F) Spatial correlation between historical SiC and future sea ice change (SiC at the end of this century minus SiC during the histori-
cal period) across models under the SSP1- 2.6, SSP2- 4.5, and SSP5- 8.5 scenarios. the correlation is calculated at each grid point across models.
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biases, as our constrained results align more closely with CMIP5 
projections (4).

We considered that uncertainties in simulated global warming 
trends could affect AWW projections. The emergent constraint rela-
tionship assumes that the associated physical processes change lin-
early with climate change and are well represented in the models. 
We use the past global warming trend as a constraint factor for fu-
ture AWW, driven by increased CO2 concentrations, based on the 
fact that, to a first approximation, the global temperature response is 

proportional to radiative forcing. Stronger climate feedbacks mean 
both past and future warming intensify as forcing increases (50). 
Although the relationship between past and future warming might 
be obscured by compensatory climate feedbacks and uncertainties 
in aerosol forcing (33), recent decades of global warming and pro-
jected warming by the end of this century have been shown to be 
primarily driven by greenhouse gases (42, 51). As a product of glob-
al warming, the long- term changes of AWW in both the past and the 
future are also considered to be primarily influenced by greenhouse 

Fig. 6. Emergent constraints on the projected Arctic warming pattern at the end of this century. the spatial pattern of Arctic warming at the end of this cen-
tury (A to C) before applying constraints, (D to F) after constraint i, and (G to I) after constraint ii under the SSP1- 2.6, SSP2- 4.5, and SSP5- 8.5 scenarios are shown. the 
numbers in the upper right corners represent the Arctic average results from the MMeM, and the numbers in parentheses represent the 17 to 83% likely range. “After 
constraint i” represents the constraint result based on global warming trend, while “After constraint ii” represents the combined constraint results based on global warm-
ing trend and SiC distribution.
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gases (14, 52, 53). Thus, the notable positive correlation between 
global warming and AWW is evident in both the past and the future 
(Fig. 2). Many studies have also shown that CMIP6 models tend to ex-
hibit high ECS, with models featuring high ECS showing stronger re-
cent and future warming both globally and in the Arctic (29, 33, 43, 54). 
Moreover, even against the backdrop of rapid Arctic climate change, the 
Arctic radiative response may remain stable (55). These indicate that 
the feedback between higher global warming and stronger AWW will 
persist in the future, and the Arctic climate responses to external forcing 
may be similar to the current climate, ensuring that the emergent 

constraint relationship remains valid. Considering the overestima-
tion of sea ice in the marginal Arctic Ocean under current climate 
conditions, there is a risk of overestimating sea ice loss in these regions 
by the end of this century, which could lead to unrealistic projec-
tions of warming and wetting. To address this, we made further adjust-
ments to the local sensitivity of future AWW when considering the 
spatial pattern.

However, we cannot ignore biases in the sensitivity of sea ice to 
warming (56) and uncertainties in the contribution of sea ice loss to 
AWW in the models (57–59). For instance, one study indicated that 

Fig. 7. Emergent constraints on the projected Arctic wetting pattern at the end of this century. the spatial pattern of Arctic wetting at the end of this century (A to 
C) before applying constraints, (D to F) after constraint i, and (G to I) after constraint ii under the SSP1- 2.6, SSP2- 4.5, and SSP5- 8.5 scenarios. the numbers in the upper right 
corners represent the Arctic average results from the MMeM, and the numbers in parentheses represent the 17 to 83% likely range. “After constraint i” represents the con-
straint result based on global warming trend, while “After constraint ii” represents the combined constraint results based on global warming trend and SiC distribution.
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CMIP6 models underestimate the impact of SIC on sensible heat flux-
es, which could influence projections of Arctic warming, especially 
during winter (60). Therefore, we also explored whether historical 
Arctic amplification, largely driven by sea ice albedo feedback, has an 
emergent constraint relationship with future AWW but found no no-
table correlation (fig. S10). This may be due to the fact that some mod-
els predict ice- free conditions by the end of the century (26), causing 
the primary drivers of Arctic amplification to shift—Nonlocal factors 
such as ocean heat transport may become more dominant (61). While 
historical sea ice albedo feedback effectively constrains projections for 
the coming decades, this emergent constraint relationship weakens 
over time (62). As this study focuses on AWW at the end of the cen-
tury, the global warming trends related to ECS and the distribution of 
historical sea ice are more effective emergent factors compared to un-
certainties in simulated Arctic amplification.

In addition to using emergent constraints to reduce the uncer-
tainty of future AWW projections, previous studies have applied 
methods such as model selection and reweighting based on historical 
simulation performance. These methods have similarly found an 
overestimation of future AWW (2, 22). However, because of differ-
ences in baseline data and definitions of future periods, directly com-
paring the effectiveness of these methods in constraining future 
AWW is challenging. That said, when compared to the results of a 
previous study (2) using the same data, the magnitudes of Arctic wet-
ting adjustments obtained through the emergent constraint tech-
nique are greater than those from model reweighting methods. 
Furthermore, while the previous constrained results also indicated an 

overestimation of Arctic warming projections (29), our study unique-
ly applies the emergent constraint method to Arctic wetting and con-
siders the impact of local sea ice changes on spatial patterns, extending 
the constrained projections to Arctic subregions. The constrained 
spatial pattern of AWW emphasizes the uneven effectiveness of tradi-
tional constraints across different regions, which will be of great value 
for future climate projections, impact assessments, and adaptation 
strategies in specific Arctic regions.

MATERIALS AND METHODS
Data
Arctic near- surface temperature and precipitation data were derived 
from monthly 2- m temperature and total precipitation outputs from 
the ERA5 (63), with a horizontal resolution of about 0.25° × 0.25°, 
covering the period from 1960 onward. Observed sea ice data are 
obtained from the Hadley Centre, with a horizontal resolution of 
1° × 1° (64). Arctic sea ice extent is defined as the total area of 
grid cells with an SIC greater than 15%. The observed global warm-
ing trend from 1960 to 2014 was calculated using four datasets: ERA5, 
Met Office Hadley Centre global surface temperature anomalies 
version 5 (HadCRUT5) (65), GISS surface temperature analysis 
version 4 (GISTEMP4) (66), and Berkeley Earth Surface Tempera-
ture (BEST) (67).

In addition, we collected monthly near- surface air temperature, 
total precipitation, and SIC outputs from the historical and Scenario 
Model Intercomparison Project experiments of 33 CMIP6 models 

Fig. 8. Emergent constraints on the projected AWW in each region of the Arctic at the end of this century. (A) Regionally averaged warming in Arctic subregions 
before (light color) and after constraint ii (dark color). (B) Regionally averaged wetting in Arctic subregions before (light color) and after constraint ii (dark color). the 
horizontal line represents the MMeM result, and the shaded area represents the 17 to 83% likely range.
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(table S1). Models were selected on the basis of the availability of 
required variables and scenarios (both historical and future SSP1-
 2.6, SSP2- 4.5, and SSP5- 8.5 scenarios) and are consistent with those 
used in our previous projection study (2) for comparison of results. 
Note that SIC data were not available for AWI- CM1- 1- MR and 
KACE- 1- 0- G, so sea ice data were provided by only 31 models. The 
simulations span from 1960 to 2014 for historical experiments and 
2015 to 2100 for future projections based on three shared SSPs: 
SSP1- 2.6, SSP2- 4.5, and SSP5- 8.5 (68).

Given the varying spatial resolutions among CMIP6 models, we 
regridded each model’s outputs to a uniform horizontal resolution 
of 1° × 1°. We calculated the ensemble mean for each model to avoid 
bias toward models with more simulations and to reduce internal 
variability. However, eight models have only one ensemble member, 
and others have fewer than five members, meaning that internal 
variability may be higher in these models.

Definition of future AWW and local sensitivity to AWW
The Arctic region is defined in this study as the area north of 66°N. The 
subregions of the Arctic Ocean were determined following McCrystal 
et al. (4), divided into nine regions: West Russia and Europe, Siberia, 
Canadian Archipelago–Baffin Bay, Greenland- Norweigan seas, 

Barents- Kara seas, East Siberian–Laptev seas, Chukchi Sea, Beaufort 
Sea, and Central Arctic (fig. S1).

We calculated the regional average annual changes in Arctic 
warming 

(

ΔT
)

 and wetting 
(

ΔP
)

 at the end of this century (2081–
2100) relative to the historical period (1995–2014, the reference 
period for IPCC AR6), defined as the future AWW changes. Fur-
thermore, to reflect the spatial pattern information, we calculated 
the local sensitivity of warming 

[

sT(i,j)

]

 and wetting 
[

sP(i,j)

]

 for each 
grid point by scaling the average AWW

Observational constraints on future projections
The emergent constraint method relies on linear relationships be-
tween observable historical simulation variables (x) and future cli-
mate projection variables 

(

y
)

 across ensembles of models (25). Since 
observational data generally have less uncertainty compared to 

sT(i,j) =
ΔT(i,j)

ΔT
(1)

sP(i,j) =
ΔP(i,j)

ΔP
(2)

Fig. 9. Spatial patterns of emergent constraint effects based on historical SIC pattern on AWW. the differences in the spatial patterns of (A to C) Arctic warming and 
(D to F) Arctic wetting between applying constraints from both historical global warming and SiC (After constraint ii) compared to using only historical global warming 
constraints (After constraint i).
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model simulations, it provides more reliable insights into temporal 
and spatial changes. By projecting the observed value of x0 (with its 
associated uncertainty, typically represented by one SD) onto y 
through the established linear relationship and incorporating the 
prediction error of the regression model, we can achieve more ac-
curate projections of y with reduced uncertainty (35). In this study, 
y represents AWW by the end of this century, while x denotes the 
global warming trend from 1960 to 2014 and the SIC mean state 
from 1979 to 2014. The emergent constraint relationship is derived 
using least- squares linear regression across models

where a and b are the slope and intercept values, respectively, and the 
linear regression f

(

xn
)

 given by yn and xn is defined by a and b. The 
n index represents different models. The prediction error of the re-
gression (σy) is calculated as follows (25)

where N  is the number of models, the n index represents differ-
ent models, and x represents the mean value of models. The 
least- squares error 

(

s2
)

 and the SD of xn (σx) are calculated 
as follows

Therefore, Eq. 3 can be used to adjust the original projections of 
y to y0 using the observed variable x0

When substituting x = x0 in Eq. 4, the x- adjusted regression pre-
diction error can be obtained.

In addition, according to the previously established method 
(25, 27), for a linear regression based on the assumption that the er-
ror of the regression is normally distributed the Gaussian PDF 
around the best- fit linear regression can be calculated as follows, 
which represents the PDF of y given x

Then, the PDF for the constrained projected variable [PDF(Y )] is 
calculated by numerically integrating PDF

(

y∕x0
)

 and PDF
(

x0
)

where PDF
(

y∕x0
)

 is the probability density for the “future projected 
variable” given the “historical observed variable”, and PDF

(

x0
)

 is the 
observation- based PDF for the historical observed variable.

The future spatial pattern of AWW is influenced by both the 
Arctic average change and the local sensitivity (see the local sensi-
tivity calculation method above). This study presents the spatial 
patterns after applying two emergent constraints. The first con-
straint uses only historical global warming to constrain the Arctic 
average change, with local sensitivities remaining unchanged, re-
sulting in a consistent emergent constraint relationship across 
horizontal space. More specifically, the change at each grid point is 
treated as the product of the Arctic average change and local sen-
sitivity (as calculated above for local sensitivity), and the con-
straint relationship between historical global warming and Arctic 
average change remains consistent for each grid point. The second 
constraint incorporates the effect of past SIC distribution on future 
AWW local sensitivity, building on the first Arctic mean constraint. 
In this case, xn and yn in Eq. 3 become functions of horizontal 
space, creating an emergent constraint relationship that varies 
across space.

Furthermore, by selecting the 83 and 17% thresholds from the 
cumulative probability density distribution, the range between these 
thresholds defines the projected likely range, and the difference be-
tween them defines the uncertainty range. The difference between 
the mean values before and after applying the constraint represents 
the correction due to the emergent constraint. The reduction in un-
certainty is calculated as
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