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Overestimated Arctic warming and underestimated Eurasia
mid-latitude warming in CMIP5 simulations
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ABSTRACT: The surface air temperature (SAT) trends from historical simulations of the Coupled Model Intercomparison
Project Phase 5 (CMIP5) were compared with observations for the period of 1955–2004. The observed spatial pattern of SAT
trends was strikingly different from the CMIP5-historical simulations over mid- and high-latitude Northern Hemisphere. The
strongest observed warming for the Eurasian Continent was over mid latitudes. However, the CMIP5 historical simulations
indicated enhanced warming over higher latitudes, and the warming trends increased from low to higher latitudes. The zonal
mean SAT trends indicated overestimated warming in high-latitude and underestimated warming in mid-latitude land over
Northern Hemisphere in CMIP5 historical simulations, which resulted in opposite trends in the meridional temperature
gradient over high latitudes compared with observations. The overestimated Arctic and underestimated Eurasia mid-latitude
warming only occurred in cold season. Further comparison of the results of CMIP5 models from the Atmospheric Model
Intercomparison Project and historical simulations revealed that model bias in sea surface temperature and the exaggerated
response of temperature change to Arctic sea ice decline are possible reasons for poorly simulated Arctic and Eurasia
mid-latitude temperature change.
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1. Introduction

The global mean temperature has increased by 0.74 ∘C
from 1906 to 2005 (Trenberth et al., 2007). As the global
surface air temperature (SAT) rises, the rate of regional
warming is not expected to be uniform across the globe or
in different seasons (e.g. Fu et al., 2006; Liu et al., 2011;
Jones et al., 2012; Ji et al., 2014; Huang et al., 2015).

Enhanced and accelerated warming in the Arctic region,
known as Arctic amplification (AA), has been observed
during recent decades (Overland et al., 2004; Wang and
Overland, 2004; Pithan and Mauritsen, 2014). The AA
occurs over the Arctic Ocean because of the loss of sea ice
and infrared radiation feedback (Liu et al., 2007; Screen
and Simmonds, 2010; Bintanja and Van der Linden, 2013).
However, the land surface undergoes larger temperature
changes than those of the surrounding oceans in most lati-
tude because of the different lapse rates between land and
ocean in low-level troposphere (Joshi et al., 2008). Huang
et al. (2012) found that the warming trend was particularly
enhanced over semi-arid regions in the cold season and
reported a cold season mean SAT increase of 1.72 ∘C over
semi-arid regions of Northern Hemisphere land (NHL).
Wallace et al. (2012) suggested that the enhanced boreal
wintertime warming was mainly dynamically induced and
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noted an obvious discrepancy in the spatial pattern of SAT
trends between observations and Coupled Model Inter-
comparison Project Phase 3 (CMIP3) simulations.

The Intergovernmental Panel on Climate Change (IPCC)
has concluded that human activities such as the emis-
sion of greenhouse gases are the main cause of cur-
rent global warming (IPCC, 2007). However, ocean pro-
cesses and air–sea interactions also have an important role
in surface temperature change; for example, the warm-
ing hiatus of the past decade is associated with ocean
heat uptake in the Atlantic, Southern oceans, and tropi-
cal Pacific (Guemas et al., 2013; Chen and Tung, 2014).
Kosaka and Xie (2013) and England et al. (2014) also sug-
gested that the warming hiatus is tied to equatorial Pacific
surface cooling induced by accelerated Pacific trade winds.
Additionally, changes in internal climate variability also
have a significant influence on the global climate on a
decadal to multi-decadal time scale. Thompson and Wal-
lace (2000) argued that the observed change in the Arctic
Oscillation during the last three decades of the 20th cen-
tury significantly contributed to the warming trend over
Eurasia and North America, accounting for 50% of the
winter warming over Eurasia. Huang et al. (1998) pro-
posed a link between the North Atlantic Oscillation and the
El Niño Southern Oscillation (ENSO), which suggests that
the coactions of internal climate variability can influence
climate significantly. For high-latitude regions, ice/snow
cover is an important feature. A change in ice/snow cover
could strongly influence the local climate and also have
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Table 1. Model simulations examined in this study.

Model name Institute name

1. ACCESS1.0 CSIRO and Bureau of Meteorology, Australia
2. ACCESS1.3 CSIRO and Bureau of Meteorology, Australia
3. BCC-CSM1.1 Beijing Climate Center, China
4. BCC-CSM1.1(m) Beijing Climate Center, China
5. CanESM2 Canadian Centre for Climate Modelling and Analysis, Canada
6. CCSM4 University of Miami - RSMAS, USA
7. CESM1(BGC) Community Earth System Model Contributors, USA
8. CESM1(CAM5) Community Earth System Model Contributors, USA
9. CESM1(FASTCHEM) Community Earth System Model Contributors, USA
10. CESM1(WACCM) Community Earth System Model Contributors, USA
11. CNRM-CM5 Centre National de Recherches Météorologiques, France
12. CNRM-CM5-2 Centre National de Recherches Météorologiques, France
13. CSIRO-Mk3.6.0 CSIRO in collaboration with QCCCE, Australia
14. FGOALS-g2 Institute of Atmospheric Physics, Tsinghua University, China
15. GFDL-CM2.1 NOAA Geophysical Fluid Dynamics Laboratory, USA
16. GFDL-CM3 NOAA Geophysical Fluid Dynamics Laboratory, USA
17. GFDL-ESM2G NOAA Geophysical Fluid Dynamics Laboratory, USA
18. GFDL-ESM2M NOAA Geophysical Fluid Dynamics Laboratory, USA
19. GISS-E2-H NASA Goddard Institute for Space Studies, USA
20. GISS-E2-H-CC NASA Goddard Institute for Space Studies, USA
21. GISS-E2-R NASA Goddard Institute for Space Studies, USA
22. GISS-E2-R-CC NASA Goddard Institute for Space Studies, USA
23. HadCM3 Met Office Hadley Centre, UK
24. HadGEM2-AO Met Office Hadley Centre, UK
25. IPSL-CM5A-LR Institut Pierre-Simon Laplace, France
26. IPSL-CM5A-MR Institut Pierre-Simon Laplace, France
27. IPSL-CM5B-LR Institut Pierre-Simon Laplace, France
28. MIROC-ESM JAMSTEC, The University of Tokyo and NIES, Japan
29. MIROC-ESM-CHEM JAMSTEC, The University of Tokyo and NIES, Japan
30. MIROC5 The University of Tokyo, NIES and JAMSTEC, Japan
31. MPI-ESM-LR Max Planck Institute for Meteorology, Germany
32. MPI-ESM-P Max Planck Institute for Meteorology, Germany
33. MRI-CGCM3 Meteorological Research Institute, Japan
34. MRI-ESM1 Meteorological Research Institute, Japan
35. NorESM1-M Norwegian Climate Centre, Norway
36. NorESM1-ME Norwegian Climate Centre, Norway
37. BNU-ESM Beijing Normal University, China
38. EC-EARTH EC-EARTH consortium, 10 European countries
39. FIO-ESM The First Institute of Oceanography, SOA, China
40. INM-CM4 Institute for Numerical Mathematics, Russia
41. MPI-ESM-MR Max Planck Institute for Meteorology, Germany

an impact on the global climate (Wang and Stone, 1980;
Jeong et al., 2011; Fletcher et al., 2012; Loranty et al.,
2014).

In this study, the observed features of Northern Hemi-
sphere warming were analysed and compared with the
CMIP Phase 5 (CMIP5) simulation (Taylor et al., 2012).
Five different observed SAT data sets and the output
from 41 CMIP5 models were used to ensure that the
results were robust. The details of the data sets and the
methodology used are given in Section 2. In Section
3, comparisons of observed changes in Northern Hemi-
sphere SAT with CMIP5 historical simulations are pre-
sented from multiple perspectives, including a comparison
between the warm (May to September) and cold seasons
(November to March), land–sea contrasts, zonal mean
features, and regional mean features in different latitudi-
nal zones. Discussions and a summary are presented in
Section 4.

2. Data sets and methods

2.1. Data sets

The SAT data from the GISS Surface Temperature
Analysis (GISTEMP), Merged Land–Ocean Surface
Temperature (MLOST) analysis data set, HadCRUT4 data
set, Climatic Research Unit (CRU), and GHCN-M data set
were analysed in this study. The GISTEMP data set from
the National Aeronautics and Space Administration God-
dard Institute for Space Studies (GISS) has a resolution of
2∘ × 2∘ and covers the period from 1880 to the present day
(Hansen et al., 2010). The MLOST data set (version 3b)
from the National Climate Data Center has a resolution of
5∘ × 5∘ and covers the period from 1880 to 2010 (Smith
et al., 2008). The HadCRUT4 data set (version 4.2.0.0),
provided by the Met Office Hadley Centre, covers the
period from 1850 to the present day and has a resolution of
5∘ × 5∘ (Morice et al., 2012). The 100 ensemble members
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of the HadCRUT4 were used to quantify observational
uncertainty. The CRU data set (version TS3.10), provided
by the University of East Anglia, covers the period from
1901 to 2009 and has a resolution of 0.5∘ × 0.5∘ (Harris
et al., 2013). The GHCN-M data set (version 3.2.0) has a
resolution of 5∘ × 5∘ (Lawrimore et al., 2011). Besides, the
sea ice concentration (SIC) data from Met Office Hadley
Centre’s HadISST1 data set were also used (Rayner et al.,
2003).

The 41 CMIP5 models analysed in this study are listed in
Table 1. We used the SAT data from CMIP5 historical and
the Atmospheric Model Intercomparison Project (AMIP)
simulations. Here, the CMIP5 simulation refers to the
multi-model ensemble mean result of CMIP5 models. The
result of each individual model was represented by the
mean of all its available ensemble members. We also used
the SIC data from CMIP5 historical simulations. The SIC
data are only available for the first 36 models as listed in
Table 1.

2.2. Methods

To clearly present the features of SAT change, the lin-
ear trend of SAT was first calculated for the period
1955–2004. The CMIP5 historical simulation is generally
from 1850 to 2005, and the cold season is from Novem-
ber to the following March (e.g. the 1955 cold season
is from November 1955 to March 1996), so we chose
the 2004 as the study end. The analysis was conducted
from 1955, because the five observation data sets have lit-
tle missing data from 1950 onward, and 1955–2004 can
be easily divided into five decades to calculate decadal
average SAT anomalies. Based on the annual and sea-
sonal SAT anomalies for 1955–2004, the temporal series
of regional mean SAT anomalies over low- (0∘–30∘N),
mid- (30∘–60∘N), and high-latitude (60∘–90∘N) zones
were calculated separately for land, ocean, and the globe,
respectively.

To compare the contribution of each latitude zone (k) to
the mean SAT trend of NHL, we calculated the contribu-
tion rate (CRk) of latitude zone k (Huang et al., 2012):

CRk =

ak ·
Nk∑

i=1

Wki

Ag ·
Ng∑

i=1

Wki

(1)

where ak is the mean SAT trend for region k,
Wki = cos(𝜃i ·𝜋/180.0), 𝜃i is the latitude of grid i, Nk
is the number of grids in region k, Ag is the mean SAT
trend of NHL, and Ng is the total number of all grids
over NHL.

3. Results of the analysis

Based on the MLOST data set, we presented the zonal
mean SAT trends over land, ocean, and the globe. Figure 1
shows the zonal mean SAT trends for 1955–2004. The
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Figure 1. Zonal mean of annual SAT trends expressed in units of
∘C (50 years)−1 for the period of 1955–2004. (a) Observations over the
globe (solid line), land (dashed line), and ocean (dotted line) based
on MLOST data set. (b) Observations over land based on the MLOST
(dotted–dashed line), CRU (dotted line) and GHCN-M (dashed line) data
sets, and historical simulations by CMIP5 models (solid line) with stan-

dard deviations (grey shaded areas).

zonal mean SAT increased at all latitudes, and the warming
over land was greater than that over ocean (Figure 1(a)).
The trend for SAT to warm over land increased signif-
icantly from 30∘ to 60∘N, but then decreased at higher
latitudes, with a similar distribution of SAT trends over
the globe. The warming peaks are about 1.5 and 1.3 ∘C at
approximately 60∘N over land and the globe, respectively.
However, the SAT trends over the ocean are different, with
the strongest warming being only 0.6 ∘C.

Focusing on the marked warming trend over land
(Figure 1(a)), we analysed the SAT trends over land based
on the CRU and GHCN-M data sets for comparison
with MLOST data and CMIP5 historical simulations
(Figure 1(b)). Figure 1(b) suggests that the distribution of
zonal mean SAT trends for CRU and GHCN-M are similar
to those for MLOST. However, a discrepancy between
observations and CMIP5 simulations appears over the
continents poleward of 60∘N. The CMIP5 simulations
show a continuing trend towards enhanced warming from
60∘N towards the pole over NHL, which means that the
CMIP5 historical simulations overestimated high-latitude
NHL warming compared with observations.

The spatial map of SAT trends over the NH, correspond-
ing to Figure 1, is shown in Figure 2. Figure 2(a)–(c)
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Figure 2. Annual mean SAT trends for 1955–2004 from (a) MLOST data, (b) CRU data, and (c) the multi-model ensemble mean of CMIP5 historical
simulations. The black dots indicate the standard deviations of CMIP5 simulations, and the size of each dot indicates the magnitude of the standard

deviation.

shows the SAT trends from MLOST data, CRU data,
and CMIP5 historical simulations, respectively. In
Figure 2(c), the standard deviations of CMIP5 mod-
els are denoted by the black dots, with the size of the dot
indicating the magnitude of the standard deviation. As
shown in Figure 2(a) and (b), the pattern of SAT trends
over the NHL given by MLOST and CRU data is in

good agreement. The largest warming is observed over
Eurasia and the northwest of North America (Figure 2(a)
and (b)). However, the distribution of SAT trends from
CMIP5 simulations is very different from the observa-
tions. The CMIP5 models did not simulate the enhanced
warming over Eurasia (Figure 2(c)). Figure 2 also shows
that, compared with observations, the CMIP5 simulations
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Figure 3. Proportional contribution of the regional mean SAT trends over
low-latitude (0∘ –30∘N), mid-latitude (30∘ –60∘N), and high-latitude
(60∘–83∘N) areas to the mean SAT trends over NHL for the period of
1955–2004 using CRU data, GHCN-M data, and CMIP5 historical sim-

ulations.

clearly overestimated the warming over NHL at high
latitudes. This overestimation of warming was mainly
noted in the coastal areas over the high latitudes of Eurasia
(Figure 2(c)). The spatial map of the SAT trends for
1979–2004 shows the same feature (Figure 9). Wallace
et al. (2012) showed similar results for CMIP3 historical
simulations.

Figure 3 shows the proportional contribution of regional
mean SAT trends at low latitudes (0∘–30∘N), mid-latitudes
(30∘–60∘N), and high latitudes (60∘–83∘N) to the mean
SAT trends over NHL using CRU data, GHCN-M data,
and CMIP5 historical simulations. It can be seen that the
contributions of the SAT trends over low and mid latitudes
are greater than the contribution over high latitudes, and
the results from two sets of observations are almost the
same. The contributions from CMIP5 simulations over
low- and mid-latitude regions are 2.0 and 3.2% lower than
those from observations (mean of CRU and GHCN-M),
respectively, but 5.2% higher than observations over high
latitudes (Figure 3), which also indicates that the high
latitudes have the largest model bias in the simulation of
changes in SAT.

In addition to this bias, the overestimated warming over
high-latitude NHL in CMIP5 historical simulations could
also result in a discrepancy in meridional temperature gra-
dient (MTG) trends between CMIP5 and observations.
Figure 4 shows the trends in zonal mean MTG over NHL
based on the CRU data set and CMIP5 historical simula-
tions. A positive MTG in Figure 4 indicates an increase in
the MTG, and a negative value indicates a decrease in the
gradient. Figure 4 shows that the zonal mean MTG from
CMIP5 simulations decreases over mid- and high-latitude
continents as a result of the spatial pattern of the sim-
ulated SAT trends (Figure 2(c)). However, the observed
MTG has the opposite sign at high latitudes compared with
CMIP5 simulations. There will be stronger zonal wind
and weaker planetary wave amplitude, when the MTG is
stronger (Hassanzadeh et al., 2014). The cold air from Arc-
tic is more difficult to invade mid latitude, when there are
stronger zonal winds and weakened planetary waves in
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Figure 4. Annual mean meridional temperature gradient (MTG) trends
in NHL expressed in units of ∘C (degree latitude)−1 (50 years)−1 for
the period of 1955–2004. The dashed and solid lines are observations
based on CRU data and historical simulations by the CMIP5 models,
respectively. The grey shaded areas denote standard deviations of CMIP5

simulations.

mid-high latitude. So the NH mid latitude will be warmer
when MTG becomes stronger, and a warmer mid latitude
will induce the MTG even stronger. This positive feedback
is a possible reason of the enhanced mid-latitude warm-
ing (He et al., 2014). Thus, the failure of CMIP5 models
to simulate the enhanced mid-latitude terrestrial warming
may be partly due to wrong simulations of this positive
feedback.

Figure 5 shows the details of the change in NH SAT over
different regions (land, ocean, and the globe) and differ-
ent seasons [boreal warm season (May to September) and
cold season (November to March)] by presenting the zonal
mean SAT trends for 1955–2004. Three observation data
sets were used in Figure 5. As shown in Figure 5(a) and (b),
for low- and mid-latitude regions, the observed and simu-
lated global mean SAT trends are almost identical. How-
ever, there is a huge difference over high latitudes in the
cold season (Figure 5(c)). Although there are discrepan-
cies among the observation data sets due to missing data, in
all three data sets, the zonal mean SAT trend from CMIP5
historical simulations is significantly greater than the
observed trend over high latitudes in the cold season. It can
be seen from Figure 5(c) that the global mean SAT trend for
the cold season increases substantially from 30∘ to 60∘N
and reaches a peak at about 60∘N before decreasing at high
latitudes. However, in contrast to these observations, the
CMIP5 simulation indicated a consistent increasing trend
of up to 2.5 ∘C (50 years)−1 in the cold season (Figure 5(c)).

As shown in Figure 5(d)–(f), the observed SAT trends
over land for the cold season were very different from
the CMIP5 simulated trends, and which for the warm sea-
son is more consistent with CMIP5 simulations. Compared
with the observations, CMIP5 historical simulations over-
estimated the warming trend over high-latitude land and
underestimated the warming trend over mid-latitude land
in the cold season (Figure 5(f)). As for the SAT trends over
ocean (Figure 5(g)–(i)), the simulated trend from CMIP5
is larger than observations from low to high latitude, and
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Figure 5. Zonal mean SAT trends expressed in units of ∘C (50 years)−1 for the period of 1955–2004. (a), (b), and (c) show the annual, warm season,
and cold season mean SAT trends over the globe, respectively. (e), (f), and (g) are the same as (a), (b), and (c) but over land; (g), (h), and (i) are
the average trends over ocean. The red, blue, and green lines are observations based on GISTEMP, MLOST, and HadCRUT4 data, respectively. The
black line is the multi-model ensemble mean of CMIP5 models from the historical simulation, and the grey shading denotes one standard deviation

of the CMIP5 simulations. The turquoise shading denotes one standard deviation of the 100 realizations from the HadCRUT4 data set.

which was most significant over the polar area during the
cold season.

Figure 6 shows spatial maps of the SAT trends in boreal
warm (left column) and cold seasons (right column) for
1955–2004. The cross, open circle, and filled circle indi-
cate the standard deviations. The most significant warming
can be seen to have occurred in the cold season in both the
simulation and observations. As shown in Figure 6(a)–(f),
the SAT trend derived from observations displays spatial
inhomogeneity, with simultaneous occurrence of warming
and cooling over the globe, although the trend is predom-
inantly towards global warming. In contrast to observa-
tions, the CMIP5 historical simulations indicate a uniform
warming trend over the globe, which just a forced warm-
ing signal responding to the external forcing – green house
gas, solar radiation, and so on. Enhanced warming was
observed over the Eurasian and North American continents
in the cold season, as shown in Figure 6(b), (d), and (f).
However, the CMIP5 simulations did not reconstruct the
notable warming over the Eurasian and North American
continents for the cold season. As presented in Figure 6(h),

the most obvious warming in the cold season according to
the CMIP5 simulations occurs over the Arctic Ocean, and
the warming becomes weaker from the pole to the equator.
To support the results shown by the linear trend of SAT,
we also analysed the SAT anomalies for every decade dur-
ing 1955–2004 (Figure S1, Supporting Information). As
shown in Figure S1, the evolution of SAT anomalies dur-
ing these three intervals further confirms the result shown
in Figure 6. The simulated distribution of SAT anomalies
during these three periods was clearly different from the
observations.

Figure 7 shows the simulated and observed SAT anoma-
lies for 1950–2004 relative to 1961–1990 over the land
averaged from 0∘ to 30∘N, from 30∘ to 60∘N, and from
60∘ to 90∘N. Figures 7(a)–(c), (d)–(f), and (g)–(i) show
annual, warm season, and cold season data, respec-
tively. Figure 8 is same as Figure 7 but for ocean. The
most remarkable difference between the observed and
simulated mid-latitude SAT anomalies over land occurred
in the cold season (Figure 7(e) and (h)). The annual series
of SAT anomalies show that the observed warming over
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(a) GISTEMP and Warm season (b) GISTEMP and Cold season

(c) MLOST and Warm season (d) MLOST and Cold season

(e) HadCRUT4 and Warm season (f) HadCRUT 4 and Cold season

(g) CMIP5 and Warm season

SAT trend (°C (50 years)–1)

(h) CMIP5 and Cold season

Figure 6. Trend in global SAT for the period of 1955–2004 from (a), (b) GISTEMP data; (c), (d) MLOST data; (e), (f) HadCRUT4 data; and (g), (h)
the multi-model ensemble mean of CMIP5 models from the historical simulation. The left-hand column is for the warm season, and the right-hand
column is for the cold season. Black symbols in (e), (f) and in (g), (h) donate one standard deviation of the 100 realizations from the HadCRUT4

data set and the CMIP5 simulations, respectively. Grey areas indicate incomplete or missing data.

mid-latitude land is greater than in the CMIP5 simulations
in the cold season (Figure 7(h)). Figure 8 suggests that
the observed SAT anomalies over low-latitude ocean were
consistent with the CMIP5 simulations. As shown in
Figures 8(e) and (h), the observed SAT trends over the
mid-latitude ocean were smaller than the CMIP5 simula-
tions for both the warm and cold seasons. In high-latitude

ocean areas, the MLOST and HadCRUT4 data sets had
many missing values, which generated huge differences
among the three observation data sets. Figure 8(a) shows
that the observed warming trend was smaller than in the
CMIP5 simulations over high-latitude ocean, as indicated
by the trend in both the annual and decadal averages.
Same as Figure 7, the global mean results are shown
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Figure 7. Temporal series of SAT anomalies over the land relative to 1961–1990 climatology expressed in units of ∘C for the period of 1950–2004.
(a), (b), and (c) are the annual mean; (d), (e), and (f) are the warm season; and (g), (h), and (i) are the cold season. The left, middle, and right
columns are averaged over the region from 0∘ to 30∘N, 30∘ to 60∘N, and 60∘ to 90∘N over the globe, respectively. Red, blue, green, and black lines
are observations based on GISTEMP, MLOST, and HadCRUT4 data sets and the multi-model ensemble mean of CMIP5 models from the historical
simulation, respectively. The turquoise and grey shading denote one standard deviation of 100 realizations from the HadCRUT4 data set and the
CMIP5 models, respectively. Orange symbols (×, ∇) denote the mean of every decade during the period of 1955–2004 from the mean of three

observations and the multi-model ensemble mean of the CMIP5 models, respectively.

in Figure S2. Compared with the observations, CMIP5
historical simulations displayed weak year-to-year fluc-
tuation because of the smoothing that resulted from
averaging many models. The clear year-to-year fluctua-
tion observed in the cold season was mainly induced by
dynamic processes (Wallace et al., 2012).

To examine the model bias induced by interactions
among air, sea, and sea ice, the results of AMIP simulations
were compared with historical simulations. Figure 9 shows
SAT trends for the period of 1979–2004, in which the
AMIP simulation prescribes the observed sea surface tem-
perature and sea ice for 1979 to present day (Taylor et al.,
2012). Compared with the results from the CMIP5 histori-
cal simulation, the results from the AMIP simulation were
more consistent with the observations. The AMIP simu-
lations did not produce the overestimated Arctic warming
previously identified in the CMIP5 historical simulations
(Figure 9(h), and (f)). So the overestimated high-latitude
warming and underestimated mid-latitude warming were

probably connected with the Arctic sea ice and sea surface
temperature.

As the NH high latitude has largest internal variabil-
ity in CMIP5 models (Figure S3), the Arctic sea ice and
sea surface temperature appear to be key factors in sim-
ulating the SAT over NH high latitudes. As shown in
Figure 10, the larger decline rate of Arctic SIC was corre-
sponding to a larger Arctic warming trend for boreal cold
season in CMIP5 models. So the Arctic sea ice decline is
connected with the AA in CMIP5 models, and the SIC
in autumn and early winter were more correlated with
the AA (Figure 10). Compared with observations, most
of the models simulated weaker decline trends of Arc-
tic sea ice in the months except October and November
(Figure 10). However, the warming amplitudes respond-
ing to the sea ice decline in the models were obviously
stronger than observations (Figure 10). Thus, the exagger-
ated response of temperature change to the Arctic sea ice
decline was partly responsible to the overestimated Arctic
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Figure 8. Same as Figure 7 but for the average over ocean.

warming in CMIP5 models. Besides the local influence on
high-latitude temperature, the Arctic sea ice also has sig-
nificant influence on mid-latitude temperature through its
effect on atmospheric circulation variability, e.g. polar vor-
tex, planetary waves, Arctic Oscillation, and so on (Cohen
et al., 2014; Mori et al., 2014). The ‘warm arctic and cold
Eurasia’ pattern were also presented in many climate mod-
els (Mori et al., 2014), so the exaggerated response of the
temperature change to the Arctic sea ice decline may also
correlate with underestimated mid-latitude warming.

4. Summary and discussion

CMIP5 historical simulations clearly overestimated the
trend for increasing annual SAT over Arctic regions. Addi-
tionally, the CMIP5 models did not simulate the enhanced
warming over Eurasia, and overestimated the warming
trend in the coastal areas over the high-latitude regions of
Eurasia. The contributions of the regional mean to the NHL
mean SAT trends from CMIP5 historical simulations over
low- and mid-latitude regions were 2.0 and 3.2% lower
than observation, respectively, but they were 5.2% higher
than observations at high latitudes. The zonal mean MTG

from CMIP5 historical simulations decreased in the mid
and high latitudes over NHL, but the observed MTG trend
displayed the opposite sign at high latitudes compared with
CMIP5 simulations. The failure of CMIP5 models to sim-
ulate the positive feedback associated zonal circulation,
planetary wave amplitude, and MTG is a possible reason
for underestimated Eurasia mid-latitude warming.

The overestimated Arctic and underestimated Eurasia
mid-latitude warming by CMIP5 only occurred in the
boreal cold season. The largest internal variability in the
CMIP5 models also occurred over NH high latitude in
the boreal cold season, especially over the Arctic Ocean
near Greenland and Eurasia. Compared with the results
from the CMIP5 historical simulation, the results from the
AMIP simulation were more consistent with observations.
The AMIP simulations better simulated the SAT change
over Eurasian continents especially for the warm season,
and did not produce overestimated Arctic warming. So the
Arctic sea ice and sea surface temperature appear to be key
factors in simulating the pattern of SAT change over NHL
and Arctic.

The Arctic sea ice decline is connected with the AA
in CMIP5 models, and the sea ice decline was weaker
than observations for most models. However, the warming
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(a) GISTEMP and Warm season (b) GISTEMP and Cold season

(c) MLOST and Warm season (d) MLOST and Cold season

SAT trend (°C (26 years)–1)

(g) AMIP and Warm season (h) AMIP and Cold season

(e) CMIP5 and Warm season (f) CMIP5 and Cold season

Figure 9. Trend in global SAT for the period of 1979–2004 from (a), (b) GISTEMP data; (c), (d) MLOST data; (e), (f) the multi-model ensemble
mean of CMIP5 models from the historical simulation; and (g), (h) the multi-model ensemble mean of CMIP5 models from the AMIP simulation.
The left-hand column is the warm season, and the right-hand column is the cold season. Black symbols in (e), (f), (g), and (h) denote one standard

deviation of the CMIP5 models. Grey areas indicate incomplete or missing data.

amplitudes responding to the sea ice decline in the mod-
els were obviously exaggerated than observations. So the
exaggerated response of temperature change to Arctic sea
ice decline was responsible to the overestimated Arc-
tic warming rather than the larger decline trends of sea
ice in CMIP5 models. Besides, the Arctic sea ice may
also correlate with underestimated mid-latitude warm-
ing in CMIP5 models through its effect on atmospheric

circulation variability (Mori et al., 2014). However, as sea
ice component and the coupling of it with other compo-
nents in each CMIP5 models are different, the specific
response of bias in Arctic sea ice and sea surface temper-
ature for each individual model therefore requires further
study.

The bias in the AMIP simulations in the cold season over
Eurasia mid-latitude was still obvious compared with the

© 2016 Royal Meteorological Society Int. J. Climatol. (2016)



OVERESTIMATED ARCTIC AND UNDERESTIMATED MID-LATITUDE WARMING IN CMIP5

0

S
A
T

 t
re

n
d
 (

°C
 (

5
0
 y

e
a
rs

)–
1
)

SIC trend (°C (50 years)–1) SIC trend (°C (50 years)–1)

S
A
T

 t
re

n
d
 (

°C
 (

5
0
 y

e
a
rs

)–
1
)

S
A
T

 t
re

n
d
 (

°C
 (

5
0
 y

e
a
rs

)–
1
) September October

November December

January February

Figure 10. (a) Scatterplot of the linear trend from 1955 to 2004 in SAT averaged over 70∘N poleward for boreal cold season as a function of the trend
in sea ice concentration (SIC) averaged over 70∘N poleward for September, every dot represents a result from one of the first 36 CMIP5 model as
listed in Table 1. The pentagram represents the observed result from GISTEMP SAT data and HadISST1 SIC data. (b)–(f) Same as (a) but for SIC

in different month.

warm season. Although the AMIP simulation forced by
observed sea ice and sea surface temperature, the response
of atmosphere to oceanic forcing and the internal atmo-
spheric variability may also have some bias. As the Eurasia
mid latitude was significantly influenced by internal cir-
culation variability (Thompson and Wallace, 2000; Deser
et al., 2012; Wallace et al., 2012; He et al., 2014), the
bias over Eurasia mid latitude in AMIP simulations may
be partly induced by the internal atmospheric variability.
Additionally, in the historical simulation experiment, the
CMIP5 models showed some weaknesses in simulating
internal climate variability (Taylor et al., 2012). This
defect in the CMIP5 models in simulating internal climate
variability may also induce some bias in the NH mid- and
high-latitude SAT trend, especially when the modes of
internal climate variability in observations have long-term
monotonic trends or stimulative coactions. Therefore, the
modes of internal climate variability in the NH, such as
the North Atlantic Oscillation (Higuchi et al., 1999;
Shabbar et al., 2001; Huang et al., 2006), Arctic

Oscillation (Li et al., 2014), and Pacific Decadal Oscil-
lation (McCabe et al., 2012), should also be examined in
both CMIP5 models and observations.
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Supporting Information

The following supporting information is available as part
of the online article:
Figure S1. Anomalies in global surface air temperature

(SAT) relative to 1961–1990 climatology for the decadal
mean of (a), (d), (g), (j), 1955–1964; (b), (e), (h), (k),
1975–1984; and (c), (f), (i), (l), 1995–2004. The first and
third rows are observations based on GISS Surface Tem-
perature Analysis (GISTEMP) data and show results for
the warm and cold seasons, respectively. The second and
fourth rows are multi-model ensemble means of Coupled
Model Intercomparison Project Phase 5 (CMIP5) models
from historical simulations and show the results of warm
and cold seasons, respectively. The black symbols in the
second and fourth rows donate one standard deviation of
the CMIP5 models, whose value is the same as in Figure
6. Grey areas indicate incomplete or missing data.
Figure S2. Temporal series of surface air temperature
(SAT) anomalies over the globe relative to 1961–1990
climatology expressed in units of ∘C for the period of
1950–2004. (a), (b), and (c) are the annual mean; (d),
(e), and (f) are the warm season; and (g), (h), and (i) are
the cold season. The left, middle, and right columns are
averaged over the region from 0o to 30oN, 30o to 60oN, and
60o to 90oN over the globe, respectively. Red, blue, green,
and black lines are observations based on GISS Surface
Temperature Analysis (GISTEMP), Merged Land–Ocean
Surface Temperature (MLOST), and HadCRUT4 data sets
and the multi-model ensemble mean of Coupled Model
Intercomparison Project Phase 5 (CMIP5) models from the
historical simulation, respectively. The turquoise and grey
shading denote one standard deviation of 100 realizations
from the HadCRUT4 data set and the CMIP5 models,
respectively. Orange symbols (×, ∇) denote the mean of
every decade during the period of 1955–2004 from the
mean of three observations and the multi-model ensemble
mean of the CMIP5 models, respectively.
Figure S3. One standard deviation of the detrended surface
air temperature (SAT) from the historical simulation of 41
Coupled Model Intercomparison Project Phase 5 (CMIP5)
models averaged for the period of 1955–2004. (a), (b),
and (c) are for annual, warm season, and cold season,
respectively. Note that firstly the SAT from each model was
detrended by removing their linear trends for 1955–2004.
Then the one standard deviation of the detrended SAT for
1955–2004 from each model was calculated, separately.
The multi-model ensemble mean of the one standard devi-
ation from each model was calculated lastly.
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