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Abstract

Precipitation and temperature biases from a set of Regional Climate Models from the CORDEX initiative have been analysed
to assess the extent to which the biases may impact the climate change signal. The analysis has been performed for the South
American CORDEX domain. A large warm bias was found over central Argentina (CARG) for most models, mainly in the
summer season. Results indicate that the possible origin of this bias is an overestimation of the incoming shortwave radiation,
in agreement with an underestimation of the relative humidity at 850 hPa, a variable that could be used to diagnose cloudi-
ness. Regarding precipitation, the largest biases were found during summertime over northeast of Brazil (NEB), where most
models overestimate the precipitation, leading to wet biases over that region. This bias agrees with models’ underestimation
of both the moisture flux convergence and the relative humidity at lower levels of the atmosphere. This outcome suggests
that the generation of more clouds in the models may drive the wet bias over NEB. These systematic errors could affect
the climate change signal, considering that these biases may not be stationary. For both CARG and NEB regions, models
with higher warm biases project higher warming levels, mainly in the summer season. In addition, it was found that these
relationships are statistically significant with a confidence level of 95%, pointing out that biases are linearly linked with the
climate change signal. For precipitation, the relationship between the biases and the projected precipitation changes is only
statistically significant for the NEB region, where models with the largest wet biases present the greatest positive precipita-
tion changes during the warm season. As in the case of biases, the analysis of the temperature and precipitation projections
over some regions of South America suggests that clouds could affect them. The results found in this study point out that
the analysis of the bias behaviour could help in a better interpretation of the climate change signal.
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1 Introduction
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Joazd gp-unp Climate models are the main instrument to analyse future

climate projections. However, they are imperfect tools
because they use approximations to represent the processes
that occur in the climate system, mainly for those of sub-grid
scale. The errors in climate models have different sources:
the equations’ discretization, the parameterizations, the
initial conditions, the boundary conditions (in the case of
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Regional Climate Models, RCM), among other factors.
These errors could be systematic or random (Menard 2010).
Random errors have their origin in the models’ internal vari-
ability, which is the dominant source of uncertainty in short
timescales, from seasonal to decadal (Hawkins and Sut-
ton 2011; Teutschbein and Seibert 2013). On the contrary,
systematic errors, also called biases, can originate due to
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misrepresenting some parameters or model structures that
are unable to describe physical processes (Allen et al. 2006).
These types of errors dominate the uncertainty in longer
time scales, from decadal to multidecadal (Hawkins and
Sutton 2011; Teutschbein and Seibert 2013). Many studies
have assessed the systematic errors of climate models in dif-
ferent regions of the world, using both global and regional
models (Cheruy et al. 2014; Kerkhoff et al. 2014; Lin et al.
2017; Zhang et al. 2018; Gnitou et al. 2021, among others).
In South America (SA), there are many studies assessing
the performance of climate models in reproducing the pre-
sent climate (Solman et al. 2013; Blazquez and Nuiiez 2013;
Chou et al. 2014; Llopart et al. 2017; among others), but
only a few studies are about biases implications and impacts
on the climate change signal. Solman (2016) analysed tem-
perature and precipitation biases for a group of RCMs driven
by both ERA-interim reanalysis and Global Climate Mod-
els belonging to the Coupled Model Intercomparison Pro-
ject phase 3 (CMIP3) and found that the systematic errors
depend on the RCMs rather than on the driving global mod-
els. She also found that errors were not stationary and may
affect future climate projections. Other authors described
this finding in different regions of the world (Christensen
et al. 2008; Maraun et al. 2012; Velazquez et al. 2015). In the
same way, Ivanov et al. (2018) found that the model’s biases
may depend on the climate state, which may indicate that in
the future, the systematic errors could be different and do
not cancel out when differences between future and present
climate are computed. Furthermore, Boberg and Christensen
(2012) found that errors are intensity-dependent and that
models with larger biases show larger climate change sig-
nals. This finding suggests, for example, that in regions with
warm biases, climate models could overestimate the future
warming. As indicated above, biases in climate models could
have different sources, depending on the region and the type
of model. Therefore, understanding the possible causes of
models’ errors would help to improve the simulations and
make future projections more reliable.

In the last years, many authors have analysed the possible
origin of the biases in climate models, mainly for tempera-
ture and precipitation. Lin et al. (2017) studied the causes
of the warm and dry bias over central United States using
CMIPS5 global models. They found that the precipitation def-
icit due to failures in the models to represent the large pre-
cipitation events and wrong representation of land—atmos-
phere interactions may induce the warm biases. Over central
equatorial Africa, Tamoffo et al. (2022) examined the sys-
tematic errors of precipitation in two Coordinated Regional
Climate Downscaling Experiment (CORDEX) RCMs and
found a wet bias at the west and a dry bias at the east of the
mentioned region. The authors found that the possible origin
is that models misrepresent the Congo basin cell, which pro-
duce less water vapour transported to the east of the region,
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resulting in a higher moisture availability over the western
regions. Zhang et al. (2018) used simulations from CMIP5
models to analyse the warm bias over the southern Great
Plains in the United States. They found that a possible factor
is an overestimation of the absorbed solar radiation at the
surface, which is, in turn, affected by the misrepresentation
of cloudiness. Over SA, there is a lack of studies that ana-
lyse in depth the possible origin of the systematic errors in
climate models. Thus, one of this work aims is to understand
potential sources of the biases of RCMs over SA, focused on
temperature and precipitation. In addition, the projections of
future climate conditions are also analysed, considering to
what extent the climate change signals may be affected by
non-stationary model biases.

This work is organized as follows: Sect. 2 describes the
data and methodology used in this study, results are pre-
sented in Sect. 3, and the study’s conclusions are discussed
in Sect. 4.

2 Data and methodology

2.1 Data

Regional climate models from the CORDEX initiative were
used in this work (Giorgi and Gutowski 2015). These mod-
els were downloaded from one of the CORDEX reposito-
ries (https://esg-dnl.nsc.liu.se/search/cordex/). Table 1 lists
the models used in this study, some of them belonging to
the CORDEX-CORE experiments, with a higher horizon-
tal resolution. All the simulated data were interpolated to
a common grid of 0.5°. The present climate is represented
by the historical simulation during 1979-2005. For the
future climate, the RCP8.5 scenario was used for the period
2071-2100.

To analyse the biases in the climate models, observa-
tional gridded data and reanalysis were used for the period
1979-2005. Daily precipitation data was obtained from the
Climate Prediction Center (CPC) Unified Gauge-Based
Analysis (Xie et al. 2007). The daily mean temperature
was obtained by taking the average between the maximum
and the minimum daily temperature from the CPC dataset.
Both temperature and precipitation data have a horizontal
resolution of 0.5°. The specific humidity, temperature and
zonal and meridional components of the wind at 850 hPa
were obtained from the European Centre for Medium-Range
Weather Forecast (ECWMF). The ERA-Interim reanalysis
dataset (Dee et al. 2011) for the period 1975-2005 was
used, which was previously interpolated from its original
0.7° grid to a 0.5° grid, in agreement with climate models
and the CPC dataset. The sensible and latent heat fluxes
were obtained from the Global Land Data Assimilation Sys-
tem (GLDAS) with 0.5° of grid spacing. The shortwave and
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Table 1 Description of regional models used in the study

Model name Institution (country)

Resolution
(°lat x °lon)

RegCM4-HadGEM?2
SMHI-RCA4-ICHEC
SMHI-RCA4-MPI
REMO2009-MPI

REMO2015-HadGEM2
REMO2015-MPI
REMO2015-NorESM2
RegCM4-7-HadGEM?2
RegCM4-7-MPI

International Centre for Theoretical Physics, (Italy) 0.44x0.44
Swedish Meteorological and Hydrological Institute, Rossby Centre (Sweden) 0.44x0.44
Swedish Meteorological and Hydrological Institute, Rossby Centre (Sweden) 0.44x0.44
Helmholtz-Zentrum Geesthacht, Climate Service Center, Max Planck Institute for Meteor- 0.44x 0.44
ology (Germany)
Helmholtz-Zentrum Geesthacht, Climate Service Center (Germany) 0.22x0.22
Helmholtz-Zentrum Geesthacht, Climate Service Center (Germany) 0.22x0.22
Helmholtz-Zentrum Geesthacht, Climate Service Center (Germany) 0.22x0.22
International Centre for Theoretical Physics, (Italy) 0.22x0.22
International Centre for Theoretical Physics, (Italy) 0.22x0.22
International Centre for Theoretical Physics, (Italy) 0.22x0.22

RegCM4-7-NorESM2

longwave radiation variables were acquired from the Global
Energy and Water Exchanges Program (GEWEX-SRB) with
1° of horizontal resolution, also interpolated to the common
grid of 0.5°. In this case, the period covers from 1984 to
2005 because of the lack of data availability before 1984.

2.2 Methodology

It is well known that elevation has a direct effect on tempera-
ture (Dodson and Marks 1997; Peng et al. 2020) and that
climate models have problems representing complex topog-
raphy. The western part of SA is covered by a prominent
mountainous chain (the Andes), so simulated near-surface
temperature could be misrepresented over that region, due
to differences between models’ topography and the actual
terrain elevation. Therefore, the near-surface temperature
in every grid point of the climate models was corrected to
account for these elevation differences using the topography
of the observational data (CPC) as reference, following the

Eq. (1):
T,.=T,,+ T XAh (1)

where T, . is the corrected temperature of the model, 7,,,, is
the simulated temperature of the model, I is the lapse rate
and 4h is the difference between the model and the observa-
tions height. In this case, a fixed lapse rate was used (6.5°
km™h), following Bordoy and Burlando (2013). Small dif-
ferences were observed over the Andes between near sur-
face temperature with and without correction with height
(not shown). For the rest of the domain, no differences were
found. Nevertheless, it was decided to use the corrected data
to calculate the temperature biases.

This work focuses on estimating temperature and precipita-
tion seasonal errors in climate models and their possible ori-
gin. The biases were calculated by computing the difference

between simulated and observed data for two seasons: austral
summer (December, January, February, DJF) and austral win-
ter (June, July and August, JJA).

To study the potential origin of these errors, the terms of
the energy budget at the Earth’s surface were analysed follow-
ing Zhang et al. (2018) since the near surface temperature is
mainly affected by the exchange of energy between the surface
and atmosphere:

l l _ pt
(1-aR', +R', =R, +LH+SH+G 2)

where (1 — a)RéW is the absorbed shortwave radiation («
is the surface albedo), Riw is the downwelling longwave
radiation, RZW is the upwelling longwave radiation, SH is the
sensible heat flux, LH is the latent heat flux, G is the ground
heat flux. In addition, the first term of the left hand of Eq. 2
can be split in two: the downwelling shortwave radiation
(Réw)and the upwelling shortwave radiation (aRéW), i.e., the
radiation reflected by the Earth’s surface. In this work, these
two terms were calculated separately. Furthermore, follow-
ing Zhang et al. (2018), the ground heat flux G was neglected
since it is very small compared with the other terms when
averaged over long time scales.

The biases in near surface temperature and precipitation
could also have their origin in the models’ misrepresentation of
the subsidence at low levels of the atmosphere since it can be
linked with divergence and suppressed convection and cloud
generation. Since the CORDEX models do not have available
the vertical velocity, it was computed following the continuity
equation in pressure coordinates:

ou 6v  ow
+

—+ — =0
5x+5y 3)

6z
where u and v are the zonal and the meridional compo-

nents of the wind, respectively, and w is the vertical velocity
in pressure coordinates. In this study, @ was computed at
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850 hPa and 500 hPa levels, considering the models’ data
availability.

The climate change signal was also analysed in this
work. Thus, the seasonal differences between the future
(2071-2100) and the present climate (1979-2005) were
computed.

Scatter plots were computed by spatially averaging over
Central Argentina (CARG) and Northeastern Brazil (NEB)
regions to study the relationship between models’ biases and
projected changes.

3 Results
3.1 Biases in climate models

To achieve one of the goals of this work, biases of seasonal
mean temperature and precipitation are analysed over SA.
Figure 1 shows the temperature bias for DJF. Most mod-
els show a positive bias over CARG, which in some of
them reaches 5 °C. Other authors have documented this
systematic error (Falco et al. 2019; Llopart et al. 2017,
Lopez-Franca et al. 2016; Solman 2016; Sanchez et al.
2015). The rest of the continent presents cold biases, with
values between — 1 and — 3 °C. For JJA, a warm bias is
also observed over CARG in most of the models (Fig. 2),
but in some cases more extended to the north, compared
with the summer season. Cold biases are mainly located
in the northern part of the continent, with values around
—1 °C. Biases of precipitation for DJF are shown in Fig. 3.
The highest values of the mean precipitation are located
over the monsoon region (panel 1 of Fig. 3), however,

the largest positive biases are found over the NEB region,
which in some models reach 10 mm/day, which is a rela-
tive error of more than a 100% of the observed precipi-
tation. Another region that presents large wet biases is
located over Peru, Bolivia, and northwestern Argentina,
where most of the models also simulate cold biases (see
Fig. 1). This zone is characterized by a complex terrain
where in general, models are deficient in representing the
interaction between the topography and the low-level flow,
which may lead to a misrepresentation of the simulated
precipitation. Note that over this region, easterly winds
interact with the topography, producing large precipita-
tion biases. This same behaviour is apparent over central
and southern Chile, where westerly winds are blocked by
the Andes. The wet biases found in both regions agree
with Sanchez et al. (2015), Solman (2016), and Gutowski
et al. (2016), who used a previous generation of regional
climate models. During wintertime (Fig. 4), the largest
precipitation biases are located over northern SA, with
values between —2 and —4 mm/day, representing a dry
bias close to 20%. As stated above, most of the models
present biases patterns that have also been documented by
other authors using different RCMs.

From the analysis above, it is evident that some regions
systematically depict the largest biases. To explore the biases
over these specific regions, two areas were selected, the first
one is CARG (40°-25° S and 66°-57° W), where the largest
biases of temperature were found during both summer and
winter seasons, and the second one is NEB (15°-4° S and
50°-35° W), where the most prominent precipitation biases
were found during the warm season. Both regions are shown
in the first map of Fig. 1.
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Fig.1 Observed mean surface temperature (panel 1) and temperature bias for the period 19792005 for DJF. Units are °C. Regions CARG and

NEB are shown in panel 1
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Fig.3 Observed mean precipitation (panel 1) and precipitation bias for the period 1979-2005 for DJF. Units are mm/day

To analyse the possible origin of the temperature bias
over the CARG region, the terms of the surface energy
budget were examined (see Eq. 2, Sect. 2.2). In addition,
the mid-levels of the atmosphere were also explored to study
the effect of the air subsidence and cloudiness over the near
surface temperature (see Eq. 3, Sect. 2.2). Figure 5 displays
the downwelling shortwave radiation at the surface for DJF.
Those models with the largest warm biases (RegCM4-7-
HadGEM?2, RegCM4-7-MPI, RegCM4-7-NorESM2, RCA4-
MPI) show the largest incoming shortwave radiation. The
shortwave radiation absroved at the surface shows the same
behaviour (not shown). More incoming solar radiation at the
surface may be associated with less cloudiness. Due to the

total cloud fraction is not available for all the models used
in this study, the relative humidity at 850 hPa was analysed
instead as a proxy of cloudiness (Walcek 1994; Quaas 2012;
Giorgio 2017). It is well known that the parameterizations
of clouds use a relative humidity threshold as a parameter of
air saturation and cloud formation, so it is a good indicator
to diagnose cloud cover in climate simulations (Jakob and
Miller 2003). At this point, it is important to clarify that
only one level was analysed (850 hPa) because of the lack of
availability of models’ data in other levels of the atmosphere.
Figure 6 shows that models with high warm biases have
large negative biases of relative humidity at 850 hPa. This
result suggests that models may underestimate cloudiness
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Fig.5 Same as Fig. 1, but for surface downwelling shortwave radiation. Units are W/m?

favouring the incoming of solar radiation, which may induce
warmer near-surface temperatures. The relationship between
warm biases and positive biases of incoming solar radiation
at the surface and cloudiness was also found by Zhang et al.
(2018), but for the Great Plains in the United States of North
America. The downwelling longwave radiation at the surface
was also analysed, but no significant biases were found (not
shown). Sensible and latent heat fluxes were also examined
for summertime (Figures S1 and S2). As expected, the mod-
els with large warm biases also present positive biases of
sensible heat flux and negative biases of latent heat flux.
The results above suggest that underestimating cloudiness
could induce warm biases in climate models. In addition, the
underestimation of latent heat flux leads to positive feedback
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since it reduces the moisture transport between the surface
and the atmosphere, so the deficit of humidity could cause
less cloud generation.

The warm biases over CARG could also be due to the
overestimation of the large scale subsidence in climate mod-
els (Zhang et al. 2018). Therefore, the vertical velocity was
analysed at the 850 and 500 hPa levels. Most models pre-
sent negative values (not shown), suggesting more upward
motion in models compared with observations. Thus, the
hypothesis that the warm biases in climate models could be
related to large scale subsidence was discarded.

The mechanism that could explain the warm biases over
CARG during wintertime is not as clear as in the summer
season. A weak relationship among the incoming shortwave
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radiation at the surface, the 850 hPa relative humidity, and
the near surface temperature was found (not shown).

The attention is turned to the systematic overestimation
of precipitation over NEB during summertime. Given that
the presence of clouds is closely linked to precipitation, the
850 hPa relative humidity during DJF was explored (Fig. 6).
It can be shown in Fig. 3 that models with the largest posi-
tive biases of precipitation over NEB (REM0O2015-MPI,
REMO2009-MPI, RCA4-MPI, RCA4-ICHEC) also pre-
sent positive biases of relative humidity (Fig. 6), and nega-
tive biases of downwelling shortwave radiation (Fig. 5) and
temperature (Fig. 1). This result suggests that the overesti-
mation of cloudiness in climate models may generate more

precipitation and, in turn, produce less solar radiation reach-
ing the surface and causing an underestimation of near sur-
face temperature over NEB. Leyba (2020) found that more
than 60% of the humidity during summer season comes from
the subtropical Atlantic Ocean for the NEB region. Hence,
the horizontal moisture flux divergence was examined at
850 hPa (Fig. 7). It is apparent from this figure that those
models with wet bias over NEB present negative biases of
moisture flux divergence (i.e. positive bias of moisture flux
convergence), suggesting that models may produce more
precipitation than observations due to the misrepresentation
of the low level circulation (Figure S3) and the availability
of moisture over that region. The wet and dry biases found
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over NEB could also be related to the latent and sensible
fluxes at the surface. Those models with positive biases of
precipitation and negative biases of temperature also present
positive biases of latent heat flux (Figure S1) and negative
biases of sensible heat flux (Figure S2), as expected.

Summarizing, in both regions, the exploration of biases of
temperature and precipitation suggests that they are related
to cloudiness, mainly during the warm season. Over CARG,
the lack of simulated clouds may allow for more incom-
ing solar radiation, larger sensible heat flux and, in turn,
higher values of temperature in the models compared with
the observations. On the other hand, for NEB, the forma-
tion of more clouds due to the simulation of more moisture
flux convergence could be linked with the generation of
more precipitation in climate models, in comparison with
observations.

Eum et al. (2015) have posed that confidence in climate
projections depends on many factors, among them the relia-
bility of the climate models’ simulations. Therefore, it is fair
to question if these biases could affect the climate change
signal over SA. Figure 8 displays the relationship between
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Fig.8 Scatter plot of mean change (y-axis) versus bias (x-axis) for
the 10 models used in this study for DJF. (a) Temperature for CARG,
(b) temperature for NEB, (c) precipitation for CARG, (d) precipita-
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the models’ biases and the models’ projected changes for
temperature and precipitation during DJF over CARG and
NEB. For both regions, the models present a positive rela-
tionship between the bias and the warming level (Fig. 8a,
b). This result implies that models with higher warm biases
(lower cold biases) present a larger (weaker) warming signal
over CARG (NEB). In addition, Table 2 shows that these
relationships are statistically significant, with a confidence
level of 95%, pointing out that the models’ biases are linearly
linked with the climate change signal.

Table 2 Pearson correlation coefficient between the biases and the
changes for the climate models listed in Table 1. Bold font indicates
that the values are statistically significant with a confidence level of
95% following a T-test

Region Tempera- Temperature Precipitation Precipitation
ture DIF  JJA DIJF JJIA
CARG 0.33 —0.63 -0.29 0.26
NEB 0.43 0.43 0.25 —-0.02
NEB

b) Relationship between temperature change and
temperature bias (DJF)
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During JJA, the relationship between models’ biases and
projected changes of temperature presents the same behav-
iour as in DJF for the NEB region (not shown), with a signif-
icant correlation coefficient (see Table 2). On the contrary,
the CARG region presents the opposite behaviour during
the cold season: models with the higher positive biases of
temperature present lower values of projected changes (not
shown); in this case, the correlation coefficient is also sta-
tistically significant (Table 2).

Christensen and Boberg (2012) evaluated the relationship
between the temperature bias and the climate change signal
over several regions of the world and found that most of the
CMIP5 models with positive temperature biases tend to have
larger temperature projected changes. Furthermore, Boberg
and Christensen (2012) explored RCMs temperature biases
over the Mediterranean region and found the same result.
Besides, they found that the models’ systematic errors may
be temperature dependent and do not cancel out in a cli-
mate change experiment. This implies that future warming
may be overestimated over regions with warm biases. From
the results above, it may be expected that warming levels
projected at the end of the 21st century under the RCP8.5
scenario over NEB and CARG are overestimated by this set
of RCMs during the warm season.

Regarding precipitation, the relationship between the
biases and the projected changes are only statistically sig-
nificant for summertime over the NEB region (Fig. 8d),
where models with the highest bias present the largest
projected changes. This result suggests that projections of

precipitation over NEB could be affected by climate biases
during DJF. Therefore, lower values of precipitation change
could be expected over NEB. In addition, it can be pointed
out that the relationship between the biases and the changes
for precipitation are not as strong as was for temperature.
This result was also found by Eum et al. (2015) in a southern
Canadian region.

3.2 The climate change signal

Figure 9 shows temperature changes for DJF between the
future (2071-2100) and the present climate (1979-2005).
As was found by other authors (Torres and Marengo 2013;
Blazquez and Nufez 2013; Reboita et al. 2014; Sanchez
et al. 2015; Lopez-Franca et al. 2016; among others), all the
models simulate positive changes over the entire continent.
However, the warming level depends on the models and the
regions analysed. For some models, the largest warming is
projected over the north of the continent and over the Andes
chain, reaching values of more than 6 °C. The amplification
of the warming over complex terrain regions has also been
reported in several studies (Wang et al. 2014; Pepin et al.
2015; Gao et al. 2021). Regarding CARG and NEB regions,
warming levels between 1° and 5 °C are found. For winter-
time, higher temperatures are also projected for the end of
the 21st century overall the continent (not shown), but the
highest values are located over central Brazil, reaching more
than 4 °C for most of the models. On the other hand, central
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Fig.9 Mean surface temperature change between future climate (2071-2100) and present climate (1979-2005) for DJF. Units are °C
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Argentina presents the lowest values of warming (around
2 °C).

Precipitation changes were also evaluated for DJF
(Fig. 10). All the models show negative changes over
northern SA and Chile, reaching values of around —45%,
compared with the baseline period (1979-2005). This result
agrees with other authors’ findings (Bambach et al. 2022;
Blazquez and Solman 2020; Llopart et al. 2020; Cavalcanti
and Silveira 2016; Gutiérrez et al. 2021). On the contrary,
over CARG and Uruguay, positive changes of precipita-
tion (around 45%) are projected in some models, while
over NEB, the agreement among models is very poor. The
same result was found by Séanchez et al. (2015) with a pre-
vious models’ generation. Wintertime is the dry season for
most of the regions of SA, including CARG and NEB. The
zones of maximum precipitation in the historical period are
southeastern SA, central Chile, and northern SA (see the
first panel of Fig. 4). Most of the models project a decrease
of precipitation over northern SA and central Chile, while
over southeastern SA, positive changes are projected (not
shown). CARG presents positive changes, while over NEB,
most models project negative values (not shown).

As was posed above, there are different projections
of warming levels and patterns of precipitation changes
among models at the end of the 21st century. Thus, it is
worth assessing to what extent these differences could be
due to the biases identified in the previous subsection. Since
cloudiness could be one of the causes of temperature and
precipitation biases, and, as was mentioned previously, the
relative humidity cloud be related to cloudiness, the changes

in relative humidity at the 850 hPa level for DJF (Fig. 11) are
examined. Over CARG, those models with positive changes
of relative humidity (REM02015-HadGEM2, REM02015-
MPI, and REMO2009-MPI) agree with positive projected
precipitation changes (Fig. 10) and lower warming levels
(Fig. 9). This result suggests that clouds not only could be
associated with the projected precipitation signal, but also
could modulate the radiation that reaches the surface and
then reduce the warming signal. In addition, this group of
models also presents over CARG positive changes of latent
heat flux (Figure S4) and negative changes of sensible heat
flux (Figure S5), reinforcing the consistency among the
changes in temperature and precipitation. Another region
that presents a high consistency among projected changes
is northern SA, where, as was mentioned previously,
most of the models (RegCM4-7-HadGEM2, RegCM4-
7-MPI, RegCM4-7-NorESM2, REMO02015-HadGEM2,
REMO2015-MPI, REM0O2009-MPI, RCA4-MPI) project
negative changes of precipitation (Fig. 10). In addition, these
models present negative projections of relative humidity
(Fig. 11), negative changes of latent heat flux (Figure S4),
positive changes of sensible heat flux (Figure S5), and higher
warming levels (Fig. 9). Therefore, these results suggest
that cloudiness may modulate the intensity of the projected
changes over this region.

During wintertime, there is also a consistency among
projected changes in some regions, but not as clear as in the
warm season (not shown).

Summarizing, cloudiness may be the variable that affects
not only the temperature and precipitation projections but

RegCM4-3-HadGEM2 RegCM4-7-HadGEM2

RegCM4-7-MPI

RegCM4-7-NorESM1REMO2015-HadGEM2

) ) ) ] ) b
I:I" I:I" ...... 0" N I:I" 4 ! D" N . "
e o * I b i e
1575 | R 157 | 8 PRI T 0+ < SOl 157 s | s g |
30"5 ...... ... 30"5 ......... o 30"5 f«“ 3 .......30"5 ...... -"".: ........ 30"5 ........ 2P 60
PRI Y .4 - PRI % - PRI Y O S P Y 5 - PRI Y .4 - 20
60° W 60 W 60 W 60° W 60 W 20
0
REMO2015-MPI REMO2015-NorESM1 REMOZ2009-MPI RCA4-MPI RCA4-EC-EARTH
N N . N ".: _20
0 ...... U .. ........ 0” . .. ..... D” ...... 0 ‘. ......
o g S & s T -40
1575 | g 157 | e st g | 157 < | SN Lo o |
; : ; ; -60
3075 | el 3075 | ks 3075 | f 30" 5|k R 3075 |
45" 5[ e 45" 5|8 Fio 4575 [ Sl TIPS 45" 5[ L 457 5 [ dhd SIS
60" W 60" W 60" W 60" W 60" W

Fig. 10 Same as Fig. 9 but for changes in precipitation compared to the baseline period (1979-2005). Units are %
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Fig. 11 Same as Fig. 9, but for 850 hPa relative humidity. Units are %

also the models’ biases, especially during the warm season,
where the convective precipitation is more usual. Convec-
tion is generally parameterized in most models, so this result
suggests that an improvement of the parameters included in
the convective schemes may drive to better results and more
reliable projections.

4 Conclusion

This work assesses the biases of precipitation and tempera-
ture over SA, focusing in two regions: CARG and NEB. Fur-
thermore, the possible origin of these systematic errors and
the impacts on the climate change signal were also analysed.
For this study, a set of CORDEX RCM simulations for the
South American domain were used, some of them belong-
ing to the CORDEX-CORE experiments. The biases were
assessed for the period 1979-2005 and the climate change
signal was evaluated at the end of the 21st century (for the
period 2071-2100), using the RCP85 scenario.

The largest biases of temperature were found over CARG
during summertime, where most models overestimate the
observations. The positive biases of the incoming shortwave
solar radiation reaching the surface could be one of the fac-
tors that explain the warm bias over CARG. This excess in
the incoming shortwave radiation at the surface is consistent
with negative values of relative humidity at 850 hPa, which
may indicate less cloudiness simulated by climate models
compared with observations. Biases in latent and sensible
heat fluxes are consistent with the warm biases found over

CARRG, positive (negative) biases of sensible (latent) heat
flux were found in the models with largest positive tem-
perature biases.

Regarding precipitation, the largest positive bias was
found over NEB during the warm season. This wet bias
agree with the positive bias of relative humidity at 850 hPa,
possibly connecting with more clouds’ generation by climate
models, compared with the observations. Results suggest
that this overestimation of cloudiness by climate models
may be related to the overestimation of the moisture flux
convergence over NEB. The latent and sensible fluxes were
also consistent with the wet bias in NEB: overestimation of
latent heat flux and underestimation of sensible heat flux
in models with largest positive values of precipitation bias.

The biases that this group of climate models has shown
may not remain constant in the future. In fact, some studies
have found that the errors in models are intensity-depend-
ent (Boberg and Christensen 2012; Christensen and Boberg
2012; Solman 2016), which suggest that, for example, mod-
els with strong warm biases may project an amplified warm-
ing signal in future climate conditions. Thus, to analyse the
impact of these biases on the future climate, the correlation
coefficient between present biases and the climate change
signal for each model was calculated. A statistically signifi-
cant relationship between the warm bias and the temperature
change over CARG and NEB for both summer and winter
was identified. This result points out that the systematic
errors of RCMs could affect the climate change signal over
these regions, overestimating the warming, especially in
the summertime, where the correlation coefficient between

@ Springer



J. Blazquez, S. A. Solman

biases and projected changes is positive. However, for pre-
cipitation, that correlation only resulted statistically signifi-
cant for DJF over NEB, with a positive coefficient between
the biases and the changes, suggesting an overestimation of
the wet changes during the warm season.

The spatial distribution for the future projections were
examined over SA. In spite of all the models projecting
positive changes of temperature over the continent for both
summer and winter, different warming levels were found.
For precipitation, results have shown different projected
changes patterns, but most models agree on the projection
of negative (positive) changes over northern SA and Chile
(CARG and Uruguay) during summertime. For JJA, most
of the models project a decrease of precipitation over north-
ern SA, central Chile, and NEB, whereas over CARG and
southeastern SA wetter conditions are projected by the end
of the 21st century.

Regions with negative (positive) changes of precipita-
tion agree with regions of negative (positive) projections of
relative humidity (a variable that could be used to estimate
clouds) and latent heat flux, positive (negative) changes of
sensible flux and higher (lower) levels of warming. These
results suggest that cloudiness may modulate the future pro-
jections of both precipitation and temperature.

To summarize, the results found in this study suggest that
cloudiness may be the variable that affects both biases and
the climate change signal for both temperature and precipi-
tation. It is known that clouds are parameterized in climate
models, so a revision of the parameters that drive the air
saturation and cloud formation in the microphysics and
convections schemes is needed. Furthermore, it is impor-
tant to highlight that biases in climate models could affect
the climate change projections because they should not be
considered stationary and when changes between future and
present climate are calculated the errors may not cancel out.

In-depth studies of how biases influence climate change
signal should continue over SA, where few works approach
this issue.
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