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ABSTRACT 

This paper analyses historical climate conditions and future climate projections in central-eastern 
Argentina, focusing on temperature and precipitation patterns. The study assesses the ability of 
Coupled Model Intercomparison Project Phase 6 (CMIP6) global climate models to represent 
historical climate variability and generates projections of precipitation and temperature under 
three combined socioeconomic and greenhouse gas emissions scenarios for the 21st Century. 
Historical analysis for the 1901–2014 period reveals high correlations between model-simulated 
and observed temperature. Precipitation simulations are less accurate; however, bias correction 
introduces notable improvements. Although the models properly recognise mean annual tem
perature and precipitation cycles, biases appear in the reproduction of the spatial patterns of 
these variables. Future projections indicate a significant increase in mean annual temperature 
across all scenarios, with the highest temperature rise in a fossil-fuel-intensive scenario, high
lighting the importance of emissions mitigation. Precipitation is projected to increase in all 
scenarios, particularly in the western part of the study region, with potential implications for 
hydrology and agriculture. This study emphasises the need for ongoing research and monitoring 
to enhance our understanding of regional climate vulnerability and to inform local adaptation 
strategies in the face of a changing climate.  

Keywords: central-eastern Argentina, CMIP6, future projections, model evaluation, precipitation 
variability, temperature trends. 

1. Introduction 

The rise in the recorded global average temperature represents one of the most profound 
transformations in recent times. The prevailing consensus points to human activities as 
the driving force behind the ~1°C increase in global temperatures above pre-industrial 
levels (Allen et al. 2018a; Masson-Delmotte et al. 2021). Projections indicate that if 
current trends persist, the 1.5°C threshold will be crossed sometime between 2030 and 
2050 (Allen et al. 2018a). This trajectory sets the stage for increased occurrence of warm 
extremes, intense rainfall, prolonged droughts and precipitation deficits in various 
regions around the globe (Allen et al. 2018b; Zhang et al. 2023). 

South-eastern South America (SESA), which encompasses the northern regions of 
Argentina, Uruguay, southern Brazil and Paraguay, has seen a discernible shift in 
temperature and precipitation patterns (Junquas et al. 2012; Lovino et al. 2021; Müller 
et al. 2021; Bigolin and Talamini 2024). These shifts encompass changes in climate 
variability and the frequency of extreme weather events, which have had a substantial 
impact on the region (Barros et al. 2014; Hagen et al. 2022). Temperature extremes in SESA 
are trending towards warmer conditions (Skansi et al. 2013; Carril et al. 2016; Lovino et al. 
2018a). This shift manifests in an increased frequency of warm days, warm nights and 
extended heatwaves, along with a decrease in cold days, cold nights and the duration of 
cold spells (Lovino et al. 2018a; Feron et al. 2019; Almazroui et al. 2021). Annual 
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precipitation in SESA increased between the 1960s and the 
2000s (Barros et al. 2008; Seager et al. 2010; Lovino et al. 
2018b; Grimm 2019). Extreme precipitation events have also 
been increasing, resulting in more frequent flash floods 
(Cavalcanti et al. 2015; Avila-Diaz et al. 2023; Brêda et al. 
2023). Additionally, high interannual precipitation variability 
has contributed to severe droughts, which negatively affect 
agricultural and livestock productivity (Zambrano et al. 2018;  
Oñate-Valdivieso et al. 2020). 

The CMIP6 (Coupled Model Intercomparison Project 
Phase 6) is a comprehensive initiative providing climate 
model simulations for the 21st Century and beyond (Eyring 
et al. 2016, 2019; O’Neill et al. 2016). These simulations 
serve as a basis for projecting future climate changes, includ
ing changes in temperature and precipitation patterns 
(Almazroui et al. 2020; Lovino et al. 2021; Tebaldi et al. 
2021; Zareian et al. 2024). Several studies have assessed the 
performance of CMIP6 models in predicting temperature and 
precipitation changes across different regions worldwide 
(e.g. Kim et al. 2020; Carvalho et al. 2021; Tian et al. 
2021). For instance, Zareian et al. (2024) analysed precipi
tation estimates from historical runs of CMIP6 models across 
various climatic zones. They found that the models generally 
perform well in capturing broad spatial patterns of precipi
tation but exhibit significant biases in regions with complex 
topography and in arid and semi-arid zones. Specifically, 
overestimations were noted in tropical and monsoon regions, 
whereas underestimations were prevalent in subtropical dry 
areas. These discrepancies highlight the need for regional 
downscaling and bias correction methods to improve the 
applicability of CMIP6 outputs in local climate impact stud
ies. Additionally, inter-model variability underscores the 
importance of using ensemble approaches to better quantify 
uncertainties and improve the robustness of climate projec
tions in diverse climatic zones. Almazroui et al. (2021) 
evaluated CMIP6 models’ ability to project temperature 
and precipitation changes in South America, reporting that 
the models generally capture the observed temperature 
trends across the continent. However, precipitation projec
tions showed higher uncertainty, particularly in regions 
influenced by complex climatic drivers such as the Amazon 
basin and the Andes. The study highlighted substantial inter- 
model variability in simulating seasonal precipitation pat
terns, emphasising the need for improved model parameter
isation and the integration of localised data to enhance 
prediction accuracy in these critical areas. Overall, CMIP6 
models have exhibited commendable accuracy in replicating 
the spatial distribution of temperature and precipitation 
patterns. Nevertheless, further research is needed to better 
know the biases and uncertainties still present in the models. 

The potential for climate-related disasters, stemming 
from anthropogenic climate change and natural climate 
variability, can result in shifts in exposure and vulnerability 
for both human and natural systems (Formetta and Feyen 
2019). Climate change also poses a risk to biodiversity and 

increases the likelihood of extreme weather events (e.g.  
Muluneh 2021; Hagen et al. 2022). Climate projections for 
SESA by 2100 under medium to high emissions scenarios 
(representative concentration pathways or RCPs) suggest a 
warming range of 1.7–6.7°C, accompanied by an increase in 
the number of warm days and nights, as well as a 25% rise in 
precipitation (Masson-Delmotte et al. 2021). This study 
assesses the ability of CMIP6 model simulations to represent 
the historical and current climate conditions in central- 
eastern Argentina and analyses temperature and precipita
tion projections under three socioeconomic development 
and greenhouse gas (GHG) emissions scenarios in the 
short-term (2021–2040), mid-term (2041–2060) and long- 
term (2081–2100). Section 2 presents the data and methods 
used. Section 3 exhibits the historical analysis, and Section 4 
discusses the future projections. Section 5 presents the con
cluding remarks. 

2. Data and methods

2.1. Study region 

This study concentrates on an extended plain region with 
minimal slopes, known as the core crop region (CCR, Sgroi 
et al. 2021) in central-eastern Argentina. The CCR comprises 
58–65°W and 26–36°S (Fig. 1) and is the country’s primary 
agricultural area, accounting for over 80% of Argentina’s 
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Fig. 1. Topography map of southern South America. The study 
region encompassing the core crop region in central-eastern 
Argentina is highlighted with a red rectangle.  
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total crop production (Ministerio de Agricultura, Ganadería 
y Pesca de Argentina 2021). Owing to its agricultural out
put, Argentina plays a key role in global food security, 
exporting large quantities of grains and livestock products, 
including corn, soybean, barley, rice, flaxseed and beef 
(World Bank 2024). 

According to the Köppen−Trewartha climate classifica
tion, the CCR has a humid subtropical climate (Jacob et al. 
2012; Gallardo et al. 2016). Precipitation is evenly distrib
uted throughout the year, and the thermal gradient follows a 
latitudinal pattern (Garreaud et al. 2009). The CCR has high 
hydro-climatic variability from interannual to decadal time
scales. In recent decades, the frequency and intensity of 
extreme weather events have increased (Barros et al. 
2014; Castellanos et al. 2022). Given its economic signifi
cance and the concentration of agricultural and industrial 
activities, the CCR is home to a large portion of Argentina’s 
population. As a result, the region is particularly vulnerable 
to hydroclimatic variability and extreme events, which pose 
risks to both food production and socioeconomic stability. 

2.2. Data 

This study utilises a set of multi-member simulations from 
22 global climate models (GCMs) of the CMIP6, developed 
by various modelling centres (Table 1). The 22 selected 
models were chosen based on data availability across all 
scenarios, the diversity of modelling centres and the inclu
sion of models with multiple ensemble members to enhance 
ensemble robustness. The CMIP6 archive provides historical 
climate simulations for 1850–2014 (Eyring et al. 2016). This 
study evaluates historical simulations of monthly precipita
tion and surface air temperature over the 1901–2014 period. 
For each GCM, multi-member ensembles were generated 
from multiple realisations that differ only in their initial 
conditions (see Table 1). These single-model ensembles 
were subsequently combined to form a multi-model ensem
ble. Such ensemble construction methodology effectively 
reduces both the internal variability of the climate system 
and model uncertainties, which enhances the detection of 
observed climate signals and provides more reliable projec
tions (Deser 2020; Lehner et al. 2020). 

The CMIP6 also includes future scenario simulations 
based on different socioeconomic trajectories known as the 
Shared Socioeconomic Pathways (SSPs, Riahi et al. 2017). 
These scenarios represent plausible evolutions of societal, 
economic, technological and environmental factors (O’Neill 
2016). The SSPs are structured into five distinct narratives: 
sustainable development (SSP1), middle-of-the-road devel
opment (SSP2), regional rivalry (SSP3), inequality (SSP4) 
and fossil-fuelled development (SSP5) (O’Neill et al. 2016). 
These socioeconomic pathways are combined with different 
GHG emission trajectories based on four Representative 
Concentration Pathways (RCPs), characterised by radiative 
forcing levels of 2.6, 4.5, 6.0 and 8.5 W m–2 by the year 

2100. The integration of climate model projections with 
these socioeconomic pathways results in combined scenarios 
referred to as SSPx–y, where ‘x’ denotes the specific socio
economic pathway and ‘y’ represents the corresponding radi
ative forcing level (O’Neill et al. 2016). This study focuses on 
three of these integrated scenarios: SSP1–2.6, SSP2–4.5 and 
SSP5–8.5. We follow the IPCC’s core scenario set by includ
ing SSP5–8.5, which, despite being increasingly considered 
unlikely, still represents a plausible very-high emissions 
future that cannot be ruled out given uncertainties in feed
backs and socioeconomic trajectories. The performance of 
the GCMs was assessed by comparing their simulations 
against gridded observational datasets of monthly tempera
ture and precipitation from CRU TS 4.05 (Harris et al. 2020), 
which provide data at a 0.5 × 0.5° spatial resolution for the 
period 1901–2020. 

2.3. Evaluation methodology 

A series of preprocessing steps were applied to the GCM 
outputs. First, all simulations were interpolated to a com
mon 1 × 1° grid using bilinear interpolation, following 
methodologies from previous studies (e.g. Zazulie et al. 
2017). Next, model performance was assessed by comparing 
the mean annual cycles and spatial patterns of temperature 
and precipitation against observations for the period 
1985–2014, which represents the most recent normal period 
available within the study period of 1901–2014. Annual 
cycles and spatial patterns were also constructed for the 
1931‒1961 period, to assess how the models reproduce 
the regional changes in temperature and precipitation. 

To quantify model performance, several statistical met
rics were computed, including the mean bias error (MBE), 
mean absolute error (MAE), root mean square error (RMSE), 
Nash–Sutcliffe efficiency (NSE) and Pearson correlation 
coefficient (r). Definitions and further details on these metrics 
are provided in Déqué (2012), Nash and Sutcliffe (1970) and  
Moriasi et al. (2007). Whereas MBE indicates whether the 
model systematically overestimates or underestimates observed 
values, MAE and RMSE provide insight into the magnitude of 
errors. A NSE value of 1 indicates perfect agreement between 
simulated and observed data, whereas a NSE of 0 suggests that 
the model’s RMSE is equivalent to the variance of the observed 
data. Negative NSE values indicate that the RMSE exceeds the 
variance of the observed data. 

To correct systematic biases in GCM outputs and improve 
their alignment with historical observations, a scaling 
method based on Maraun et al. (2010) was applied. This 
method involves computing a scaling factor (Eqn 1), defined 
as the ratio between the mean observed value and the mean 
simulated value over the historical reference period. The 
corrected variable at a given time step is then obtained by 
multiplying the modelled value by this factor. Specifically, 
the corrected variable, denoted as yi

p, at time i is repre
sented as the modelled variable x imod ,

p , scaled with the 
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Table 1. CMIP6 models used and their attributes.        

Model Institution, country Experiments (number of members) Resolution (° lat × ° long)   

1 ACCESS-CM2 CSIRO-ARCCSS, Australia Historical (3), SSP1–2.6 (3), SSP2–4.5 (3), SSP5–8.5 (3) 1.25 × 1.875 

2 ACCESS-ESM1-5 CSIRO, Australia Historical (10), SSP1–2.6 (3), SSP2–4.5 (3), SSP5–8.5 (3) 1.25 × 1.875 

3 BCC-CSM2-MR BCC, China Historical (3), SSP1–2.6 (1), SSP2–4.5 (1), SSP5–8.5 (1) 1.125 × 1.125 

4 CAMS-CSM1-0 CAMS, PR China Historical (3), SSP1–2.6 (2), SSP2–4.5 (2), SSP5–8.5 (2) 1.125  × .125 

5 CanESM5 CCCma, Canada Historical (10), SSP1–2.6 (10), SSP2–4.5 (10), SSP5–8.5 (10), 2.8 × 2.8 

6 CESM2 NCAR, USA Historical (6), SSP1–2.6 (5), SSP2–4.5 (4), SSP5–8.5 (5) 0.9375 × 1.25 

7 CESM2-WACCM NCAR, USA Historical (3), SSP1–2.6 (1), SSP2–4.5 (5), SSP5–8.5 (5) 0.9375 × 1.25 

8 EC-Earth3 EC-Earth-Consortium, Sweden Historical (6), SSP1–2.6 (6), SSP2–4.5 (6), SSP5–8.5 (6) 0.93 × 0.93 

9 FGOALS-f3-L CAS, PR China Historical (3), SSP1–2.6 (1), SSP2–4.5 (1), SSP5–8.5 (1) 1.25 × 1 

10 FGOALS-g3 CAS, PR China Historical (6), SSP1–2.6 (1), SSP2–4.5 (4), SSP5–8.5 (4) 2 × 2.25 

11 FIO-ESM2-0 FIO-QLNM, PR China Historical (3), SSP1–2.6 (3), SSP2–4.5 (3), SSP5–8.5 (3) 0.9375 × 1.25 

12 GISS-E2-1-H NASA Goddard Institute for Space Studies, USA Historical (3), SSP1–2.6 (3), SSP2–4.5 (3), SSP5–8.5 (3) 2.0 × 2.5 

13 HadGEM3-GC31-LL MOHC, UK Historical (4), SSP1–2.6 (1), SSP2–4.5 (1), SSP5–8.5 (4) 1.25 × 1.875 

14 HadGEM3-GC31-MM MOHC, UK Historical (4), SSP1–2.6 (1), SSP5–8.5 (3) 0.5 × 0.83 

15 INM-CM5-0 INM, Russian Federation Historical (10), SSP1–2.6 (1), SSP2–4.5 (1), SSP5–8.5 (1) 1.5 × 2 

16 IPSL-CM6A-LR IPSL, France Historical (10), SSP1–2.6 (6), SSP2–4.5 (10), SSP5–8.5 (6) 1.25 × 2.5 

17 KACE-1-0-G NIMS-KMA, South Korea Historical (3), SSP1–2.6 (3), SSP2–4.5 (3), SSP5–8.5 (3) 1.25 × 1.875 

18 MIROC6 MIROC, Japan Historical (10), SSP1–2.6 (10), SSP2–4.5 (3), SSP5–8.5 (10) 1.41 × 1.41 

19 MPI-ESM1-2-HR MPI-M, Germany Historical (10), SSP1–2.6 (2), SSP2–4.5 (2), SSP5–8.5 (2) 0.937 × 0.937 

20 MPI-ESM1-2-LR MPI-M, Germany Historical (10), SSP1–2.6 (10), SSP2–4.5 (10), SSP5–8.5 (10) 1.875 × 1.875 

21 MRI-ESM2.0 MRI, Japan Historical (6), SSP1–2.6 (1), SSP2–4.5 (1), SSP5–8.5 (2) 1.125 × 1.125 

22 NorESM2-MM NCC, Norway Historical (3), SSP1–2.6 (1), SSP2–4.5 (1), SSP5–8.5 (1) 0.9375 × 1.25 

Experiments include both historical simulations and future projections within integrated scenarios denoted as SSPx–y. Here ‘x’ indicates the particular Shared Socioeconomic Pathway (SSP), whereas ‘y’ 
denotes the forcing pathway determined by its long-term global average radiative forcing level.  
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ratio of the mean observed variable yobs
p , and the mean 

modelled variable ymod
p . 

y x
y
y

= ×i i
p

mod ,
p obs

p

mod
p (1)  

The scaling method was applied to both historical and future 
simulations. Historical simulations were corrected using the 
CRU TS 4.05 data as a yobs

p , such that the MBE of the bias- 
corrected time series becomes zero. Future simulations were 
corrected using the scaling factor used for historical 
simulations: 

y x
y
y

= ×i i
f

mod ,
f obs

p

mod
p (2)  

where f indicates future and p means past. The purpose of 
this bias correction is twofold: (a) to adjust systematic errors 
in historical simulations and (b) to align the trajectory of 
future projections with observed historical values while 
preserving model-projected changes. 

2.4. Projected scenarios 

Future projections of temperature and precipitation were 
generated and analysed for three distinct time horizons – 
near-term (2021–2040), mid-term (2041–2060) and long- 
term (2081–2100) – following the standard periods used in 
IPCC AR6 to ensure consistency with global assessments 
(Lee et al. 2021). The assessment includes three integrated 
SSP scenarios: SSP1–2.6, which represents a sustainable 
development pathway with strong mitigation efforts; 
SSP2–4.5, reflecting moderate socioeconomic development 
and stabilisation of GHG emissions; and SSP5–8.5, corre
sponding to high fossil-fuel dependency and elevated GHG 
emissions. We analysed area-averaged time series from bias- 
corrected multi-model ensembles. Additionally, we deter
mined the mean spatial changes for each period and sce
nario using non-corrected multi-model ensembles of 
historical and future simulations, ensuring that estimates 
remain unaffected by bias-correction methods. Average 
changes were calculated by comparing simulations from 
the ‘near present’ period (1995–2014) with future short-, 
mid- and long-term periods. 

3. Results 

3.1. Historical analysis 

3.1.1. Temperature 
Table 2 presents the model evaluation metrics, indicating 

that all simulations capture the observed temperature with 
high correlations (0.95–0.97) and relatively low error magni
tudes (MBE, 0.11–5.71; MAE, 1.20–5.71; RMSE, 1.51–6.00). 

The application of the scaling method leads to a substantial 
reduction in MAE and RMSE (MAE*, 1.02–2.10; RMSE*, 
1.29–2.51) and enhances NSE, particularly for models exhibit
ing systematic biases. Notably, simulations with pronounced 
MBEs (e.g. models in rows 12, 18, 20 and 22) show the most 
significant improvements after scaling. By contrast, models 
with non-systematic errors experience minimal changes, as 
the method effectively rectifies mean values but preserves 
key statistical properties of the time series, such as stan
dard deviation (e.g. models in rows 5, 15 and 16). When 
evaluating the multi-model ensemble, the combined 22- 
model ensemble achieves the best overall performance, 
yielding a correlation coefficient of 0.97, a reduced RMSE 
of 1.36°C and a NSE* of 0.92, underscoring the robustness 
of ensemble-based approaches in minimising individual 
model uncertainties. 

We analysed the mean temperature annual cycle (Fig. 2) 
for the historical periods 1931–1960 and 1985–2014 to 
assess potential changes over time. The 22-model ensemble 
effectively captures the observed seasonal patterns but exhi
bits a systematic warm bias during the warmer months 
(September–April; Fig. 2a, b). After applying bias correction 
to mitigate systematic errors (Fig. 2c, d), the inter-model 
range is significantly reduced from an average of 
6.97–2.81°C. Although this adjustment decreases the over
estimation in the warm season, a slight positive bias persists 
during the colder months (May–August). Overall, no sub
stantial differences are detected between the mean annual 
cycles of the two analysed periods. In both cases, the multi- 
model ensemble demonstrates a strong agreement with 
observed temperature patterns, reinforcing its reliability in 
simulating historical climate variability. 

Fig. 3 reveals that the observed temperature gradient, 
characterised by a gradual decrease from north to south 
(Fig. 3a), is reasonably well captured by the 22-model 
ensemble (Fig. 3b). However, the ensemble exhibits a slight 
warm bias, particularly near the low mountain ranges in the 
south-western corner of the study region (Fig. 3c). Across 
most of the region, temperature overestimations are ~1°C, 
but reach 4°C at higher elevations. Conversely, a slight cold 
bias is observed in the north-western corner, where eleva
tions approach 1000 m ASL. 

3.1.2. Precipitation 
Table 3 presents the statistical metrics used to assess the 

performance of the GCMs in simulating the historical precipi
tation regime over the region. Correlation coefficients for indi
vidual models range within 0.40–0.74. The multi-model 
ensemble achieves the highest correlation (r = 0.76), reinforc
ing the benefits of ensemble averaging in reducing model 
uncertainties. Other statistical metrics, such as MAE and 
RMSE, fall within acceptable ranges (7.38 < MBE < 21.17; 
21.64 < MAE < 38.36; 28.97 < RMSE < 48.28) when 
compared to previous studies (e.g. Lovino et al. 2018a,  
2021). After bias correction, a significant reduction in 
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errors is observed (21.46 < MAE* < 30.48; 27.83 < 
RMSE* < 39.41), indicating that the correction method effec
tively mitigates biases and enhances the models’ ability to 
reproduce historical precipitation patterns. 

Fig. 4 compares the observed and simulated annual pre
cipitation cycles before and after bias correction for the periods 
1931–1960 and 1985–2014. The model ensemble successfully 
captures the observed annual cycle in both periods but system
atically underestimates precipitation for January–April. The 
largest discrepancy occurs in March, coinciding with a maxi
mum local precipitation. The inter-model range is higher dur
ing the rainy season of November–April than in the drier winter 
months (June–August). During the rainy season, the inter- 
model range amplitude is almost 100 mm, whereas during 
June–August, the inter-model range drops to almost 50 mm. 

The observed precipitation gradient is characterised by 
isohyets with north–south orientation, with precipitation 
decreasing from east to west. The 19-model ensemble cap
tures this spatial pattern but systematically underestimates 

annual precipitation values across the region. Observed 
annual precipitation (Fig. 5a) range is 500–1600 mm year–1, 
with maximum precipitation in the north-eastern sector. 
Although the ensemble reproduces the overall spatial distri
bution (Fig. 5b), it notably underestimates annual precipita
tion, particularly in the central region, including eastern 
Córdoba, Santa Fe and Entre Ríos. This systematic bias, with 
annual underestimations reaching ~250 mm, highlights the 
challenges of accurately simulating precipitation patterns, 
which are crucial for hydrological and agricultural applica
tions in the region. 

3.2. Projections 

To assess future climate changes, we analyse the time series 
of mean annual temperature and total annual precipitation 
spanning the historical period (1901–2014) and the pro
jected period (2015–2100). In addition, the spatial distribu
tion of projected changes in annual precipitation and mean 

Table 2. Statistical evaluation metrics (simulations v. observations) of area-averaged mean temperature for the historical period 1901–2014.             

Model MBE 
(°C month–1) 

MAE 
(°C month–1) 

RMSE 
(°C month–1) 

NSE Correlation 
coefficient 

MAE* 
(°C month–1) 

RMSE* 
(°C month–1) 

NSE*   

1 ACCESS-CM2  0.11  1.42  1.78  0.86  0.96  1.39  1.76  0.87 

2 ACCESS-ESM1-5  0.98  1.70  2.03  0.82  0.97  1.26  1.58  0.89 

3 BCC-CSM2-MR  1.02  1.87  2.27  0.78  0.96  1.44  1.80  0.86 

4 CAMS-CSM1-0  0.49  2.28  2.71  0.68  0.96  2.10  2.51  0.72 

5 CanESM5  −1.38  1.53  1.93  0.84  0.97  1.24  1.56  0.89 

6 CESM2  2.14  2.32  2.63  0.70  0.96  1.05  1.33  0.92 

7 CESM2-WACCM  2.19  2.38  2.72  0.68  0.96  1.09  1.40  0.91 

8 EC-Earth3  1.05  1.56  1.92  0.84  0.95  1.21  1.51  0.90 

9 FGOALS-f3-L  1.04  1.53  1.86  0.85  0.96  1.11  1.43  0.91 

10 FGOALS-g3  1.03  1.64  1.93  0.84  0.96  1.15  1.47  0.91 

11 FIO-ESM2-2-0  1.08  1.49  1.80  0.86  0.96  1.11  1.41  0.91 

12 GISS-E2-1-H  3.70  3.77  4.26  0.21  0.97  1.12  1.41  0.91 

13 HadGEM-GC31-LL  0.78  1.48  1.80  0.86  0.96  1.19  1.50  0.90 

14 HadGEM-GC31-MM  0.13  1.20  1.51  0.90  0.96  1.18  1.49  0.90 

15 INM-CM5-0  −0.52  1.69  2.06  0.82  0.97  1.79  2.13  0.80 

16 IPSL-CM6A-LR  0.57  1.42  1.71  0.87  0.96  1.22  1.52  0.90 

17 KACE-1-0-G  1.54  2.09  2.51  0.73  0.96  1.33  1.66  0.88 

18 MIROC6  5.71  5.71  6.00  −0.57  0.96  1.02  1.29  0.93 

19 MPI-ESM1-2-HR  0.47  1.26  1.57  0.89  0.96  1.15  1.44  0.91 

20 MPI-ESM1-2-LR  2.39  2.59  3.09  0.58  0.96  1.22  1.53  0.90 

21 MRI-ESM2.0  1.26  1.76  2.12  0.80  0.96  1.18  1.48  0.90 

22 NorESM2-MM  3.00  3.08  3.44  0.48  0.96  1.05  1.34  0.92 

23 Ensemble  1.23  1.68  1.98  0.83  0.97  1.08  1.36  0.92 

MBE, mean bias error (°C month–1); MAE, mean absolute error (°C month–1); RMSE, root mean square error (°C month–1); NSE, Nash–Sutcliffe efficiency; r, Pearson 
correlation coefficient. Evaluation metrics for the bias-corrected time series are MAE*, RMSE* and NSE*.  
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Fig. 2. Comparison of the mean annual cycle of (a) observed and (b) modelled mean temperature by the 22-model ensemble for the 
historical periods 1931‒1960 and 1985‒2014 respectively. Shades represent inter-model ranges. Panels (c) and (d) are respectively like (a) 
and (b), but for the bias-corrected 22-model ensemble.   
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annual temperature are examined for three future periods – 
short-term (2021–2040), medium-term (2041–2060) and 
long-term (2081–2100) – relative to the historical baseline 
(1995–2014). The projections reveal an overall increase 
in both variables, with more pronounced changes under 
higher GHG emissions and fossil fuel-based development 
scenarios. 

3.2.1. Temperature projections 
The projected evolution of mean annual temperature 

(Fig. 6) indicates a consistent warming trend across all 
scenarios, with the magnitude of warming depending on 
the combination of development pathway and GHG emis
sions scenario. Under the SSP5–8.5 scenario, which com
bines fossil fuel-driven development with high GHG 
emissions, the mean annual temperature is projected to 
increase by 3.5°C by 2100, reaching 22.9°C compared to 
the 2014 observed average of 19.4°C (Fig. 6c). The warming 
trend is continuous under this scenario, with no indication 
of stabilisation. In the SSP2–4.5 scenario, mean temperature 
increases gradually, reaching 1.28°C above the historical 
average by 2100, with stabilisation occurring toward the 

end of the century (Fig. 6b). Under the SSP1–2.6 scenario, 
the projected increase is more modest, reaching 0.56°C 
above historical levels, with a peak c. 2060 followed by a 
slight decline after 2080 (Fig. 6a). 

The spatial distribution of mean annual temperature 
change (Fig. 7) reveals a consistent warming pattern across 
the region, with greater increases in the northern sector. The 
magnitude of warming intensifies over time and varies 
across scenarios, with projected temperature changes in 
the range 0.5–4.5°C by the late 21st Century. The most 
pronounced warming occurs under the SSP5–8.5 scenario, 
emphasising the potential consequences of fossil fuel-driven 
development and high GHG emissions. 

3.2.2. Precipitation projections 
Future projections suggest a slight increase in total annual 

precipitation throughout the 21st Century across all com
bined development and emissions scenarios (Fig. 8). 
However, these changes are characterised by substantial 
uncertainty due to the large inter-model spread and the 
inherent temporal variability of precipitation. By 2100, the 
projected increase ranges from ~50 mm in the SSP1–2.6 

Table 3. Statistical evaluation metrics (simulations v. observations) of area-averaged precipitation over the historical period 1901‒2014.             

Model MBE 
(mm month–1) 

MAE 
(mm month–1) 

RMSE 
(mm month–1) 

NSE r MAE* 
(mm month–1) 

RMSE* 
(mm month–1) 

NSE*   

1 ACCESS-CM2  15.49  29.81  38.82  0.18  0.65  25.11  33.17  0.40 

2 ACCESS-ESM1-5  7.38  24.57  30.75  0.48  0.72  23.32  29.95  0.51 

3 BCC-CSM2-MR  −15.79  27.38  36.45  0.28  0.64  25.94  32.94  0.41 

4 CanESM5  13.11  29.68  39.72  0.14  0.71  25.44  33.43  0.39 

5 CESM2  −11.26  23.54  30.96  0.48  0.74  23.21  30.27  0.50 

6 CESM2-WACCM  −14.07  25.69  34.27  0.36  0.69  25.92  33.88  0.38 

7 EC-Earth3  21.17  38.36  48.28  −0.27  0.50  30.48  39.41  0.15 

8 FGOALS-f3-L  −23.33  30.00  39.29  0.16  0.68  27.70  36.44  0.28 

9 FGOALS-g3  −28.08  31.33  40.99  0.09  0.73  24.22  31.75  0.45 

10 FIO-ESM2-2-0  1.14  26.29  34.00  0.37  0.71  26.02  33.65  0.38 

11 HadGEM-GC31-LL  10.92  27.11  34.82  0.34  0.68  24.42  31.77  0.45 

12 INM-CM5-0  −23.37  29.37  38.70  0.18  0.70  27.14  35.73  0.30 

13 IPSL-CM6A-LR  −17.01  27.02  34.67  0.35  0.73  27.56  35.25  0.32 

14 KACE-1-0-G  −12.24  25.98  34.29  0.36  0.69  26.29  34.76  0.34 

15 MIROC6  −23.04  28.21  37.85  0.22  0.72  23.69  30.82  0.48 

16 MPI-ESM1-2-HR  7.88  26.01  32.28  0.43  0.68  24.80  31.64  0.45 

17 MPI-ESM1-2-LR  −16.26  32.42  42.58  0.01  0.40  31.56  39.31  0.16 

18 MRI-ESM2.0  −18.77  29.52  39.39  0.15  0.61  26.33  33.97  0.37 

19 NorESM2-MM  −18.54  30.45  40.83  0.09  0.53  29.04  38.34  0.20  

Ensemble  −7.61  21.64  28.97  0.54  0.76  21.46  27.83  0.58 

MBE, mean bias error (mm month–1); MAE, mean absolute error (mm month–1); RMSE, root mean square error (mm month–1); NSE, Nash–Sutcliffe efficiency; 
r,  Pearson correlation coefficient. Evaluation metrics of the bias-corrected time series are MAE*, RMSE* and NSE*.  
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Fig. 4. Comparison of the mean annual cycle of (a) observed and (b) modelled precipitation by the 19-model ensemble for the historical 
periods 1931‒1960 and 1985‒2014 respectively. Shades represent inter-model ranges. Panels (c) and (d) are respectively like (a) and (b), but 
for the bias-corrected 19-model ensemble.   
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scenario (Fig. 8a) to 80 mm in the SSP5–8.5 scenario 
(Fig. 8c), representing an increase of less than 10% relative 
to the regional mean annual precipitation of ~1000 mm. 
This modest increase in total precipitation is particularly 
relevant when considering the high interannual variability 
of rainfall in the region (Lovino et al. 2018b), which may 
overshadow long-term trends. 

The temporal evolution of annual precipitation reveals 
scenario-dependent differences in the rate of change 
(Fig. 8). In the SSP1–2.6 scenario, precipitation exhibits an 
initial increase followed by stabilisation towards the late 
21st Century (Fig. 8a). By contrast, under SSP2–4.5 and 
SSP5–8.5, precipitation continues to rise over time, with a 

more pronounced increase in the latter scenario, reflecting 
the influence of a high-emissions, fossil fuel-driven develop
ment pathway (Fig. 8b, c). 

The spatial distribution of projected annual precipitation 
changes shows greater uniformity across scenarios com
pared to temperature; however, notable regional variations 
persist (Fig. 9). Across all scenarios, precipitation increases 
are more pronounced in the western sector of the study 
region, with localised increases of ~50 mm year–1. This 
pattern remains consistent throughout the century. Note 
that the systematic underestimations in modelled historical 
precipitation found in this study should be considered when 
interpreting these projections. 
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Fig. 6. Observed and bias-corrected model- 
simulated mean annual temperature for the 
historical period (1901‒2014) and bias-corrected 
simulated future temperature (2015‒2100). Panels 
(a), (b) and (c) correspond to scenarios SSP1–2.6, 
SSP2–4.5 and SSP5–8.5. Historical and future multi- 
model ensemble simulations were performed using 
the multi-member mean simulations of 19 analysed 
GCMs (see  Table 1). Shaded areas represent inter- 
model ranges.   
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4. Conclusions 

This study evaluates historical climate conditions and provides 
future projections of temperature and precipitation over the 
CCR in central-eastern Argentina, one of the most productive 
agricultural areas globally. Given the region’s crucial role in 
food production and export, understanding past climate varia
bility and future trends is essential for anticipating potential 
impacts on agriculture, water resources and socioeconomic 
stability. By analysing historical climate simulations and future 
projections under different socioeconomic development and 

GHG emission scenarios, this study provides valuable insights 
into anticipated climatic changes and their implications for 
regional sustainability and agricultural resilience. 

The evaluation of historical climate conditions reveals that 
global climate models adequately reproduce the annual cycle of 
mean temperature and its spatial distribution, despite a system
atic warm-season overestimation. The application of bias cor
rection significantly reduces these errors, improving the 
accuracy of modelled temperature values. Precipitation simula
tions present greater uncertainties, with a systematic under
estimation of annual totals, particularly in central areas of the 
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Fig. 7. Spatial distribution of future average 
changes in mean annual temperature (°C) accord
ing to the non-corrected 22-model ensemble 
over the core crop region in Argentina in the 
periods (columns) 2021‒2040, 2041‒2060 and 
2081‒2100. Average changes are related to the 
‘near present’ 1995‒2014 period for the non- 
corrected 22-model ensemble of historical simu
lations. Rows correspond to scenarios SSP1–2.6, 
SSP2–4.5 and SSP5–8.5.   
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CCR. Although the seasonal cycle is reasonably well repre
sented, considerable inter-model variability persists, especially 
during the rainy season. This variability represents a key source 
of uncertainty that should be carefully considered when inter
preting future projections. 

Future temperature projections indicate a consistent 
warming trend throughout the 21st Century, with the mag
nitude of warming strongly dependent on the combination 
of socioeconomic development and emissions trajectories. 
Under the fossil-fuelled development and high-emissions 
SSP5–8.5 scenario, the mean annual temperature is pro
jected to increase by ~3.5°C by 2100. In the middle-of- 
the-road SSP2–4.5 scenario, this increase is more moderate 
at 1.3°C, whereas in the sustainable development and low- 

emissions SSP1–2.6 scenario, the projected rise is only 
0.6°C. Notably, the temperature signal intensifies in the 
latter half of the century, with the greatest warming pro
jected for the northern sector of the CCR. 

Projected changes in annual precipitation indicate a slight 
increase across all scenarios, although with significant uncer
tainties due to large inter-model ranges and the inherent 
spatio-temporal variability of precipitation. The projected 
increase ranges from ~50 mm in the SSP1–2.6 scenario to 
80 mm in SSP5–8.5, representing an annual increase of less 
than 10% relative to the historical mean. Under the SSP5–8.5 
scenario, individual model projections range from −20 to 
+160 mm annually, reflecting substantial spread. This range 
of uncertainty tends to increase with higher forcing levels, as is 

(b)
1500

1300

1100

900

1901 1916

(a)

1931 1946 1961 1976 1991 2006 2021 2036 2051 2066 2081 2096

Multi-model ensemble for precipitation (mm) – SSP1–2.6

Multi-model ensemble for precipitation (mm) – SSP2–4.5

(c) Multi-model ensemble for precipitation (mm) – SSP5–8.5

RCP 2.6 inter-model range Historical inter-model range CRU TS 4.05

RCP 1–2.6 multi-model ensemble Historical ensemble

1901 1916 1931 1946 1961 1976 1991 2006 2021 2036 2051 2066 2081 2096

1901 1916 1931 1946 1961 1976 1991 2006 2021 2036 2051 2066 2081 2096

RCP 4.5 inter-model range Historical inter-model range CRU TS 4.05
RCP 2–4.5 multi-model ensemble Historical ensemble

RCP 8.5 inter-model range Historical inter-model range

CRU TS 4.05

Ensemble RCP 5–8.5

Historical ensemble

1500

1300

1100

900

700

500

300

700

500

300

1500

1300

1100

900

700

500

300

Fig. 8. Observed and bias-corrected model- 
simulated total annual precipitation in the his
torical period (1901‒2014) and bias-corrected 
simulated future precipitation (2015‒2100). 
Panels (a), (b) and (c) correspond to scenarios 
SSP1–2.6, SSP2–4.5 and SSP5–8.5. Historical and 
future multi-model ensemble simulations were 
performed using the multi-member mean sim
ulations of 19 analysed GCMs (see  Table 1). 
Shaded areas represent inter-model ranges.   
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commonly observed in regional climate projections. Spatially, 
precipitation increases are more pronounced in the western 
sector of the CCR, whereas central and eastern areas exhibit 
lower projected changes. Despite this overall increase, the 
persistence of historical model biases in underestimating pre
cipitation suggests caution in interpreting these results, partic
ularly regarding their implications for hydrological processes 
and water availability. 

These findings emphasise the need for a nuanced under
standing of climate change impacts in one of the world’s 

most agriculturally important regions. Although temperature 
increases are robust across all scenarios, precipitation pro
jections remain highly uncertain, requiring further research 
to refine model performance and improve the reliability of 
future projections. The expected rise in temperature, coupled 
with potential changes in precipitation patterns, underscores 
the importance of adaptive strategies in agriculture, water man
agement and regional policy planning. Given the CCR’s central 
role in national and global food production, reported climate 
shifts may alter crop growth cycles (e.g. Lovino et al. 2018b) 
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Fig. 9. Spatial distribution of future average 
changes in total annual precipitation (mm) 
according to the non-corrected 19-model ensem
ble over the core crop region in Argentina in the 
periods (columns) 2021‒2040, 2041‒2060 and 
2081‒2100. Average changes are related to the 
‘near present’ 1995‒2014 period for the non- 
corrected 19-model ensemble of the historical 
simulations. Rows correspond to scenarios 
SSP1–2.6, SSP2–4.5 and SSP5–8.5.   
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and reduce yields due to heat stress or water limitations – 
including the increasing risk of flash droughts (Christian et al. 
2023; Lovino et al. 2025). Proactive measures will be essential 
to mitigate climate risks and ensure the resilience of agricultural 
production in the face of ongoing and future climate changes. 
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