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Abstract
We present an analysis to determine whether historical trends in extreme precipitation and 
temperature indices, as well as in yearly averages of several climate variables. To achieve 
this, we use three methodologies: a) a climate model-based approach, b) a hybrid method 
that combines models and observations (1979–2019), and c) a climate observations-based 
method (1983–2016). For each methodology, we compare the climate change signal, rep-
resented by the historical trends, to the noise generated by simulated climate datasets 
(using models or statistical methods) that do not include human influence. Overall, the 
model-based method suggests possible detection of the human influence in most tempera-
ture extreme indices and in precipitation-related indices in the northern countries. The 
hybrid method detects human influence in significantly fewer variables, but in many cases, 
consistently with those of the model-based approach. Both the hybrid and observation-
based methods exhibit similar noise variability to the model-based method. Notably, due 
to limitations in data availability, our analysis excludes the most recent five years, during 
which substantial warming and an increase of extreme events have been observed globally.

Keywords  Extreme events · Detection and attribution · Anthropogenic climate change · 
Central America

1  Introduction

Central America has emerged as the most prominent hot-spot for climate change in the trop-
ics, primarily due to a substantial reduction in projected precipitation and an increase in pre-
cipitation variability in response to global warming (Giorgi 2006; Donatti et al. 2024). The 
intensification of the water cycle in a warmer climate (Trenberth et al. 2003; Held and Soden 
2006), coupled with the overall rise in global mean temperatures, is expected to exacerbate 
extreme weather events in this region, including precipitation, droughts and temperature 
extremes (Arias et al. 2021; Seneviratne et al. 2021). Located near the center of action of El 
Niño-Southern Oscillation (ENSO) and influenced by various remote sea surface tempera-

 et al. [full author details at the end of the article]

1 3

http://orcid.org/0000-0003-4638-0742
http://orcid.org/0000-0001-5495-2486
http://orcid.org/0000-0003-3314-8442
http://orcid.org/0000-0002-6762-3283
http://orcid.org/0000-0001-5700-1846
http://orcid.org/0000-0001-9278-5017
http://orcid.org/0000-0002-9100-3009
http://orcid.org/0000-0002-8203-759X
http://orcid.org/0000-0003-4821-4190
http://crossmark.crossref.org/dialog/?doi=10.1007/s10584-025-03940-5&domain=pdf&date_stamp=2025-4-30


Climatic Change          (2025) 178:95 

ture (SST) drivers from nearby ocean basins (see the summary table of climate precursors in 
Ley et al. 2023), climate extremes are heavily influenced by natural climate variability in the 
Central American isthmus. Along with the large effects of internal climate variability, the 
complex topography of Central America also results in a myriad of microclimates, making 
it particularly challenging to disentangle natural versus anthropogenic signals on climatic 
extremes (e.g., Neelin et al. 2006; Pascale et al. 2021; Anderson et al. 2023).

Droughts are common in the Central America Dry Corridor (CADC; Gotlieb et al. 2019; 
Hidalgo et al. 2019; Morataya-Montenegro and Bautista-Solís 2020; Ley et al. 2023), a 
region characterized by relatively high aridity that extends from southern Mexico to El 
Salvador, including the Pacific coast of Nicaragua and the Guanacaste province in Costa 
Rica. Some authors also consider the “Dry Arc” (“Arco Seco” in Spanish) region in Panama 
to be a discontinuous part of this corridor. The climate variability of the CADC is heavily 
influenced by ENSO, variability of SSTs in the Caribbean and tropical North Atlantic, the 
Caribbean Low Level Jet (CLLJ; Amador 1998, 2008), which is a consistent wind pattern of 
strong zonal winds in the Caribbean basin at around 925 hPa with velocities that can reach 
around 10 m s−1, as well as other remote drivers such as the Pacific Decadal Oscillation 
(PDO; Mantua et al. 1997) and the Atlantic Multidecadal Oscillation (Enfield et al. 2001). 
In addition, another important control on precipitation in Central America is the interba-
sin (tropical Pacific minus tropical Atlantic) sea surface temperature (SST) difference (e.g. 
Enfield and Alfaro 1999; Fuentes-Franco et al. 2015; Alfaro et al. 2016; Maldonado et al. 
2017; Hidalgo et al. 2017; Romero and Alfaro 2024). Droughts severely impact the CADC, 
a region whose inhabitants largely rely on rainfed agriculture (Gotlieb et al. 2019; Hidalgo 
et al. 2019; Ley et al. 2023; Cavazos et al. 2024). This dependence creates critical social and 
economic vulnerabilities.

In contrast, floods occur over shorter time scales but can have devastating effects. Vari-
ous mechanisms, of both tropical and extratropical origin—convective storms, cold fronts, 
synoptic scale gyres, easterly waves, tropical cyclones– can deliver massive amounts of 
rainfall just in a few days, causing landslides, flooding, and significant impacts on human 
systems (Pérez-Briceño et al. 2016; Guevara-Murua et al. 2018; González-Trujillo et al. 
2024).

Finally, temperature extremes—measured by, e.g., the heat index– have been on the rise 
in Central America in the last few decades. This increase is driven by changes that lead 
to more anomalous high-pressure systems, enhancing sinking air, and warm/weaker cold 
advection (Angeles-Malaspina et al. 2018). The frequency of extreme temperature events 
has also intensified since 1991, with the highest occurrences during the cool phase of ENSO 
(Ramirez-Beltran et al. 2017). Record breaking heat was observed in Central America as 
recenty as 2023 (Perkins-Kirkpatrick et al. 2024). Heat waves in Central America are asso-
ciated with adverse impacts on human health (Miranda-Chacón et al. 2023; Baker 2023) and 
in biodiversity (González-Trujillo et al. 2024).

Given the significant socio-economic impacts of meteorological and climatic extremes 
on Central America, where there is a high vulnerability and exposure to natural hazards, it 
is important to determine if these trends in extreme events observed in recent decades can 
be attributed to anthropogenic climate change, as this may indicate that human activities are 
already influencing these observed changes, as seen in other regions (Kawase et al. 2023), 
and therefore, we can expect that these extremes to continue worsening and not to reverse 
in the future as part of a multidecadal cycle.
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This article presents a study on the detection and attribution of extreme climatic event, 
focusing on indices such as annual precipitation, annual temperature, annual potential 
evapotranspiration, aridity index and seasonal precipitation. The objective of this type of 
studies is to determine whether the anthropogenic signal, in a historical climate, emerges 
over the amplitude of the internal natural variability noise (which can be assessed through 
control simulations or statistical models). Three methods were employed in this study: a) 
a model-based framework, using signals derived from historical climate runs and noise 
extracted from preindustrial control runs (piCONTROL). These runs come from a suite of 
10 models from the Coupled Model Intercomparison Project Phase 6 (CMIP6) downscaled 
and processed by the Inter-Sectoral Impact Model Intercomparison Project's round 3 (ISI-
MIP3, https://data.isimip.org/); b) a model-observations hybrid method, in which the trend 
signal is taken from dynamically downscaled reanalysis data while the noise is constructed 
from a synthetic (statistical) ensemble based on observed main large-scale climate precur-
sors, and c) an observation-based framework, in which the signal is derived from observed 
trends, and the noise is calculated in the same manner as in the previous hybrid method. This 
study aims to compare these methods and identify which climate variables have already 
shown evidence of human impact.

In Central America, particularly in the CADC subregion, there is a substantial body of 
observational studies focusing on trends in precipitation (Aguilar et al. 2005; Neelin et al. 
2006; Hidalgo et al. 2017; Pascale et al. 2019; Alfaro-Córdoba et al. 2020, 2024). However, 
there are relatively fewer studies addressing detection and attribution of these trends (Pas-
cale et al. 2021; Anderson et al. 2023) or exploring climate extremes (Aguilar et al. 2005; 
Alfaro-Córdoba et al. 2024). Our study represents an important advancement in this field, as 
it examines both issues and estimates the detection and attribution of climate trends related 
to more extreme phenomena (precipitation, droughts, temperature) using multiple observa-
tion sources. Previous research on detection and attribution in the region includes studies 
by Pascale et al. (2021) and Anderson et al. (2023). These studies investigated multidecadal 
precipitation trends from 1979 to 2019 and the 2015–2019 multi-year drought in Central 
America (see also studies of trends in Central America in Neelin et al. 2006 and Hidalgo 
et al. 2017). Specifically, Pascale et al. (2021) found that the precipitation trend was not 
beyond what could be expected by natural variability alone, while the 2015–2019 drought 
was exacerbated by anthropogenic forcing. Anderson et al. (2023) reported that the drought 
was rare within the range of natural variability, but it might still be linked to natural causes. 
Clearly, there is a gap in the literature regarding comprehensive attribution studies of tem-
perature and precipitation extremes in Central America, which our study tries to identify 
and address.

2  Data

2.1  Model and hybrid data

Several climate datasets were obtained from ISIMIP3 to compute the natural variability 
noise and the models’ historical trends, with the aim to detect and attribute these trends 
to anthropogenic anthropogenic sources. The W5E5 v2.0 dataset (Lange et al. 2021) was 
employed as hybrid data. W5E5 merges WFDE5 (Weedon et al. 2014; Cucchi et al. 2020), 
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a bias-adjusted version of ERA5 (Hersbach et al. 2020) over land, with raw ERA5 data over 
the ocean. It provides global coverage at 0.5° resolution with daily data from 1979 to 2019. 
Even though the W5E5 dataset has not been validated for Central America, the original data 
from the ERA5 reanalysis have shown significant skill in reproducing precipitation in the 
region (Stewart et al. 2021).

Additionally, as model data, we used both the preindustrial control (piCONTROL, 500 
years of simulation) and the historical (from 1850 to 2014) runs concatenated with the SSP5 
- 8.5 scenario, to extend it to 2016 for ten CMIP6 General Circulation Models (GCMs; see 
Table S1 of the Supplementary Information).. These datasets were downscaled and bias-
adjusted to W5E5 with ISIMIP3's bias adjustment and statistical downscaling algorithm 
(ISIMIP3BASD; Lange 2019, 2022), and are available at Lange and Büchner (2021), Lange 
et al. (2023a) and Lange et al. (2023b). The selected downscaled variables for the ISIMIP3 
datasets include daily precipitation (P), surface maximum temperature (Tx) and minimum 
temperature (Tn), all at 0.5° × 0.5° horizontal resolution.

2.2  Observed and blended (observations and satellite data)

A blend of satellite and meteorological station precipitation data of the Climate Hazards 
and Infrared Precipitation with stations (CHIRPs; Funk et al. 2015) was used to represent 
“observations” from 1981 to 2020. This data is at a 5 km horizontal resolution but has 
been aggregated to a 0.5° × 0.5° grid to align with the models. Similarly, Tx and Tn data 
were obtained from a corresponding dataset for temperature (CHIRTs; Funk et al. 2019) 
for the period 1983 − 2016. Both CHIRPs and CHIRTs datasets have shown good agree-
ment with station data in several locations of Central America and the Caribbean region 
(Anderson et al. 2019; Quesada-Hernández et al. 2019; Centella-Artola et al. 2020; Stewart 
et al. 2021; Ugalde 2022; Alfaro-Córdoba et al. 2024). These data were used to calculate 
observed trends in precipitation and temperature indices for the historical period of interest 
for 5 subregions in Central America. A common period from 1983 to 2016 was chosen for 
both datasets. The data were converted to the ISIMIP3 grid at 0.5 × 0.5 degrees horizontal 
resolution using the “nearest” method.

2.3  Observed atmospheric and oceanic climate indices that relate to Central 
America’s terrestrial climate

Monthly indices for main modes of climate variability that affect Central America (Maldo-
nado et al. 2018; Durán-Quesada et al. 2020; Anderson et al. 2023) were obtained from the 
National Oceanic and Atmospheric Administration (NOAA) Physical Sciences Laboratory 
(https://psl.noaa.gov/gcos_wgsp/Timeseries/, last visit 4/8/2024). These data were used to 
generate the natural variability noise for the detection and attribution analysis through a 
synthetic method (McKinnon and Deser 2021; Anderson et al. 2023). The indices obtained 
were the Niño3.4 index for ENSO, defined as the SST anomaly over the region 5°N–5°S, 
170–120°W, and the Pacific Decadal Oscillation (PDO; Mantua et al. 1997), defined as the 
time history of the leading EOF of North Pacific SST. We also used an index for the Carib-
bean Low-level Jet (CLLJ; Amador 1998, 2008, Amador et al. 2018; Hidalgo et al. 2015; 
2019; Anderson et al. 2023), defined as area-average of the 925 hPa zonal wind over the 
domain 12.5–17.5°N and 80–70°W (Wang 2007). Following Amador et al. (2018), in order 

1 3

   95   Page 4 of 21

https://psl.noaa.gov/gcos_wgsp/Timeseries/


Climatic Change          (2025) 178:95 

to generate a CLLJ time series that matches the length of the other indices, the 1900–2022 
time series was constructed by combining data from two sources: the NOAA-CIRES-DOE 
20 th Century Reanalysis (20 CRv3) CLLJ index from 1920 to 1948 and the International 
Research Institute (IRI) at Columbia University CLLJ Index from 1949 to 2019, which is 
based on National Center for Environmental Prediction/National Center of Atmospheric 
Research (NCEP-NCAR) Reanalysis data (Kalnay et al. 1996). We performed a homog-
enization procedure by imposing the mean and standard deviation of the 1951–2006 period 
of the IRI data to the entire length of the concatenated time series. This period chosen to 
align with the original baseline period of the NOAA NCEP-NCAR CDAS- 1 zonal wind 
dataset used to calculate the IRI index. Finally, to account for anthropogenic effects, we 
selected the smoothed Global Mean Temperature (GMT), following the methodology used 
in previous studies (Hawkins et al. 2020; Hyun et al. 2020; Ying et al. 2022; Anderson et al. 
2023). Anderson et al. (2023) justify the use of GMT over a regional temperature average 
to represent the forced component, as GMT is less likely to contain unforced local “noise”. 
This ``noise’’ is captured by othe natural variability terms such as the climate variability 
modes mentioned before. However, instead of using climate model data for this component, 
as done by Anderson et al. (2023), we based our analysis on observed data from surface or 
satellite sources, without incorporating any climate model data. In our case, we used the 
GISS Surface Temperature Analysis (GISTEMP v4; GISTEMP Team 2024; Lenssen et al. 
2019) dataset for this representation. As in McKinnon and Deser (2021) and Anderson et 
al. (2023), the anthropogenic forcing (Ft) was smoothed using a 1/10-year low-pass fil-
tered version of the SST time series. Additionally, the PDO was orthogonalized with respect 
to ENSO, due to their relatively strong intercorrelation, and it is referred to as PDOperp 
hereinafter.

3  Methods

3.1  Calculation of climatological and extreme indices

Model and observed daily data were used to calculate the following indices:

(a)	 Extreme event indices: A total of 10 precipitation indices (Table S2 of the Supplementary 
Information) to characterize extreme events were calculated for each grid point defining 
the clusters shown in Fig. 1, as described in Aguilar et al. (2005). These indices are also 
part of the CLIMDEX project (https://www.climdex.org) and are included in Climpact 
(​h​t​t​p​s​:​​/​/​g​i​t​​h​u​b​.​c​o​​m​/​A​R​​C​C​S​S​-​​e​x​t​r​e​​m​e​s​/​c​l​​i​m​p​a​​c​t​/​b​l​​o​b​/​m​a​​s​t​e​r​/​w​​w​w​/​u​​s​e​r​_​g​​u​i​d​e​/​​C​l​i​m​p​
a​​c​t​_​u​​s​e​r​_​g​u​i​d​e​.​m​d​#​a​p​p​e​n​d​i​x​a) indices, which will be merged into CLIMDEX ​(​N​a​k​a​e​
g​a​w​a and Murazaki 2022). Similarly, 11 extreme temperature indices (Table S3 of the 
Supplementary Information) were computed using Tx and Tn data.

(b)	 Annual indices: We used annual averages of P, temperature (T), potential evapotrans-
piration (PET)—calculated using Thornthwaite (1948)—and the aridity index (ϕ), 
defined as the yearly ratio of water supply (P) to water demand (PET) as:

	
ϕ = P

PET
� (1)
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	 Therefore, a smaller ϕ is associated with higher aridity.
(c)	 Seasonal indices: We also studied seasonal precipitation during the boreal seasons: 

December-January–February precipitation (PDJF), March–April-May precipitation 
(PMAM), June-July–August precipitation (PJJA) and September–October-November 
precipitation (PSON). While a large part of the Pacific slope is characterized by a well-
defined dry season and Mid-Summer Drought (Magaña et al. 1999; Garcia-Franco et al. 
2022), other type of “tropical seasons” may be more suitable. However, we chose not to 
use them because they do not align with the climatology of subregions in the Caribbean 
slope.

A total of 29 variables (10 extreme precipitation indices, 11 extreme temperature indices, 4 
annual series and 4 seasonal series) for the historical period were prepared for the analysis 
limited by the period of observations (1983–2016), but for the hybrid method the period of 
1979–2019 was used. Regarding the “noise” representing natural climate variability, the 
same 29 variables were calculated, but the periods varied according to the two methods for 
computing climate variability noise, which will be explained later. The possible 34-years 

Fig. 1  Hierarchical clusters using data derived from the CLIMDEX extreme indices for precipitation and 
temperature (tables S2 and S3 of the Supplementary Information), and annual averages of precipitation 
(P), 2-m temperature (T), potential evaporation (PET) and the ϕ aridity index (defined as P/PET). The 
cluster for Darien (DA) was not analyzed in following sections due to its small area that has limited me-
teorological observations because of its inaccessibility. The data covers the period from 1983 to 2016. The 
identified clusters are: Belize-Yucatan-Peten (BYP), West-Central Honduras (WCH), Southern Central 
America (SCA), Central Caribbean slope (CCS), North Pacific (NP) and Darien (DA)
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trends for the 29 variables of all standardized simulations and observations were computed 
in all models runs and synthetic simulations.

3.2  Cluster analysis

A hierarchical cluster analysis (Wilks 2019) was performed using a set of all standardized 
time series for the extreme variables from the CHIRPs and CHIRTs data, alongside annual P, 
T, PET and ϕ over the 1983–2016 period. Several cutoff levels were tested until the data was 
successfully divided in 5 regular size clusters: Belize-Yucatan-Peten (BYP), West-Central 
Honduras (WCH), Southern Central America (SCA), Central Caribbean slope (CCS), North 
Pacific (NP) and a smaller one that represented a small area in the Darien subregion (DA; 
Fig. 1). However, because the Central American portion of this latter cluster is very small 
and located in a region with low observational confidence due to the absence of meteoro-
logical stations in the inhospitable Darien jungle, no analysis is presented on that cluster.

The signal trend is calculated from the standardized versions of the variables using linear 
regression, and it is represented by the dots in Fig. 2. The noise (shown as bars) is deter-
mined by the distances between the mean (which is approximately zero in all cases) of the 
trend distribution and the 97.5—2.5 percentiles of the same distribution. These bars are 
centered on each dot to account for two-tail bounds as the sign of the trend is not known 
a-priori. This is why the bars are centered over the dots. If the bars do not cross the zero line, 
it indicates a detectable trend in that variable, and vice versa. This is equivalent to plotting 
the confidence intervals of the noise trend distribution, which are centered on the x-axis 
and the signal; with the signal being closer to one of the bounds depending on its sign. In 
that case, the decision regarding detection would rely on whether the signal falls within the 
spread of the confidence interval. However, because the spreads (standard deviations) of 
each variable are different, we would have to adjust the confidence interval limits for each 
variable, which would make the figure more difficult to interpret. The current approach 
simplifies the interpretation of the figure by allowing for a quick assessment on whether the 
bars cross or not the x axis.

3.3  Defining the underlying climate variability noise

Two methods were used for defining internal climate variability:

a)	 Preindustrial control runs (piCONTROL): Only climate model data were included in 
this analysis. These models represent downscaled climate model simulations with pre-
industrial (1850) greenhouse gas levels fixed. Data is available for each model over a 
500-year period. For the 10 models listed in Table S1, the distribution of the possible 
466 34-year trends (corresponding to the 1983 to 2016 length) constitutes the noise for 
each model. The 466 34-year trends that make up the noise distributionare calculated by 
starting at model year 1 and ending at model year 34, then moving one year forward to 
calculate the trend from model year 2 to model year 35, and continuing this proces until 
the last trend is computed from model year 467 to model year 500. Note that, due to data 
availability, for each downscaled GCM we just have one ensemble member, which may 
lead to an underestimation of the internal climate variability for that model.

1 3
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b)	 Synthetic generation using climate modes (McKinnon and Deser 2021; Anderson et al. 
2023): Only surface observations and satellite data were used in this method of syn-
thetic generation. We adopt the Observational Large Ensemble (OLEns) method origi-
nally developed by McKinnon et al. (2017). Using historical observations as the base 
for a statistical model, the OLEns preserves characteristics of regional climate that gen-
eral circulation models may not represent and provides a complement to large ensemble 
climate models for evaluating internal variability (McKinnon and Deser 2018, 2021; 
McKinnon et al. 2017). This method assumes that the teleconnection patterns and vari-
ability are stationary throughout the whole record. For our application, the procedure 
starts by fitting a multiple linear regression model for each variable of interest (see 
McKinnon and Deser (2021) and Anderson et al. (2023)):

Fig. 2  Results of detection and attribution analysis for the Southern Central America cluster (SCA; 
see Fig. 1). The analysis was performed for precipitation (top panel) and temperature (middle panel) 
CLIMDEX extreme indices (definitions in tables S2 and S3 in the Supplementary Information). Also 
shown in the bottom panel are the analysis for the annual averages of precipitation (P), 2-m temperature 
(T), potential evapotranspiration (PET) and the ϕ aridity index (defined as P/PET). The four rightmost 
variables in the bottom panel display the trends of the boreal seasonal precipitation averages. Blue dots 
represent trends in each standardized variables from a historical run involving an ensemble of 10 models, 
while the blue confidence intervals are constructed based on the ensemble noise derived from the respec-
tive preindustrial control runs. Green dots represent trends based on W5E5 data, with their confidence 
intervals computed using the synthetic generation described by McKinnon and Deser (2021). Red dots 
represent trends from the CHIRPs and CHIRTs “observations” (Funk et al. 2015), with the noise levels 
matching the green methodology. Trends that can (cannot) be detected from the natural variability noise 
are shown with solid (dotted lines), according to the different methods applied. The trends correspond to 
the period 1983–2016 for the blue and red analysis, and from 1979 to 2019 for the green analysis
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	 Y i,t = βi
o + βi

1Niño3.4t + βi
2CLLJ t + βi

3PDOperpt + βi
4Ftt + ∈i,t� (2)

Where:
Y i,t: Each of the 29 variables mentioned in Section 3.1 for cluster i and t corresponds to 

the years from 1983 to 2016. 
βi

k: Each of the k regression coefficients to be fitted, where k= 0,1,..4 for cluster i.
Niño3.4t, CLLJt, PDOperpt: each of the climate modes defined in the Data section aver-

aged annually for the extreme’s indices and the annual indices; and averaged over the 
respective season for the precipitation seasonal indices. 

Ftt: Anthropogenic forcing representation indexed as low-pass GMT index as explained 
in the Data section. The time averaging procedure is the same as with the climate modes. 
ϵi,t: Remaining internal variability noise from the regression.
All regressions were fitted over the 1983 to 2016 period, except for the PDJF that was 

fitted over the period 1984 to 2016 because the DJF season combines two consecutive years. 
Visual inspection of their histograms revealed that most were normally distributed, except 
for five precipitation indices across different clusters: R10 mm (BYP cluster), R20 mm (CCS 
cluster), CDD (WCH cluster), CWD (NP cluster) and R95p (SCA cluster), this indicates a 
limitation in the interpretation of the results for those variables and clusters. Visual inspec-
tion of the residuals did not show any appreciable trend or traces of heteroskedasticity.

The choice of predictors is limited by the length of our data records. While there is some 
evidence that the Atlantic Multidecadal Oscillation (Enfield et al. 2001) and TNA (Enfield 
et al. 1999) influence Central American climate, both are dominated by a monotonic trend 
from 1983–2016 that cannot be statistically distinguished from Ft. As a result, it is possible 
that the model underestimates multi-decadal variability, that would instead be captured in 
the regression coefficient for Ft. The incorporation of the Atlantic predictors can overesti-
mate the multidecadal influence (Figures S1 and S2). Also, the Atlantic/Caribbean coeffi-
cients were generally smaller as the ones for ENSO and PDO when estimated using a longer 
record of monthly data (T. Anderson, personal communication), giving us confidence that 
leaving out the Atlantic influence in Eq. 2 would not represent a major omission.

Similar to McKinnon and Deser (2021) and Anderson et al. (2023), 1000 synthetic 
simulations from 1900 to 2022 of the climate modes Niño3.4t, CLLJt and PDOperpt were 
produced using an Iterative Amplitude Adjusted Fourier Transform (IAAFT) method that 
retains the original amplitude distributions and power spectra (Schreiber and Schmitz 1996). 
The IAAFT method does not preserve correlations or coherences between modes, which 
were generally not found to be meaningful in McKinnon and Deser (2021) and Anderson 
et al. (2023) once the PDO is orthogonalized with respect to ENSO. The synthetic residual 
noise ϵi,t fields are generated through a block-bootstrapping approach, where the fields are 
resampled with replacement using a multiyear block size following Wilks (1997), allow-
ing the OLEns to maintain a similar temporal autocorrelation to the original data. Follow-
ing McKinnon and Deser (2021), we use the 97 th percentile of all estimated block sizes 
for calculations to preserve the spatial correlation structure of the data; the block sizes in 
our study are 4 years. The synthetic climate mode time series and residual fields are then 
linearly combined using the fitted βi

k s of Eq. 2 to produce pseudo-climate histories of the 
original climate variables from 1900 to 2022. Note that the bootstrapped epsilon values are 
from the residuals estimated using a much shorter time series (e.g. 1983–2016 for the daily 
values). Our full OLEns repeat this process 1,000 times. Note that in Eq. 2 the Ft is used to 
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take into consideration the forced component and not affecting the other natural modes, in 
the synthetic generation of the variables, the Ft term is not included, because the noise is 
desired to contain only the natural variability. Therefore, there are 89,000 trends of 34-years 
to constitute the noise using this procedure.

4  Results

Figure 1 shows the results of the cluster analysis of the annual CLIMDEX extreme indices 
variables constructed from daily P, Tx and Tn data (Tables S2 and S3 of the Supplementary 
Information), and annual averages of P, T, PET and the ϕ aridity index from 1983 to 2016. 
Standardized versions of all those variables were included in the clustering algorithm to 
identify different subregions. While Central America features a spatial and seasonal precipi-
tation regionalization mentioned in other clustering studies (Alfaro and Cid 1999; Alfaro 
and Soley 2001; Guillén-Oviedo et al. 2020; Maldonado et al. 2021; Alfaro-Cordoba et 
al. 2024) and by weather type analysis (Saenz et al. 2023; 2024) that basically responds to 
the differing ENSO influence on the Pacific and Caribbean slopes, the division presented 
here does not necessarily resemble the results of those previous studies. Instead, this study 
reveals additional clusters and regions that represent smaller-scale processes affecting a 
broader range of extreme events and annual variables. For a depiction of the seasonal cycles 
of precipitation and temperature in the clusters and a discussion, see Figures S3 and S4 of 
the Supplementary Information.

In Fig. 2, we present the detection and attribution of the SCA cluster as an example. 
Results for the other clusters can be found in Figs. 3 and 4 and S5 to S6, and the fitting 
coefficients of Eq. 2 are provided in Table S4 of the Supplementary Information. When 
interpreting these figures, the following aspects should be considered:

a)	 The blue colors represent the analyses of historical (signal) data and the piCONTROL 
(noise) runs from the ensemble of the 10 ISIMIP3 models listed in Table S1. This part 
of the analysis is entirely based on GCM data. The green colors indicate the signal from 
W5E5 dataset, with the noise computed using the synthetic method. Finally, the red 
colors represent the combination of the trends from observed CHIRPs and CHIRTs, 
white noise being the same as the one used in the green analysis. It is important to note 
that this part of the analysis does not include model data.

b)	 The x axis shows the variable names, while the y axis shows the trends of the standard-
ized variables using the three alternative methodologies for calculating the signals and 
noises.

c)	 The dot symbols represent the standardized trends for all the variables computed from 
the P, Tx and Tn data during the historical (1983–2016) period (1979–2019 for the 
green analysis). This includes the ensemble of the 10 CMIP6/ISIMIP GCMs from the 
historical run (blue color), the W5E5 data (green colors) and the trends derived from 
CHIRPs and CHIRTs data (red color).

d)	 The bars, centered on the dots, represent the 95% confidence intervals of the trends 
derived from the noise computed using the three different signal/noise methods. This 
approach ensures that all methods convey the same message: if the bars intersect the 
zero line, it indicates that, at the 95% confidence level, the trend of that variable can be 
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attributed to natural variability (illustrated with a dashed line). Conversely, if the lines 
do not cross the zero line (represented with solid lines), there is a 95% confidence that 
the trend cannot be explained solely by natural variability. However, in the context of 
multiple hypothesis testing, there is always the possibility of encountering false discov-
ery rates due to chance. Therefore, it is essential to control for the false discovery rate 
(FDR), that provides a smaller cutoff value to the probabilities above which “discover-
ies” can be really found. We implemented this control on the results for all clusters in 
Table 1.

When at least one of the methods detected climate change, we considered that there is a 
possible detection. If all three methods show no detection, then no detection is confirmed. 
The detection is based on the 1983–2016 (1979–2019 for the green analysis) mean estimate 
of the trend (as indicated by the dots in the graph), as well as the width of the bars. Since 
each method yields similar bar length, the differences generally reflect variations in the 
trend estimates of the signals. The results of the detection analysis is presented in Table 1. A 
control for FDR at the 0.05 level was included in these results. This means that, on average, 
no more than 5% of the climate change detections would be false across all 290 hypothesis 
tests conducted.

There is a consistent lack of detection across the three methodologies regarding precipi-
tation extreme indices in South Central America (SCA), and for the variables P, PDJF, PJJA, 
and PSON. No detection was found also for variables CWD and PSON in BYP, as well as 

Fig. 3  Same as in Fig. 2 but for the BYP cluster
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RX1 day, RX5 day, R95p, R99p, CWD, PSON and PJJA in cluster NP. In the WCH cluster 
no detection occurred for RX5 day, CWD, R95p, R99p, PDJF, PMAM, and PSON. The CCS 
cluster showed no detection for variables R20 mm, CWD, R95p, PDJF, PMAM, and PSON, 
and possible detection generally toward drier and warmer environments were detected in 
the rest of the variables in at least one of the methodologies. The human fingerprint toward 
warmer and drier environments is evident in T, PET, and TN90p in all clusters. This find-
ing is the most consistent signal among all methodologies. Notably, the detection of drier 
conditions in annual and seasonal precipitation was mainly observed in northern Caribbean 
clusters. It should be noted that the residuals for some clusters were previously identified as 
not being normally distributed. This suggests limitations in interpretating results from both 
the hybrid methodology and the observation-based method.

5  Discussion and conclusions

We investigated the detection and attribution of various climate variables related to tem-
perature, precipitation and drought extremes in Central America, which is a prominent 
hotspot for climate change (Giorgi 2006). The aim of our study was to determine whether 
the observed changes can be attributed to anthropogenic climate change or if they fall within 
the range of internal climate variability. Weather and climate extremes are known to be 
heavily influenced by multiple drivers and teleconnections over different timescales.

Fig. 4  Same as in Fig. 2 but for the CCS cluster
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Of the three methods used to combine the signal with the range of the internal climate 
variability (GCMs, hybrid and observation-based synthetic reconstruction), the model-
based method produced a less conservative outcome, resulting in more detection cases. 
This was primarily becasue the signal derived from the piCONTROL demonstrated stronger 
trends compared to the weaker trends observed using W5E5 and CHIR data combined with 
synthetic noise. Although the GCM-average trends (blue dots) and observed trends (green 
and red dots) are viewed equivalently, it is important to note that the the green and red analy-
ses contain a greater contribution from internal variability. The difference between models 
and observations could be due to model overpredicting the forced response or the observa-
tions reflecting sampled internal variability that resulted in smaller trends. It should also 
noted that the period chosen for the green analysis (1979–2019) does not include the most 
recent years, which featured significant warming (​h​t​t​p​s​:​​/​/​w​m​o​​.​i​n​t​/​n​​e​w​s​/​​m​e​d​i​a​​-​c​e​n​t​​r​e​/​c​l​i​​m​a​
t​e​​-​c​h​a​n​​g​e​-​i​n​​d​i​c​a​t​o​​r​s​-​r​​e​a​c​h​e​​d​-​r​e​c​​o​r​d​-​l​e​​v​e​l​s​​-​2​0​2​3​-​w​m​o). Nonetheless, our analysis indicate 
a possible detection of climate change derived from model data, and to a lesser extent from 
the other methods, particularly concerning temperature extreme indices and precipitation in 
the northern Caribbean clusters.

The subregions identified through cluster analysis in the northern part of our study region 
show possible changes toward lower precipitation extremes, alongside overall annual reduc-
tions. This finding agrees with previous research suggesting a drier future for this subregion 
(Hidalgo et al. 2013, 2017). Northern drying in Central America has been linked to both 
current and future mechanisms, such as a southern shift of the Intertropical Convergence 
Zone (Rauscher et al. 2008; Hidalgo et al. 2017).

It is evident that warming has led to detectable temperature extremes throughout the 
region, which could have profound impacts on human lives and environmental systems. It 
is concerning that areas characterized by higher climatological dryness, warmth and arid-
ity—especially in the CADC—are reporting changes toward greater aridity beyond what is 
expected from natural climate variability alone. Longer warm spells may adversely affect 
human health, biodiversity, agriculture, energy production, and various other sectors. Detec-
tion of precipitation-related trends were generally found in the northern clusters, which is 
consistent with findings by Pascale et al. (2021 regarding the difficulty of detecting precipi-
tation trends in Central America.

Overall, our results show that all clusters experienced possible positive detection in 
annual temperature, potential evapotranspiration, and aridity across most temperature 
extreme variables, while trend detections for extreme, annual and seasonal precipitation 
were mostly limited to northern clusters. Positive detection of annual temperature for all 
clusters and of annual potential evapotranspiration in all clusters are consistent with the 
strong and widespread trends reported in other studies using both station and gridded data 
(Hidalgo et al. 2017; 2019; Alfaro-Córdoba et al. 2020). The potential evapotranspiration, 
computed using the Thornthwaite formula, is highly sensitive to temperature, which likely 
drives the potential detection of this variable, and to a lesser extent, of the aridity index ϕ. 
In the CADC, the increase in aridity could have significant social impacts on an already 
vulnerable subregion.

Since there may already be an anthropogenic signal affecting climate extremes is Central 
America– particularly concerning warming and drying trends in northern clusters—further 
research should focus on these subregions, to assess potential impacts on human and envi-
ronmental systems comprehensively. Additionally, a more detailed exploration of issues 
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related to aridity and drought is needed, including studies to identify the most suitable index 
for aridity that encompasses the true implications for vegetation and surface water resources 
limitations.
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Section 1. Tables of the models used in the study and on the definition of extreme indices of 
precipitation and temperature calculated from daily precipitation, maximum and minimum data.  
 
Table S1. CMIP6 General Circulation Models (CGMs) used in this analysis. 

ID Model Climate Center Run Native resolution 

1 GFDL-ESM4 Geophysical Fluid 
Dynamics Laboratory 
(GFDL) 

r1i1p1f1 lonlat 
(288x180) 
  

2 IPSL-CM6A-LR Institut Pierre-Simon 
Laplace (IPSL) 

r1i1p1f1 lonlat 
(144x143) 

3 MPI-ESM1-2-HR Max Planck Institute 
for Meteorology 
(MPI-M) 

r1i1p1f1 gaussian 
(384x192) 

4 MRI-ESM2-0 Meteorological 
Research Institute 
(MRI) 

r1i1p1f1 gaussian 
(320x160) 
  

5 UKESM1-0-LL UK Earth System 
Modelling 

r1i1p1f2 lonlat 
(192x144) 

6 CanESM5 Canadian Centre for 
Climate Modelling 
and Analysis 
(CCCMA) 

r1i1p1f1 gaussian 
(128x64) 

7 CNRM-CM6-1 Centre National de 
Recherches 
Meteorologiques / 
Centre 3 Europeen de 
Recherche et 
Formation Avancees 
en Calcul 
Scientifique (CNRM) 

r1i1p1f2 gaussian 
(256x128) 

8 CNRM-ESM2-1 CNRM r1i1p1f2 gaussian 
(256x128) 
  

9 EC-Earth3 EC-EARTH 
consortium 

r1i1p1f1 gaussian 
(512x256) 



10 MIROC6 Atmosphere and 
Ocean Research 
Institute (The 
University of 3 
Tokyo), National 
Institute for 
Environmental 
Studies, and Japan 
Agency for Marine-
Earth Science and 
Technology. 
(MIROC) 

r1i1p1f1 gaussian 
(256x128) 

 
Table S2.  List of precipitation indices from CLIMDEX. RR=rainfall rate. 
 

ID Name Indicator name Definition Units 
1 RX1day max 1-day 

precipitation 
amount 

annual maximum 
1-day precipitation 

mm 

2 RX5day max 5-day 
precipitation 
amount 

annual maximum 
5-day precipitation 

mm 

3 SDII simple daily 
intensity index 

annual total 
precipitation 
divided by the 
number of wet 
days in the year 

mm/day 

4 R10mm number of heavy 
precipitation days 

annual count of 
days when 
precipitation ≥ 
10mm 

days 

5 R20mm number of very 
heavy precipitation 
days 

annual count of 
days when 
precipitation ≥ 
20mm 

days 

6 CDD consecutive dry 
days & maximum 
number of 
consecutive days 
with daily rainfall   

maximum number 
of consecutive 
days with daily 
rainfall  < 1mm 

days 

7 CWD consecutive wet 
days   

maximum number 
of consecutive 
days with daily 
rainfall ≥ 1mm 

days 

8 R95p very wet days annual total PRCP 
when RR > 95th 
percentile 

mm 

9 R99p extremely wet 
days 

annual total PRCP 
when RR > 99th 
percentile 

mm 



10 PRCPTOT annual total wet-
day precipitation 

annual total PRCP 
in wet days (RR  ≥ 
1mm) 

mm 

 

 Table S3.  List of temperature indices from CLIMDEX.  
 

ID Name Indicator name Definition Units 
1 TXx max Tmax annual maximum 

value of daily 
maximum 
temperature 

oC 

2 TNx max Tmin annual maximum 
value of daily 
minimum temp 

oC 

3 TXn min Tmax annual minimum 
value of daily 
maximum 
temperature 

oC 

4 TNn min Tmin annual minimum 
value of daily 
minimum temp 

oC 

5 TN10p cool nights percentage of days 
when TN < 10th 
percentile 

% days 

6 TN90p warm nights percentage of days 
when TN >  90th 
percentile 

% days 

7 TX10p cool days percentage of days 
when TX < 10th 
percentile 

% days 

8 TX90p warm days percentage of days 
when TX >  90th 

percentile 

% days 

9 WSDI warm spell 
duration indicator 

annual count of 
days with at least 6 
consecutive days 
when TX > 90th 
percentile 

% days 

10 CSDI cold spell duration 
indicator 

annual count of 
days with at least 6 
consecutive days 
when TN < 10th 
percentile 

% days 

11 DTR diurnal 
temperature range 

annual mean 
difference between 
TX and TN 

oC 

 

 
 
Section 2. Examples of the effect on the December-January-February (DJF) precipitation noise traces 
by fitting equation 3 with  different types of Atlantic/Caribbean predictors. 



Figure S1. Standardized December-January-February precipitation (PDJF) example traces  for three versions 
of fitting Eq. 3 using Atlantic Multidecadal Oscillation (AMO) (top), Tropical North Atlantic (TNA index) 
(middle) and a composite index of the difference between standardized versions of the TNA minus niño3.4 
datasets. For each of these ways to fit the Eq. 3, 1000 traces of the noise were generated synthetically. Time 
series shown for the SCP cluster.  
  



Figure S2. Same as Fig. S1, but for the wavelet power spectrum according to Torrence and Compo (1998). The 
mother wavelet is Morlet, dt=1, pad=1, dj=0.25, s0=2*dt, j1=7/dj, lag1=0.72.  The dark thick lines represent 
places in the spectrum that are significantly above the red-noise background. The cone of influence below plots 
(a), (c), and (e) represents frequencies of signals that are by the boundaries of the plot and should be interpreted 
with caution. The plots on the right represent the global spectrum as an integration of the data for all the times.  



 
Section 3. Precipitation and temperature climatologies of the clusters of Fig. 1. 

 
Figure S3. Seasonal cycles of precipitation for the clusters defined in Fig.1. 
 
 

 
Figure S4. Seasonal cycles of temperature for the clusters defined in Fig.1. 

 
 
Cluster BYP is similar to WCH in terms of the relative seasonal cycle of precipitation distribution throughout 
the year, but BYP has more absolute monthly accumulations.during the wet season. BYP is a region where 



multiple tropical cyclones from the Caribbean make landfall (more than in WCH) and that may explain a 
difference in the distribution of extreme precipitation that ultimately is reflected in monthly accumulations. 
CCS has the wettest month and a remarkable distribution that stands out from the rest (clearly a Caribbean 
slope type of distribution). NP is the only one with a clear dry season (although other regions may have dry 
seasons but are averaged with other regions that present significant rainfall from December to March).  SCA 
has an earlier start of the rainy season of all distributions.  
 
Temperature-wise, BYP, CCS and SCA showed the highest temperatures, WCH is moderate  and NP is the 
coldest  region. The combination of very hot-wet versus moderate temp-rain may also explain the difference 
between cluster BYP and WCH. 
 
  



Section 4. Table of statistics related to the fit of equation 3.  
 
Table S4. Fitting parameters for Eq. 3. See definitions of the variables in tables S2 and S3 and definition of the 
clusters in Fig. 1.  

Variable Cluster 𝛽0 

(inter.) 
𝛽1 

(Niño3.4) 
𝛽2 

(CLLJ) 
𝛽3 

(PDOperp) 
𝛽4 

(Ft) r2 

RX1day 

SCA -1.36 0.69 -0.03 -0.03 2.75 0.51 

BYP -1.11 0.55 -0.15 -0.15 2.52 0.38 

NP -0.65 0.23 0.15 0.15 1.14 0.22 

WCH -0.78 -0.07 0.31 0.31 1.49 0.17 

CCS 1.25 -0.32 -0.50 -0.50 -2.35 0.62 

RX5day 

SCA -0.12 0.69 0.48 0.48 0.02 0.50 

BYP 0.80 -0.36 -0.19 -0.19 -1.44 0.32 

NP -0.83 0.10 -0.07 -0.07 1.69 0.11 

WCH 0.85 -0.01 -0.74 -0.74 -1.55 0.47 

CCS -1.86 0.52 0.29 0.29 3.78 0.81 

SDII 

SCA -1.15 0.36 0.45 0.45 2.25 0.50 

BYP -2.09 0.36 -0.14 -0.14 4.32 0.67 

NP 1.25 -0.76 0.18 0.18 -2.58 0.45 

WCH -1.32 0.50 0.35 0.35 2.72 0.58 

CCS 1.29 -0.50 -0.18 -0.18 -2.53 0.48 

R10mm 

SCA 1.07 -0.79 -0.22 -0.22 -2.04 0.64 

BYP -0.63 -0.08 -0.12 -0.12 1.29 0.07 

NP -1.82 0.66 -0.41 -0.41 3.88 0.59 

WCH 0.59 -0.40 -0.47 -0.47 -0.95 0.43 



CCS -1.73 0.70 -0.43 -0.43 3.75 0.56 

R20mm 

SCA -1.36 0.66 0.27 0.27 2.76 0.65 

BYP 0.75 -0.37 -0.19 -0.19 -1.34 0.30 

NP 1.37 -0.62 -0.16 -0.16 -2.62 0.65 

WCH -1.73 0.55 -0.17 -0.17 3.61 0.53 

CCS -1.41 0.10 -0.17 -0.17 3.08 0.27 

CDD 

SCA 0.53 -0.75 -0.58 -0.58 -0.84 0.73 

BYP -1.19 0.18 -0.36 -0.36 2.34 0.40 

NP -2.11 0.59 -0.05 -0.05 4.33 0.81 

WCH -0.73 0.03 -0.06 -0.06 1.47 0.09 

CCS 1.24 -0.51 -0.17 -0.17 -2.44 0.46 

CWD 

SCA -1.05 0.90 0.26 0.26 2.10 0.73 

BYP -0.64 0.65 -0.55 -0.55 1.60 0.29 

NP -1.55 -0.04 -0.17 -0.17 3.31 0.30 

WCH 0.54 -0.41 -0.47 -0.47 -0.86 0.41 

CCS 0.95 0.10 -0.91 -0.91 -1.63 0.69 

R95p 

SCA -1.56 -0.02 -0.03 -0.03 3.36 0.32 

BYP -1.67 0.52 -0.19 -0.19 3.45 0.50 

NP 1.33 -0.63 -0.16 -0.16 -2.55 0.64 

WCH 0.21 0.53 -0.63 -0.63 -0.41 0.21 

CCS -1.07 0.47 -0.49 -0.49 2.37 0.24 

R99p SCA 0.50 -0.75 -0.57 -0.57 -0.78 0.71 



BYP -0.43 0.78 0.20 0.20 0.63 0.49 

NP -0.71 0.01 0.28 0.28 1.24 0.25 

WCH -1.18 0.20 0.00 0.00 2.54 0.22 

CCS -0.99 0.67 -0.31 -0.31 2.16 0.29 

PRCPTOT 

SCA 1.21 0.45 0.53 0.53 -2.69 0.43 

BYP -1.07 0.24 0.43 0.43 2.06 0.40 

NP -0.79 0.86 -0.11 -0.11 1.67 0.40 

WCH -1.07 0.68 -0.53 -0.53 2.38 0.32 

CCS -0.51 0.43 0.05 0.05 0.82 0.29 

TXx 

SCA -0.52 -0.30 -0.95 -0.95 1.34 0.62 

BYP -0.82 0.05 0.51 0.51 1.40 0.42 

NP -0.72 -0.73 -0.57 -0.57 1.68 0.58 

WCH 0.14 0.00 -0.22 -0.22 -0.19 0.04 

CCS -0.52 -0.25 0.09 0.09 1.03 0.06 

TNx 

SCA -0.46 -0.12 0.52 0.52 0.77 0.19 

BYP -1.32 -0.33 0.05 0.05 2.66 0.29 

NP -0.59 -0.66 -0.68 -0.68 1.42 0.62 

WCH 0.18 -0.23 -0.85 -0.85 -0.16 0.53 

CCS -0.16 -0.21 -0.22 -0.22 0.45 0.07 

TXn 

SCA 0.69 -0.18 -0.16 -0.16 -1.33 0.13 

BYP -0.96 -0.28 0.03 0.03 1.95 0.16 

NP -0.15 0.02 0.02 0.02 0.26 0.01 



WCH 0.11 -0.10 -0.74 -0.74 -0.07 0.34 

CCS 1.16 -0.03 -0.53 -0.53 -2.19 0.44 

TNn 

SCA -0.56 -0.17 -0.94 -0.94 1.40 0.54 

BYP -0.14 -0.52 -0.26 -0.26 0.42 0.21 

NP 0.20 -0.62 -0.59 -0.59 -0.17 0.55 

WCH -0.23 -0.12 0.61 0.61 0.23 0.22 

CCS 0.96 -0.01 -0.49 -0.49 -1.78 0.36 

TN10p 

SCA -0.54 -0.10 -0.89 -0.89 1.33 0.46 

BYP -0.44 -0.49 -0.28 -0.28 1.04 0.21 

NP -0.64 -0.38 -0.76 -0.76 1.52 0.50 

WCH -0.09 0.12 -0.72 -0.72 0.41 0.24 

CCS -0.16 0.50 -0.36 -0.36 0.40 0.09 

TN90p 

SCA -0.57 -0.23 -1.06 -1.06 1.48 0.70 

BYP -0.27 0.11 -0.11 -0.11 0.41 0.11 

NP -0.68 -0.21 -0.78 -0.78 1.63 0.42 

WCH -0.21 -0.04 -0.67 -0.67 0.58 0.25 

CCS 1.38 0.59 -0.41 -0.41 -2.75 0.40 

TX10p 

SCA -1.39 0.06 -0.44 -0.44 3.07 0.29 

BYP 0.16 -0.68 -0.25 -0.25 -0.10 0.37 

NP -0.77 -0.64 -0.69 -0.69 1.82 0.62 

WCH -0.25 -0.06 -0.41 -0.41 0.50 0.15 

CCS 0.17 -0.24 -0.13 -0.13 -0.28 0.06 



TX90p 

SCA -0.56 0.36 -0.66 -0.66 1.44 0.23 

BYP -0.64 -0.44 0.06 0.06 1.28 0.12 

NP -0.96 -0.11 -0.82 -0.82 2.22 0.44 

WCH -0.19 -0.25 -0.83 -0.83 0.58 0.48 

CCS -0.25 -0.45 0.05 0.05 0.46 0.10 

WSDI 

SCA -0.38 0.31 0.09 0.09 0.63 0.14 

BYP -0.85 -0.20 0.14 0.14 1.61 0.19 

NP -1.04 -0.12 -0.76 -0.76 2.32 0.42 

WCH -0.54 -0.07 -0.68 -0.68 1.29 0.27 

CCS 0.61 -0.19 -0.41 -0.41 -1.11 0.24 

CSDI 

SCA -0.54 -0.01 -0.18 -0.18 1.12 0.05 

BYP -0.54 -0.59 -0.10 -0.10 1.17 0.19 

NP -0.50 -0.30 -0.75 -0.75 1.24 0.43 

WCH -0.78 0.01 -0.87 -0.87 1.87 0.41 

CCS -0.90 0.09 -0.11 -0.11 1.82 0.14 

DTR 

SCA 0.00 0.11 -0.44 -0.44 -0.01 0.12 

BYP -0.63 -0.34 0.14 0.14 1.17 0.15 

NP -0.26 -0.28 -1.04 -1.04 0.88 0.73 

WCH -0.38 -0.59 -0.65 -0.65 0.90 0.55 

CCS -0.66 0.20 -0.42 -0.42 1.28 0.24 

P 
SCA -0.05 0.04 -0.07 -0.07 -0.08 0.12 

BYP -0.19 0.17 0.35 0.35 0.37 0.14 



NP 0.43 -0.14 0.15 0.15 -0.88 0.04 

WCH -0.09 -0.11 0.17 0.17 0.06 0.04 

CCS 0.95 -0.22 0.08 0.08 -1.93 0.16 

T 

SCA -1.21 0.75 0.38 0.38 2.34 0.76 

BYP -1.39 0.56 0.20 0.20 2.75 0.57 

NP -1.79 0.70 -0.01 -0.01 3.65 0.72 

WCH -1.41 0.43 0.38 0.38 2.79 0.60 

CCS -1.82 0.44 0.32 0.32 3.59 0.80 

PET 

SCA -1.30 0.74 0.36 0.36 2.55 0.77 

BYP -1.61 0.56 0.07 0.07 3.26 0.60 

NP -1.86 0.69 -0.12 -0.12 3.85 0.69 

WCH -1.51 0.48 0.18 0.18 3.07 0.53 

CCS -1.95 0.44 0.21 0.21 3.91 0.79 

ϕ 

SCA 0.48 -0.32 -0.24 -0.24 -1.11 0.26 

BYP 0.27 0.00 0.34 0.34 -0.58 0.08 

NP 0.92 -0.27 0.24 0.24 -1.96 0.14 

WCH 0.34 -0.21 0.10 0.10 -0.82 0.06 

CCS 1.48 -0.34 -0.04 -0.04 -2.98 0.43 

PDJF 

SCA -0.24 0.06 0.15 0.15 0.17 0.04 

BYP 0.39 0.10 -0.13 -0.13 -0.48 0.08 

NP 0.41 0.24 0.15 0.15 -1.05 0.11 

WCH 0.18 0.00 0.07 0.07 -0.49 0.01 



CCS 0.27 0.21 0.29 0.29 -1.05 0.08 

PMAM 

SCA 1.51 0.18 -0.18 -0.18 1.98 0.11 

BYP -1.99 0.34 -0.16 -0.16 2.12 0.27 

NP 1.00 0.64 0.15 0.15 0.15 0.14 

WCH -0.40 0.45 0.07 0.07 0.97 0.14 

CCS 1.76 0.56 0.07 0.07 0.01 0.07 

PJJA 

SCA 0.29 0.30 -0.17 -0.17 -1.21 0.16 

BYP -0.89 0.03 0.13 0.13 -0.25 0.04 

NP -0.57 -0.01 0.00 0.00 -1.96 0.13 

WCH -0.44 -0.12 0.00 0.00 -0.91 0.09 

CCS 0.05 -0.08 -0.07 -0.07 -2.75 0.29 

PSON 

SCA 0.96 -0.32 0.16 0.16 0.49 0.15 

BYP -0.20 0.10 -0.01 -0.01 0.97 0.04 

NP 0.18 -0.34 0.05 0.05 1.13 0.13 

WCH 0.78 -0.38 0.29 0.29 0.85 0.14 

CCS 0.36 -0.33 -0.02 -0.02 0.41 0.13 

 

 

 

 

 

 

 



Section 5. Detection and attribution analysis for selected clusters in Central America. 

 
Fig S5 Results of detection and attribution analysis for the North Pacific cluster (NP; see Fig. 1). The analysis 
was performed for precipitation (top panel) and temperature (middle panel) CLIMDEX extreme indices 
(definitions in tables S2 and S3 in the Supplementary Information). Also shown in the bottom panel are the 
analysis for the annual averages of precipitation (P), 2-m temperature (T), potential evapotranspiration (PET) 
and the ϕ aridity index (defined as P/PET). The four rightmost variables in the bottom panel display the trends 
of the boreal seasonal precipitation averages. Blue dots represent trends in each standardized variables from a 
historical run involving an ensemble of 10 models, while the blue confidence intervals are constructed based 
on the ensemble noise derived from the respective preindustrial control runs. Green dots represent trends based 
on W5E5 data, with their confidence intervals computed using the synthetic generation described by McKinnon 
and Deser (2021).  Red dots represent trends from the CHIRPs and CHIRTs “observations” (Funk et al. 2015), 
with the noise levels matching the green methodology. Trends that can (cannot) be detected from the natural 
variability noise are shown with solid (dotted lines), according to the different methods applied. The trends 
correspond to the period 1983-2016 for the blue and red analysis, and from 1979 to 2019 for the green analysis 



 
Fig. S6 Same as in Fig. S5 but for the WCH cluster. 

 

 



Errata

First sentence in the abstract should be read it as:

“We present an analysis to determine whether historical trends in extreme precipitation and temperature 
indices, as well as in yearly averages of several climate variables, for the Central American region, 
indicate a sufficient climate signal associated with anthropogenic climate change and, therefore, to 
assess whether these trends can be explained solely by natural causes.”

On page 15, there is a “ ) “ missing after in Pascale et al. (2019 .
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