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Abstract

The Central American Dry Corridor experienced five consecutive years of drought from 2015 to 2019. Here, we find that the

severity of this drought was driven primarily by rainfall deficits in July-August. To determine if the magnitude of this event was

outside the range of natural variability, we apply a statistical resampling method to observations that emulates internal climate

variability. Our analyses show that droughts similar to the 2015-2019 event are possible, although extremely rare, even without

anthropogenic influences. Persistent droughts in our ensemble are consistently linked to positive anomalies of the Caribbean

Low-Level Jet. We also examine the effects of temperature on soil moisture during this drought using the Palmer Drought

Severity Index and show that anthropogenic warming increases the likelihood of severe deficits. Multi-year droughts are likely

to worsen by the end of the 21st century due to the compound effects of anthropogenic climate change.
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Abstract15

The Central American Dry Corridor experienced five consecutive years of drought from16

2015 to 2019. Here, we find that the severity of this drought was driven primarily by rain-17

fall deficits in July-August. To determine if the magnitude of this event was outside the18

range of natural variability, we apply a statistical resampling method to observations that19

emulates internal climate variability. Our analyses show that droughts similar to the 2015-20

2019 event are possible, although extremely rare, even without anthropogenic influences.21

Persistent droughts in our ensemble are consistently linked to positive anomalies of the22

Caribbean Low-Level Jet. We also examine the effects of temperature on soil moisture23

during this drought using the Palmer Drought Severity Index and show that anthropogenic24

warming increases the likelihood of severe deficits. Multi-year droughts are likely to worsen25

by the end of the 21st century due to the compound effects of anthropogenic climate change.26

Plain Language Summary27

Climate models project that Central America is one of the global hotspots for fu-28

ture decreases in precipitation as a result of human-caused climate change. This is par-29

ticularly concerning for the Dry Corridor region, which is already prone to frequent droughts30

and high levels of food insecurity among households. Much of this region experienced31

severe rainfall deficits between 2015-2019, provoking the question of whether or not this32

drought was caused by climate change or if it could have occurred because of natural cli-33

mate variability alone. Using a statistical model, we show that while 2015-2019 was the34

driest period in the observational record, droughts as bad as this one are possible even35

without the influence of human-caused climate change. We also examine the additional36

role of temperature since it can modulate drought severity through its influence on soil37

moisture. We find warming temperatures increase the occurrences of greater soil mois-38

ture deficits. We also determine that the strength of the Caribbean Low-Level Jet, which39

transports moisture from the Caribbean Sea into Central America, is strongly associated40

with persistent dry conditions in the region.41

1 Introduction42

Five years of drought affected much of Central America from 2015 to 2019. Such43

multi-year events are a challenge for the millions of households that rely on rainfall for44

subsistence agriculture across the region (Morton, 2007; Hannah et al., 2017). This drought45

was particularly acute in the Central American Dry Corridor (CADC) – a region that46

already receives less rainfall than the rest of Central America and includes agricultural47

areas in Guatemala, El Salvador, Honduras, and Nicaragua (FAO, 2015; Gotlieb et al.,48

2019). Reports from 2018 and 2019 indicate widespread crop losses throughout the CADC49

(UN, 2018; FAO, 2018; WFP, 2019).50

While Central America is among the regions expected to be most exposed to fu-51

ture drying due to anthropogenic climate change (Cook et al., 2020), it is uncertain when52

decreases in rainfall will become detectable beyond the range of natural climate variabil-53

ity (Almazroui et al., 2021). Irrespective of future emissions scenario, models consistently54

project that precipitation in the region will decline by the end of the century in nearly55

all seasons; however, only the high-end SSP5-8.5 scenario suggests significant decreases56

beyond natural variability in the upcoming decades (Almazroui et al., 2021). Due to ob-57

servational and modeling uncertainties, the 2015-2019 drought provokes questions about58

the possible role of anthropogenic climate change and whether the drought was already59

outside the range of natural climate variability (Pascale et al., 2021; Depsky & Pons, 2020).60

Understanding the full range of internal climate variability is therefore critical, as61

it has the potential to cause multidecadal unforced trends and extended dry and wet pe-62

riods even in the absence of human-caused climate change (Deser et al., 2014; Deser, 2020;63
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McKinnon & Deser, 2021). This is known to be true for Central America and the Caribbean,64

which have experienced protracted wet and dry events linked to large-scale modes of ocean-65

atmosphere variability over the last several centuries (Hastenrath & Polzin, 2012; An-66

chukaitis et al., 2015; Jones et al., 2016; Hidalgo et al., 2019). Since limited instrumen-67

tal observations (Giannini et al., 2001; Jones et al., 2016) preclude our ability to fully68

characterize the range of natural variability, initial condition large ensembles are a valu-69

able climate modeling tool (Mankin et al., 2020; Deser, 2020). Using a climate model70

large ensemble approach, Pascale et al. (2021) evaluated the 2015-2019 Central Amer-71

ican drought and recent trend in rainfall to determine possible contributions of anthro-72

pogenic climate change. They concluded that recent trends cannot be attributed to cli-73

mate change, but that the likelihood of drought events like that of 2015-2019 has increased74

due to anthropogenic climate change (Pascale et al., 2021).75

While large ensembles are invaluable tools for characterizing internal variability and76

evaluating future changes (Mankin et al., 2020), general circulation models often suffer77

in their ability to accurately represent regional climate variability (Thompson et al., 2015;78

McKinnon & Deser, 2021). This is particularly true for climate model representations79

of Central American precipitation (Karmalkar et al., 2011; Cavazos et al., 2020; Almazroui80

et al., 2021). For example, CESM1 does not reproduce the Central American Midsum-81

mer Drought (Pascale et al., 2021), an important period of reduced convective activity82

during the rainy season (Magaña et al., 1999).83

As an alternative approach to evaluate the 2015-2019 meteorological drought in the84

CADC, we adopt the Observational Large Ensemble (OLEns) method originally devel-85

oped by McKinnon et al. (2017). Using historical observations as the base for a statis-86

tical model, the OLEns preserves characteristics of regional climate that general circu-87

lation models may be unable to represent and provides a complement to large ensem-88

ble climate models for evaluating internal variability (McKinnon et al., 2017; McKinnon89

& Deser, 2018, 2021). This approach is advantageous since natural variability is one of90

the greatest sources of uncertainty in regional climate projections for the upcoming decades91

(Thompson et al., 2015; Lehner et al., 2020). Similar to Pascale et al. (2021), we focus92

primarily on precipitation due to the observed rainfall deficit during the 2015-2019 pe-93

riod and the role it played in causing meteorological drought. However, we also address94

calls to consider the potential role of anthropogenic warming (Aguilar et al., 2005; Pas-95

cale et al., 2021; Stewart et al., 2021) on this drought through an analysis of the Palmer96

Drought Severity Index (PDSI). PDSI mimics land-atmosphere interactions that allow97

it to serve as an indicator of soil moisture and agricultural drought (van der Schrier et98

al., 2013; Cook et al., 2018).99

2 Methods100

2.1 Observational data101

We use monthly 0.5º Global Precipitation Climatology Centre (GPCC) data from102

1920-2019 (Schneider et al., 2020) to characterize regional precipitation patterns and as103

the base of the OLEns. We select GPCC versus other datasets because of its length and104

more comprehensive station network, albeit still limited in the CADC (Schneider et al.,105

2017; Stewart et al., 2021; Jones et al., 2016). To be consistent with previous studies (Pascale106

et al., 2021), we focus on the drought between 2015-2019, although parts of the CADC107

suffered dry conditions as early as 2014 (CONASAN, 2014; OCHA, 2017). To assess the108

role of temperature in the 2015-2019 drought, we use the monthly self-calibrating 0.5º109

Climatic Research Unit (CRU) Palmer Drought Severity Index (PDSI) from 1940-2019110

(van der Schrier et al., 2013; Barichivich et al., 2022). The PDSI dataset is derived from111

CRU-TS precipitation and temperature data (van der Schrier et al., 2013; Barichivich112

et al., 2022). We limit the GPCC and CRU datasets to 1920-2019 and 1940-2019, respec-113

tively, to avoid changes in variance that are likely artefact of limited observations in the114
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earlier part of each product (Begueŕıa et al., 2016). We subset both datasets to 11-18ºN115

and 93-83ºW and only include areas where >75% of annual rainfall occurs between May-116

October, which is indicative of areas with both a distinct rainy season (Figure 1a) and117

Midsummer Drought (Magaña et al., 1999; Anderson et al., 2019). Our study area ap-118

proximates other delineations of the CADC (Maurer et al., 2017; Anderson et al., 2019;119

Gotlieb et al., 2019; Maurer et al., 2022), and does not include much of the Caribbean120

coast, which is characterized by a different precipitation regime and distinct associations121

to large-scale modes of climate variability (Magaña et al., 1999; Alfaro, 2000; Taylor &122

Alfaro, 2005; Karnauskas & Busalacchi, 2009). Following McKinnon and Deser (2021)123

(herein referred to as MD2021), we transform the GPCC observations with a Box-Cox124

power transform prior to fitting the OLEns model to reduce the influence of outliers and125

to prevent the model from generating negative precipitation amounts (Box & Cox, 1964).126
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Figure 1. 2015-2019 precipitation % anomalies for (a) May-October, (b) May-June, (c) July-

August, and (d) September-October. Study area includes grids where May-October precipitation

is >75% of total annual precipitation. (e) Regionally averaged May-October precipitation based

on % anomalies. (f) Regionally averaged July-August precipitation based on % anomalies.

The El Niño Southern Oscillation (ENSO) and Atlantic Multidecadal Variability127

(AMV) time series used in the OLEns are the same as those used in McKinnon and Deser128

(2018). ENSO is represented by the Niño3.4 Index calculated from the HadISST dataset129
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(Rayner et al., 2003) and the AMV is the average North Atlantic sea surface temper-130

atures (SSTs) from 0-80ºN from the Kaplan SST dataset (Kaplan et al., 1998). The NCEI131

Pacific Decadal Oscillation (PDO) index is used, as it spans the full time period for in132

this analysis (Mantua & Hare, 2002; Huang et al., 2017). Due to the correlation between133

ENSO and the PDO, we follow MD2021 and orthogonalize the PDO index to the ENSO134

index for statistical independence. The Caribbean Low Level Jet (CLLJ) is defined as135

average 925 millibar winds over 12.5-17.5ºN and 80-70ºW (Wang, 2007). In order to gen-136

erate a time series that matches the length of the GPCC data, we combine two datasets:137

NOAA/CIRES/DOE 20th Century Reanalysis (V3) from 1920-1948 with latitudes 12-138

18ºN based on the pre-defined coordinates and the IRI CLLJ Index from 1949-2019, which139

is based on NCEP/NCAR Reanalysis data (Kalnay et al., 1996). We do not orthogo-140

nalize the CLLJ to ENSO due to their relatively weak correlation (r = 0.11).141

2.2 Synthetic Observational Large Ensemble142

Generating the OLEns involves two main steps: (1) fitting a linear model to monthly143

average climate variables (here, either precipitation or the PDSI) and then (2) using this144

model to produce realistic synthetic spatiotemporal fields based on emulated internal vari-145

ability. The linear model for precipitation is described by (1) the mean state, (2) the re-146

sponse to large-scale modes of climate variability including ENSO, CLLJ, PDO, and AMV,147

and (3) the residual stochastic variability at individual grid points:148

P i,t = β
i,m(t)
0 + β

i,m(t)
ENSOENSOt + β

i,m(t)
CLLJCLLJ t + β

i,m(t)
AMV AMV t + β

i,m(t)
PDO PDOt + ϵi,t (1)149

In equation 1, t is time, m(t) is the month, and i represents the geographic loca-150

tion. β0 is the mean state of the climate variable and the other β coefficients describe151

the monthly sensitivity of P, the transformed precipitation, to the large-scale climate modes152

of ENSO, CLLJ, AMV, and PDO. ϵ describes the residual climate ‘noise’. The MD2021153

OLEns was designed to be applicable across global regions so did not include the CLLJ,154

but we incorporate it here due to its relevance to Central American precipitation dynam-155

ics (Wang, 2007; Taylor et al., 2013; Hidalgo et al., 2015, 2019; Anderson et al., 2019;156

Garćıa-Mart́ınez & Bollasina, 2020). Similar to MD2021, we do not include the forced157

component in the precipitation OLEns for Central America since a forced signal in rain-158

fall trends is not yet evident regionally (Pascale et al., 2021) and is not expected to emerge159

until the latter half of the 21st century (Depsky & Pons, 2020; Almazroui et al., 2021).160

We herein refer to the ensemble of simulated historical precipitation as the prec-synth-161

OLE.162

Since an anthropogenically forced signal has been observed in PDSI (Herrera et al.,163

2018), we add a term to equation 1 for the PDSI OLEns that represents the sensitivity164

of PDSI to forcing (β
i,m(t)
F F t). Similar to MD2021, we define F t as the Coupled Model165

Intercomparison Project (CMIP6) multi-model ensemble mean of monthly global aver-166

age temperatures, combining the historical and SSP2-4.5 scenarios (Eyring et al., 2016;167

O’Neill et al., 2016; Dai et al., 2015). Shared Socioeconomic Pathways (SSP) emissions168

scenarios do not substantially diverge until later in the century, but SSP2-4.5 represents169

a “middle-of-the-road” emissions pathway (Masson-Delmotte et al., 2021; O’Neill et al.,170

2016). To isolate the influence of warming, we generate two PDSI OLEns. We herein re-171

fer to these ensembles of simulated historical PDSI as the forced and unforced pdsi-synth-172

OLE, respectively. Both include the forced term when fitting the linear model, but we173

remove the forcing term when generating the synthetic time series for the unforced pdsi-174

synth-OLE.175

After fitting the linear model to the observational climate data, we follow MD2021176

to create unique possible realizations of the climate variables by randomizing the large-177

scale climate modes and residuals as described below. Multiple versions of the ENSO,178

CLLJ, PDO, and AMV time series are produced through an Iterative Amplitude Ad-179
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justed Fourier Transform (IAAFT) method that retains the original amplitude distri-180

butions and power spectra (Schreiber & Schmitz, 1996). The IAAFT method does not181

preserve correlations between modes. The synthetic residual noise (ϵi,t) spatiotemporal182

fields are generated through a block-bootstrapping approach, where the fields are resam-183

pled with replacement using a multiyear block size following Wilks (1997), allowing the184

OLEns to maintain a similar temporal autocorrelation to the original data. Following185

MD2021, we use the 97th percentile of all estimated block sizes for calculations to pre-186

serve the spatial correlation structure of the data; the block sizes in our study are 4 years187

for precipitation and 6 years for PDSI. The synthetic climate mode time series and resid-188

ual fields are then linearly combined to produce pseudo climate histories of the original189

climate variables. Our full OLEns repeats this process 1,000 times.190

We compare the 2015-2019 5-year mean of the observed climate variables and large-191

scale climate modes against the 5-year means across all 1,000 prec-synth-OLE and pdsi-192

synth-OLE members. We also evaluate the 40-year trends in the precipitation and PDSI193

observations and all prec-synth-OLE and pdsi-synth-OLE members using the non-parametric194

Mann–Kendall test with the Theil–Sen slope estimator (Yue & Wang, 2002; Hussain &195

Mahmud, 2019).196

3 Results & Discussion197

3.1 Characterization of the 2015-2019 Drought198

We find that the 2015-2019 regional mean 5-year May-October precipitation was199

11.49% below average (Figure 1e) with negative anomalies covering nearly the entirety200

of the region (Figure 1a). While this was the driest 5-year May-October period in the201

GPCC record, it only slightly surpassed the next driest period of 1974-1978. Analysis202

of the bi-monthly periods however reveals that July-August experienced the most sig-203

nificant decreases in rainfall and that deficits during this time were the primary driver204

of the overall seasonal drought. The 2015-2019 July-August regional mean surpassed all205

other 5-year means from outside of that time period by 13.72% (Figure 1f), with lo-206

cal negative precipitation anomalies ranging from approximately -63% to -8% of normal207

(Figure 1c). Since July-August is already a period of reduced rainfall due to the Cen-208

tral American Midsummer Drought, enhanced deficits in this period are particularly detri-209

mental to crops yields (Magaña et al., 1999; Van der Zee Arias et al., 2012; Anderson210

et al., 2019). The May-June and September-October periods show more variable pre-211

cipitation anomalies between 2015-2019 (Figure 1b,d) and are therefore not the focus212

for the following analyses.213

Comparisons between the 5-year May-October and July-August mean precipita-214

tion observations and all 5-year periods from the prec-synth-OLE reveal that the 2015-215

2019 drought was indeed an extremely rare event, but did not fall outside the range of216

natural climate variability produced by the OLEns (Figure 2a,b). Only 1.42% of all217

5-year May-October means from the prec-synth-OLE fall below the observed May-October218

mean (Figure 2a). When considering the full rainy season, the strongest deficits were219

concentrated in El Salvador and along the border between Honduras and Nicaragua (Figure220

3a). The prec-synth-OLE demonstrates potential spatial variability among droughts at221

least as dry as 2015-2019, with some synthetic droughts comparable to the recent ob-222

served event and others with a similar overall regional deficit but varying spatial pat-223

terns (Figure S1). The observed July-August mean was even more exceptional (0.1 per-224

centile) in the prec-synth-OLE context, with only 135 out of 96,000 possible 5-year drought225

events across the 1,000 ensemble members having an equal or greater magnitude than226

the observational drought (Figure 2b). The deficits were widespread regionally and the227

observational drought was below the 5th percentile of the prec-synth-OLE in 68% of grids228

(Figure 3b). An additional test in which we excluded the 2015-2019 precipitation data229

when fitting the climate mode β values and generating the ϵi,t fields for the prec-synth-230
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Figure 2. (a) Distribution of all regional average 5-year May-October precipitation anomalies

from the prec-synth-OLE and the 2015-2019 May-October observational anomaly. (b) Distribu-

tion of all regional average 5-year July-August precipitation anomalies from the prec-synth-OLE

and the 2015-2019 July-August observational anomaly. (c) Distribution of all possible regional

40-year trends in May-October precipitation (mm/year) from the prec-synth-OLE and the 1980-

2019 regional May-October observational trend. (d) Distribution of all possible regional 40-year

trends in July-August precipitation (mm/year) from the prec-synth-OLE and the 1980-2019

regional July-August observational trend.

OLE produced similar results, but with slightly more extreme July-August deficits where231

only 26 of 91,000 possible events were drier. These results highlight that this drought232

was extremely unusual, but that such a drought is still possible even without the addi-233

tional influence of anthropogenic climate change.234

Similar to the 2015-2019 drought event, we find that the observed 40-year precip-235

itation trends are possible without the influence of anthropogenic climate change. Al-236

though both regional May-October (Figure 2c) and July-August (Figure 2d) precip-237

itation trends are slightly negative, they are well within the natural variability in the prec-238

synth-OLE. This conforms with modeling results from Pascale et al. (2021) and regional239
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Figure 3. (a) 5th percentile of all prec-synth-OLE 5-year May-October rainfall means (mm).

Dots represent where the 2015-2019 May-October observed mean is less than the 5th percentile

of all prec-synth-OLE members. (b) 5th percentile of all prec-synth-OLE 5-year July-August

rainfall means (mm). Dots represent where the 2015-2019 July-August observed mean is less than

the 5th percentile of all prec-synth-OLE members.

analyses from instrumental and satellite-based observations, reanalysis products, and pa-240

leoclimate reconstructions, which do not reveal consistent trends in rainfall in terms of241

direction and/or magnitude over recent decades (Aguilar et al., 2005; Anchukaitis et al.,242

2015; Anderson et al., 2019; Muñoz-Jiménez et al., 2019; Stewart et al., 2021). The lack243

of coherent observed trends in regional Central American precipitation is very likely in244

part due to the continued dominance of a wide range of internal climate variability across245

spatial and temporal scales (Hastenrath & Polzin, 2012; Anderson et al., 2019; Muñoz-246

Jiménez et al., 2019; Hidalgo, 2021; McKinnon & Deser, 2021). However, more localized247

analyses reveal that some areas may already be experiencing significant changes in rain-248

fall (Anderson et al., 2019; Cavazos et al., 2020; Stewart et al., 2021) and there is strong249

agreement across climate model simulations for declines in precipitation across Central250

America by the end of the 21st century (Rauscher et al., 2008, 2011; Cook et al., 2020).251

3.2 Climate Influences252

Analysis of the 5-year mean climate mode values shows that the observed 2015-2019253

drought occurred during positive phases of the CLLJ and ENSO (Figure 4a,b). Neg-254

ative precipitation anomalies in our study region can occur in the rainy season during255

the development of a strong El Niño event due to a weaker and more southward displaced256

Inter-Tropical Convergence Zone (ITCZ) (Giannini et al., 2000; Karnauskas & Busalac-257

chi, 2009). Regional rainfall deficits may persist as long as the ITCZ remains equator-258

ward due to warmer equatorial sea surface temperatures (SSTs) (Karnauskas & Busalac-259

chi, 2009). However, the sign of the ENSO influence on rainfall in the region is spatially260

and temporally variable over the lifecycle of an El Niño event (Giannini et al., 2000; Kar-261

nauskas & Busalacchi, 2009). Indeed, the βENSO coefficients from the OLEns model high-262

light the varying sign and magnitude of the ENSO-precipitation relationship across the263

CADC (Figure S2). Nevertheless, Figure 4 shows that ENSO anomalies tend toward264

warmer mean conditions for the driest 5% of the precipitation prec-synth-OLE 5-year265

means, but can be associated with both warm and cool mean SST anomalies. This is con-266

sistent with Muñoz-Jiménez et al. (2019), who found that warm ENSO events are not267

always associated with rainfall deficits.268

The relationship between rainfall deficits and the CLLJ, however, is more tightly269

coupled in the prec-synth-OLE, where dry periods are most often linked to positive CLLJ270

anomalies. This is driven by widely negative βCLLJ coefficients particularly between May-271
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September (Figure S3). Moisture transported from the Caribbean has been identified272

as the primary moisture source for Central America (Durán-Quesada et al., 2010), where273

a stronger CLLJ leads to more positive precipitation anomalies on the Caribbean coast274

of Central America at the jet exit and negative anomalies on the Pacific slopes due to275

orographic effects, divergence, and subsidence (Magaña et al., 1999; Peña & Douglas, 2002;276

Taylor et al., 2013). This relationship may be slightly stronger during the full May-October277

period as it integrates across the full period for which the CLLJ intensifies during the278

boreal summer (Garćıa-Mart́ınez & Bollasina, 2020).279
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Figure 4. (a) Scatter plot of 5-year means of May-October ENSO and CLLJ anomalies for

all 5-year prec-synth-OLE periods (grey) and 5-year prec-synth-OLE periods where May-October

prec-synth-OLE rainfall is < 5th percentile (blue). Rings represent density of points. The ob-

served 2015-2019 May-October ENSO and CLLJ anomaly is marked with the star. (b) Scatter

plot of 5-year means of July-August ENSO and CLLJ anomalies for all 5-year prec-synth-OLE

periods (grey) and 5-year prec-synth-OLE periods where July-August prec-synth-OLE rainfall is

< 5th percentile (blue). Rings represent density of points. The observed 2015-2019 July-August

ENSO and CLLJ anomaly is marked with the star.

While the 2015-2019 CLLJ anomaly was the strongest on record, it has not yet been280

linked to anthropogenic climate change during that period (Pascale et al., 2021). How-281

ever, future regional drying coincides with simulated shifts in the CLLJ and ENSO that282

are associated with rainfall deficits in Central America today (Neelin et al., 2006; Rauscher283

et al., 2011; Karmalkar et al., 2011; Taylor et al., 2013; Fuentes-Franco et al., 2015). Drivers284

include a southward displacement of the ITCZ and a strengthening and earlier westward285

movement of the North Atlantic Subtropical High (Neelin et al., 2006; Rauscher et al.,286

2011). This is coincident with a stronger CLLJ and less warming in the tropical North287

Atlantic compared to the surrounding oceans (Taylor et al., 2013; Rauscher et al., 2011).288

A warmer ENSO-like state in the tropical Pacific and enhanced warming relative to the289

tropical Atlantic can lead to additional rainy season drying (Rauscher et al., 2011; Fuentes-290

Franco et al., 2015). Despite uncertainties in the magnitude of change and shortcomings291

in climate models’ ability to represent the seasonal cycle of Central American rainfall292

(Karmalkar et al., 2011; Cavazos et al., 2020), these mechanisms are associated with fu-293

ture drying throughout the CADC.294
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3.3 The Role of Warming295

The PDSI OLEns provides additional information on the compound influences of296

temperature and precipitation on agricultural drought severity. Similar to the precip-297

itation results, the observed regional PDSI anomaly does not yet fall outside the range298

of variability produced by the unforced pdsi-synth-OLE (Figure S4a). However, the299

May-October observational PDSI was quite low and falls below the 5th percentile of all300

5-year means from the unforced pdsi-synth-OLE. Including the forced term in the pdsi-301

synth-OLE regression increases the probability of the observed event of equal or greater302

magnitude; 6.6% of all possible May-October 5-year events are drier than the 2015-2019303

event in the forced pdsi-synth-OLE as compared to 4.5% in the unforced pdsi-synth-OLE.304

This demonstrates that anthropogenic forcing makes soil moisture extremes (as measured305

by PDSI) and agricultural droughts more likely and expands the distribution to include306

a wider range of possible PDSI values. These results are consistent with other studies307

where drought remains dominated by natural rainfall variability, but has been intensi-308

fied by warming (Griffin & Anchukaitis, 2014; Diffenbaugh et al., 2015; Williams et al.,309

2015, 2020). Recent research on the Caribbean drought that occurred between 2013 and310

2016 also revealed that warming temperatures exacerbated soil moisture deficits and ex-311

panded the susceptible area (Herrera et al., 2018). The observed PDSI trend does not312

yet fall outside the range of natural variability, but including the forced component ap-313

proximately doubles the chance of occurrence of a negative trend equal to or more neg-314

ative than the observed trend (Figure S4b). Considering the projected precipitation315

trends for the Central American region, compound hot-dry events will likely become more316

common in the future (Sarhadi et al., 2018; Bevacqua et al., 2022).317

4 Conclusions318

Although Central America has experienced significant droughts in the past, the wide-319

ranging impacts of the 2015-2019 event on ecosystems, agriculture, and livelihoods ex-320

poses the need for better understanding the likelihood of severe extended precipitation321

deficits to improve hazard preparedness and resource management (Pons et al., 2016; Han-322

nah et al., 2017; Hidalgo, 2021). Our capacity to characterize such events, however, is323

limited in the the absence of long instrumental records and climate model weaknesses324

in simulating regional precipitation patterns. The statistical OLEns method we use here325

helps address these gaps, allows us to better characterize the range of possible internal326

variability, and attends to some of the known climate model limitations. We show that327

while the 2015-2019 period is the driest 5-year period in the observational record, events328

of equal or greater magnitude can occur, although very rarely, even without the influ-329

ence of human-caused climate change. Analysis of subseasonal variations – as indicated330

by the strong July-August deficits – is critical for understanding the complexity and het-331

erogeneity among individual drought events and their drivers in order to ultimately re-332

duce impacts as events unfold (Hao et al., 2018). The additional influence of tempera-333

ture as represented in the PDSI OLEns suggests reduced soil moisture is more likely and334

that the range of possible agricultural drought conditions increases when accounting for335

anthropogenic warming. Our addition of the Caribbean Low-Level Jet to the OLEns is336

critical, as it is the mode most directly and strongly associated with dry periods in the337

region. While natural climate variability remains the dominant signal regionally, con-338

tinued 21st century warming is projected to lead to increased aridity in Central Amer-339

ica (Hidalgo et al., 2019; Hidalgo, 2021). This will make droughts such as the 2015-2019340

event more common in the future and require adaptations to meet the challenges pre-341

sented by shifts in hydroclimate.342
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5 Data Availability Statement343

The original observational large ensemble code is available at https://github.com/344

karenamckinnon. Our adapted observational large ensemble that includes the CLLJ and345

all data analysis code are available at https://github.com/taliaanderson. This in-346

cludes a netcdf file with all large-scale climate mode time series. The ENSO time series347

was obtained from https://www.esrl.noaa.gov/psd/gcos wgsp/Timeseries/Data/348

nino34.long.data. The AMV time series can be found at https://www.esrl.noaa.gov/349

psd/data/correlation/amon.us.long.data. The PDO time series is from https://350

www.ncei.noaa.gov/access/monitoring/pdo/. The two datasets for the CLLJ can be351

obtained from psl.noaa.gov/data/gridded/data.20thC ReanV3.html and https://352

iridl.ldeo.columbia.edu/maproom/ACToday/Colombia/CLLJI.html#tabs-1. Precip-353

itation data was obtained from https://opendata.dwd.de/climate environment/GPCC/354

html/fulldata-daily v2020 doi download.html. PDSI data is available at https://355

crudata.uea.ac.uk/cru/data/drought/. The CMIP6 data was obtained from https://356

climexp.knmi.nl/getindices.cgi?WMO=CMIP6/Tglobal/global tas mon mod ssp245357

192 ave&STATION=CMIP6 ssp245 Tglobal&TYPE=i&id=someone@somewhere.358
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Muñoz-Jiménez, R., Giraldo-Osorio, J. D., Brenes-Torres, A., Avendaño-Flores, I.,533

Nauditt, A., Hidalgo-León, H. G., & Birkel, C. (2019). Spatial and tempo-534

ral patterns, trends and teleconnection of cumulative rainfall deficits across535

Central America. International Journal of Climatology , 39 (4), 1940–1953.536
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Figure S1. Droughts produced by the prec-synth-OLE that have a regional mean of equal or

greater magnitude than the observed 2015-2019 drought. Example (a) is the highest spatially

correlated 5-year drought with observations while (d) is the lowest. (b) and (c) represent the 75th

and 25th percentiles of spatial anomaly correlations with the 2015-2019 observations, respectively.
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Figure S2. Monthly ENSO β coefficients for the prec-synth-OLE.
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Figure S3. Monthly CLLJ β coefficients for the prec-synth-OLE.
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Figure S4. (a) Distribution of all regional 5-year May-October PDSI anomalies from the

forced and unforced pdsi-synth-OLE, and the observed 2015-2019 May-October PDSI anomaly.

(b) Distribution of all regional 40-year May-October PDSI trends from the forced and unforced

pdsi-synth-OLE, and the 1980-2019 observed May-October PDSI trend.
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