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Abstract

Forecasting precipitation could help prevent flooding and drought disasters along the western coast
of South America (WCSA), stretching from northern Peru to Ecuador. This study constructed a
multiple linear regression (MLR) model to forecast precipitation anomalies with high spatial
resolution across WCSA during the austral summer (December-January-February, DJF) for the
period 1982-2023. The predictors of the MLR model are the central and eastern Pacific El Nifio (C
and E) and the central and east Pacific Intertropical Convergence Zone (CPITCZ and EPITCZ)
indices. Furthermore, we readjusted the MLR model using forecasts from the Geophysical Fluid
Dynamic Model (GFDL) model from the Seamless System for prediction and Earth System Research
(SPEAR) called the GFDL-SPEAR (MLRGgpy.-spear) as predictors. The MLR model predicts DJF
precipitation anomalies across WCSA because the E, CPITCZ and EPITCZ indices strongly correlate
with DJF WCSA precipitation due to their influence on atmospheric circulation to trigger deep
convection over far-eastern Pacific Ocean. The MLRops model exhibits the highest performance over
most WCSA (r > 0.6, p < 0.05), except along the coast of Ecuador and the Peru-Ecuador border by
present high root mean square error values (above 20 mm month ). The GEDL-SPEAR model
provides more accurate forecasts of the DJF time series for the CPITCZ index than for the E and
EPITCZ indices, due to Central Pacific ITCZ responses linearly to warm SST anomalies over western
Pacific Ocean and it realistically simulates DJF precipitation patterns over Southern Pacific Ocean
and Peru.

1. Introduction

The western coast of South America (WCSA, figure 1) stretches along the northwestern part of the continent,
bordered by the Pacific Ocean and the Andes Mountains, spanning from the northern coast of Peru to the coast
of Ecuador (8.75°S-0.75°N, 79-81.75°W). Despite being an arid and narrow region, the WCSA has important
economic activities such as fishing and intensive agriculture of rice, grapes, and mangoes. Climatologically, the
coasts of northern Peru and Ecuador experience distinct rainy seasons. In northern Peru, the rainy season
typically spans from late December to April (Rau et al 2017). Similarly, on the Ecuadorian coast, this rainy
season typically occurs between January and April (Ilbay-Yupa et al 2021).

The El Nifio-Southern Oscillation (ENSO) is widely acknowledged as the principal interannual pattern
affecting sea surface temperature (SST) in the equatorial Pacific Ocean. ENSO influences global precipitation
and temperature by modifying large-scale atmospheric circulation patterns (Ropelewski and Halpert 1987,
Trenberth et al 1998). The warm phase of ENSO is termed El Nifio, while the cold phase is referred to as La
Nifia. Moreover, both El Nifio and La Nifa phases often intensify extreme precipitation and temperature
events, especially during their peak periods from November to January or February. For instance, El Nifio

© 2025 The Author(s). Published by IOP Publishing Ltd
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Figure 1. Location of the western coast of South America (WCSA). The green shadings represent the topographic elevation of the
western coast of South America.

induces heavy precipitation across much of the WCSA (Takahashi 2004, Lagos et al 2008, Lavado-Casimiro and
Espinoza 2014, Recalde-Coronel et al 2014, De Guenni et al 2017, Tobar and Wyseure 2018, Sulca et al 2018,
Sanabria et al 2018, Thielen et al 2023), except the southernmost Ecuadorian coast (Ilbay-Yupa et al 2021).
Precipitation intensifies and frequently lingers during Extraordinary El Nifio events, leading to significant
floodings, economic losses and the loss of numerous lives, as observed in 1982/83 and 1997/98 (Waylen and
Caviedes 1986, World Bank 2014). Conversely, the opposite scenario may not necessarily occur during La Nifia
events.

Various indices have been developed to quantify and diagnose the El Nifio events to mitigate their impacts
in WCSA. For example, the Southern Oscillation Index (SOI) is an large-scale atmospheric index. The Nifiol +
2 and Nino3 indices are based on the average of the SST anomalies inside regions located in the eastern equator-
ial Pacific Ocean. Additionally, the Multivariate ENSO Index (MEI) is calculated as a combination of the above-
mentioned indices using multiple linear regression techniques (Wolter and Timlin 1993). In recent decades,
several proposals have been made it to consider pairs of indices to describe ENSO diversity (Ashok et al 2007,
Capotondietal 2015, 2020, Caietal 2021), such as Takahashi et al (2011), who proposed two indices known as
the central and eastern Pacific EI Nifio SST (C and E) indices, which represent the SST variability over the
central and eastern equatorial Pacific, to describe the nonlinear behavior of El Nifio. Lavado-Casimiro and
Espinoza (2014) and Sulca et al (2018) reported that the warm E phase induces precipitation along the northern
Peru and Ecuador coasts during the austral summer, while the warm C phase is not correlated with the austral
summer (December-January-February, DJF) precipitation in these coastal regions themselves, but higher up
the Andes.

The Inter-Tropical Convergence Zone (ITCZ) is a band of deep convective cloud as consequence of the
convergence of trade winds over warm tropical waters along the equatorial belt. The cold water west of the
South American coast is strongly associated with the ITCZ being mainly located in the Northern Hemisphere in
the east Pacific (Philander et al 1996, Takahashi and Battisti 2007). During extreme El Nifio episodes in the
eastern Pacific, a single strong East Pacific ITCZ (hereafter EPITCZ) is present south of the equator (e.g.
Huaman and Takahashi 2016). In addition, the EPITCZ presents a second southern band in the eastern Pacific
around 5°S from February to May (Huaman and Takahashi 2016, Huaman and Schumacher 2018). This
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southern band of the East Pacific ITCZ explains the existence of more precipitation in the central and northern
parts of the WCSA (north of 6°S) than in the southern WCSA because the dry effect of the meridional sub-
sidence branch of the second band of the East Pacific ITCZ over this region (Takahashi and Martinez 2019).
Regarding Central Pacific ITCZ (hereafter CPITCZ), Sulca et al (2018), who defined the ITCZC index, reported
that positive ITCZC phase causes significant dry conditions over the northern Peruvian coast during DJF sea-
son due to the effect of the subsiding branch of the East Pacific ITCZ. Excluding strong El Nifio events, Yu and
Zhang (2018) found that precipitation over the northeastern equatorial Pacific is linearly correlated with local
warm SST anomalies. In contrast, precipitation over the southern equatorial Pacific is not linearly correlated
with local warm SST anomalies. The authors also noted that the nonlinear relationship precipitation-SST rela-
tionship over the southern equatorial Pacific is not driven by local SST anomalies. In addition, they stated that
the interannual variability of local SST's in the southern equatorial Pacific remains in phase with central Pacific
SST anomlies. Moreover, Yu and Zhang (2018) found that the surface wind divergence field explains the spatial
pattern and the SST-precipitation relationship across the equatorial Pacific Ocean during the austral fall (Feb-
ruary-March-April) in weak El Nifio years.

The precipitation in the northern Peruvian coast (NPC) exhibits a well-defined annual cycle, with wet
months between December and April, whereas as dry season occurs from May and November, with the amount
of the precipitation rising toward Ecuador (Rau et al 2017). NPC precipitation has a nonlinear relationship with
SST associated with the activation of deep convection (Jauregui and Takahahsi 2018), which is occurs when SST
exceeds a threshold value that along the coast of Peru is around 26 °C (Woodman 1998, Takahashi 2004). This
nonlinear behavior also was observed between the February-April mean SST and Piura river discharge in
northern Peru (Takahashi and Martinez 2019). Consequently, seasonal precipitation prediction poses sig-
nificant challenges in the WCSA. This difficulty is largerly due to the limited number of meteorological stations
with long-term precipitation records along the coasts of northern Peru and Ecuador. The limitation of the
station network has been partly addressed through the recent development of various gridded precipitation
products. These products are created by integrating data from rain-gauge stations with satellite precipitation
data, such as the Peruvian Interpolated data of SENAMHTI’s Climatological and Hydrological Observations
version 2.1 (PISCOpv2.1; Aybar et al 2020) and the Rain for Peru and Ecuador (RAIN4PE, Fernandez-Palo-
mino etal 2021).

Another challenge stems from the scarcity of dynamic and statistical models capable of accurately predict-
ing DJF precipitation anomalies in the WCSA (Gutierrez et al 2005, Bazo et al 2013, Recalde-Coronel er al 2014,
De Guennietal 2017, Vavrus et al 2022, SENAMHI 2023). The dynamical models largely corresponds to initi-
alized global climate model (GCM) systems. Manzanas and Gutiérrez (2019) performed a process-conditioned
bias-correction technique to 1- and 4-month lead to DJF precipitation in the northwestern part of Peru from
the ECMWFE System4 forecast model for the period 1981-2010. The bias-correction technique is based on an
empirical-quantile mapping method which runs conditioned on the state of the Southern Oscillation Index
(SOI, Trenberth 1984). Vavrus et al (2022) reported that the North American Multi-Model Ensemble (NMME;
Kirtman et al 2014) predicts DJF precipitation anomalies over the northern Peruvian coast from 1982 to 2020.
However, the authors did not provide a dynamic explanation for the successful performance of the ensemble of
the coupled global climate models. The authors also pointed out that the Coupled Forecast System version 2
(CFSv2) model is the second out of the seven models of the NMME in present low bias for the DJF precipitation
over northwestern Peru for forecast lead time. Ratterman et al (2023) reported that the CFSv2 seasonal predic-
tion system has improved its ENSO prediction skill compared to the previous version. For example, Ratterman
etal (2023) noted that the CFSv2 model shows a low bias in forecasting U.S. precipitation with lead times of 1 to
4 months. The CFSv2 model presents a significant correlation between observed and predicted precipitation
anomalies over northwestern Peru in December and January of the following year, while the correlation is not
statistically significant from February to May. The efficient prediction is due to the CFSv2 model replicating
observed SST variability over the Nifio 1 + 2 region in November and December. For the Ecuadorian coast,
Recalde-Coronel et al (2014) reported that the ECHAMA4.5 forecast has a lower precipitation prediction skill
along the coast of Ecuador. This is attributed to the inadequacy of the constructed-analog statistical model in
accurately predicting the SST Pacific Ocean to force ECHAM4.5.

Regarding statistical models, Bazo et al (2013) proposed exponential and linear models for the precipitation
over northwestern Peru and found that the exponential model provides a substantially better results. The pre-
dictors for these statistical models included the average SST anomalies over the Indian Ocean, the Nifio3.4
region, and the eastern tropical Atlantic Ocean. Regarding the Ecuadorian coast, Rossel and Cadier (2009)
found that precipitation and meridional wind indices are better predictors than the Nifiol 4 2 SST index to
predict February and March rainfall in Guayaquil. De Guenni et al (2017) proposed a transfer function model
based on the Nifo3 index to predict monthly precipitation along the Ecuadorian coast several months in
advance. However, this model was validated for the period 1982-2012, indicating that it did not consider the
recent extreme El Nifo episodes in DJF 2016,2017, and 2023 in its validation. Petrova et al (2021) found that
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the Nino3.4 index can be used to predict precipitation with 2-month lead the Ecuadorian coast. Thielen et al
(2021) pointed out that entire North Atlantic SST anomalies are positively correlated with 3- and 4-month
leads with precipitation of the Daule-Peripa reservoir (coast of Ecuador) for the period 1981-2017. Addition-
ally, Rossel and Cadier (2009) documented that the meridional shift of the East Pacific Intertropical Conv-
ergence Zone is negatively correlated with DJF precipitation anomalies over the entire WCSA, even extending
southward until the coast of central Peru (Sulca et al 2018). However, Rossel and Cadier (2009) utilize the
meridional wind to predict the East Pacific ITCZ, while Sulca et al (2018) utilize a precipitation index. Despite
the Pacific El Nifio, Central and East Pacific ITCZ indices being significantly correlated with DJF precipitation
across WCSA, they have not been utilized to forecast DJF precipitation anomalies in this region. In contrast, the
Servicio Nacional Meteorolégico e Hidrolégico del Pertd (SENAMHI) produces the official probabilistic austral
summer precipitation forecasts the entire Peruvian territory divided into 13 broad regions, of which the north-
western coast is one, through empirical models that combine the outputs of dynamical models and station data
using the Climate Predictability Tool (CPT) software from the International Research Institute for Climate and
Society (IRT) (SENAMHI 2023).

According to current state-of-the-art statistical prediction models, the El Nifio Pacific SST and ITCZ indi-
ces have not been utilized to construct a statistical prediction model for the DJF precipitation along the coasts of
northern Peru and Ecuador. Therefore, this study aims to develop a statistical model to predict DJF precipita-
tion with high spatial resolution using Pacific E1 Nifio SST indices and East Pacific ITCZ indices, thus elucidat-
ing the significance of these predictors in forecasting. The primary advantage of the statistical prediction model
lies in its computational efficiency, speed, and superior grid resolution compared to dynamic prediction mod-
els (Tran-Anh and Taniguchi 2018).

2.Data and methods

2.1.Data

We used monthly gridded sea surface temperature (SST) data called HadISST, constructed by the Met Office
Hadley Centre (Rayner ef al 2003). The horizontal grid resolution of the HadISST datais 1° x 1°, covering the
period from 1870 to 2023.

We used monthly global gridded precipitation data from the Global Precipitation Climatology Project
(GPCP, Adler ef al 2003). The GPCP dataset has a horizontal resolution 0of 2.5° x 2.5° and covers the period
1979-2024. For Peru, we utilized monthly high-resolution gridded precipitation data called Peruvian Inter-
polated data of SENAMHT’s Climatological and Hydrological Observations version 2.1 (PISCOpv2.1, Aybar
etal 2020), was used. The PISCOpv2.1 dataset was developed by the Servicio Nacional de Meteorologia e
Hidrologia del Perd (SENAMHI). This dataset combines satellite precipitation products from the CHIRPS and
precipitation station data. The data grid for PISCOpv2.1 is 10 km x 10 km, covering the period 1981-2023. It
could be found at https://iridl.ldeo.columbia.edu/SOURCES/.SENAMHI/.HSR /.PISCO/.Prec/.v2p1/.
unstable/.monthly/?Set-Language=es. The PISCOpv2.1 dataset is used to monitor drought and flood over the
entire Peruvian territory (Llauca et al 2021).

This study used the monthly time series of the central and eastern Pacific El Nifio SST indices (C and E;
Takahashi etal 2011). The C and E indices are orthogonal and are calculated using SST data from the ERSSTv5
dataset. Essentially, it involves the rotation of the first two principal components of SST inside the belt of the
equatorial Pacific Ocean (141° E-80° W, 5° S-5° N) by 45°. The monthly time series of the C and E indices cover
the period from 1854 to the present and can be freely downloaded from the IGP website (https://met.igp.gob.
pe/datos/ecindex_ersstv5.txt).

The indices for the meridional displacement of the Central and East Pacific Intertropical Convergence Zone
(CPITCZ and EPITCZ) were computed as the first two rotated principal components of the monthly precipita-
tion anomalies over the equatorial Pacific inside the box (131.25-88.75° W, 18.75°S-18.75° N, figure S1). We
chose this specific region because it captures the two spatial patterns of the East Pacific ITCZ (Huaman and
Schumacher 2018). The EPITCZ index was rescaled by a factor of —1 to establish that the East Pacific ITCZ is
displaced toward the south, as in Sulca et al (2018).

2.2. Global climate model forecasts

In February 2021, a new version of the Geophysical Fluid Dynamics Laboratory (GFDL) model for Prediction
and EArth System Research called the GFDL-SPEAR model (Zhao et al 2018a, 2018b, Delworth et al 2020) was
made available as part of the NMME. Lu et al (2020) described the GFDL-SPEAR seasonal prediction system
and its initialization procedure, and reported that it has improved ENSO prediction skill relative to previous
systems. However, there is no study about the performance of the GFDL-SPEAR model to reproduce and
predict DJF precipitation variability in the western coast of South America. Monthly SST and precipitation
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datasets of the hindcast and forecast simulations from GFDL-SPEAR were used. These SST datasets from the
GFDL-SPEAR model have a horizontal grid resolution of 1° x 1° and cover the period January 1991-October
2024. The monthly hindcast data of SST and precipitation, consisting of 15 members (i.e., experiments), covers
the period from Jan 1991 to December 2020. The monthly forecast data (predictions) cover the period from
January 2021 to October 2024, consisting of 30 members. Both the monthly hindcast and forecast data include
12 leads.

Ensemble-mean monthly anomalies of SST and precipitation for the first 12 ensemble members from the
GFDL-SPEAR model from January 1991 to October 2024 are calculated by removing their respective monthly
climatology, obtained for each lead time separately, representing the average values from 1992 to 2017. Subse-
quently, the linear trend is removed from these monthly anomaly data for each lead time.

We consider DJF mean forecasts initialized on December 0.5 lead time. January and February data are taken
from the 1.5 and 2.5 lead times, respectively. We removed the linear trend of DJF time series of the SST and
precipitation anomalies. In addition, we tested whether the MLR model can predict DJF WCSA precipitation
using SON data, despite the weak relationship between the average SON of the Pacific El Nifio SST and the
ITCZ indices and DJF WCSA precipitation.

The Central and Eastern Pacific E1 Nifio SST (C and E) indices for GFDL-SPEAR are computed as the first
two rotated principal component (RPC) of predicted monthly equatorial Pacific SST anomalies (141°E-80°W,
5°S-5°N) separately for each lead time. The CPITCZ and EPITCZ indices were calculated as for observations
but using the forecasted anomalies.

2.3. The multiple linear regression (MLR) models

To estimate and predict standardized precipitation anomalies during DJF seasons along the coast of northern
Peru and Ecuador, we developed statistical models using multiple linear regression (MLR) techniques
considering i) observational versus GCM-predicted inputs (hereafter MLRops and MLRpgrgp model,
respectively), and ii) regional-average versus grid point outputs. In addition, we applied K-mean clustering
technique to identify regions within WCSA with similar intensity variability of the DJF standardized
precipitation anomalies. We utilized the kmeans function in Matlab (Arthur and Vassilvitskii 2007). The six
specific regions located within WCSA are labelled R1, R2, R3, R4, R5 and R6.

We used the multiple linear regression (MLR) model (DuMouchel and O’Brien 1989) based on iterative
reweighted least squares (Beaton and Tukey 1974) as in Sulca et al (2021). The regional-average MLR models
were built for six specific regions located within WCSA: R1, R2,R3, R4, R5 and R6. Our empirical—statistical
model is based on the linear combination of the ENSO and ITCZ indices. The general equation of the MLR
modelis:

Y(t) = a,X,(t) + b+ s,... (1

In this equation, Y(t) signifies the target or predictor variable (precipitation, PRE), varying with time t; X,(t)
denotes the time series of the n-th predictor (Pacific E1 Nifio SST and ITCZ indices); a,, and b are the least
squares regression parameters (MLR slopes and intercept, respectively), and the repeated subindex n imply
summation over n. These parameters are determined by minimizing the error e. The MLR model was fitted
using data for the period 1982-2011, while the data for the period 2012-2023 was reserved for validation. Pre-
dictors employed in the MLR model include E, C, CPITCZ, and EPITCZ. For the MLR models with grid point
outputs, the model was fitted independently at each grid point using all predictors. The confidence of the model
for each grid point was assessed using the F-test at a 95% confidence level for the validation period. The MLR
model underwent calibration for the period 1982-2011 and validation for the period 2012-2023. To predict
DJF precipitation anomalies along the coast of northern Peru and Ecuador, we first fitted the models using the
observational data (MLRps). We then replicated the MLR model with the same predictors from the forecasts
by the GFDL-SPEAR model (MLRpgrgp) using the regressed coefficients of the MLRops. The MLRprgp model
aims to take advantage of the large-scale forecast capability of the GFDL-SPEAR model to predict austral sum-
mer precipitation anomalies in this region.

The MLR model will not use predictors based on Atlantic SST anomalies because the Atlantic Ocean SST
are not good predictors for predicting the precipitation over the northern Peruvian coast (Lagos et al 2008, Rau
etal2017) and the Ecuadorian coast (Recalde-Coronel et al 2014, Ilbay-Yupa et al 2021). Falk and Miller (1992)
emphasized that the MLR model should be constructed to avoid suppressor effects among predictors. The
suppressor effect refers to a change in the sign of the correlation between precipitation and predictors, as well as
in the sign of the regression coefficient in the MLR model. The suppressor effect can occur for three reasons: a)
the correlation between precipitation and a predictor is close to zero, reflecting random fluctuation around
zero, b) the suppressor effect arises when two or more predictors that contain the same information (collinear-
ity), making them somewhat redundant. ¢) the third cause, known as ‘real suppression’, occurs when a key
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predictor variable, essential for understanding the true relationship between latent predictors, suppresses the
effect of another predictor.

Finally, we will use Pearson and Spearman correlation coefficients to quantify the linear and monotonic
relationships between two variables - continuous or ordinal, respectively (De Guenni et al 2017, Akoglu 2018,
Sulca et al 2018, Manzanas and Gutiérrez 2019). Previous studies have reported that the Pearson correlation
coefficient is more effective for identifying atmospheric teleconnection, although its assumption of a Gaussian
distribution makes it highly sensitive to extreme values (outliers) (Manzanas and Gutiérrez 2019). Manzanas
and Gutiérrez (2019) reported a significant negative correlation between the SOl index and austral summer
precipitation along the northern Peruvian coast for the period 1982-2010. In contrast, several studies have used
Spearman correlation coefficient for validation purposes (De Guenni et al 2017, Manzanas and Gutiér-
rez 2019). The Spearman correlation coefficient quantifies the persistence the monotonic relationship between
two variables. In other words, it captures the persistence of the sign of association between the observed and
simulated time series. Manzanas and Gutiérrez (2019) applied the Spearman correlation coefficient to evaluate
the performance of their seasonal forecasting model-based on process-conditioned bias correction-at rain-
gauge stations across northern Peru, for leads of 1 and 4 months.

3. Results

3.1. Spatial variability of the austral summer precipitation of WCSA

The K-mean technique analysis applied to austral summer standardized precipitation anomalies across WCSA
identified six regions, labelled ‘R1’, ‘R2’, ‘R3’, ‘R4’, ‘R5’ and ‘R6’ (figure 2). The Ecuadorian coast includes two
regions (R1 and R2), while the northern Peruvian coast comprises four regions (R3 to R6). As shown in figure 2,
regions R1 and R2 correspond to the western (Manabi, Santa Elena, Guayas, western Esmeralda) and eastern
(eastern Esmeralda, Los Rios and northern Guayas) portions of the Ecuadorian coast, respectively. Region R3
covers the northernmost part of the northern Peruvian coast (Tumbes and Piura) and the southernmost
Ecuadorian Andes (El Oro and western Loja), between 2.7°S and 6°S. Region R4 includes southwestern Piura
and the northernmost part of Lambayeque between, 6.4°S and 4.6°S. Region R5 covers southern Lambayeque
and northwestern La Libertad, extending from 7.8°S to 6.5°S. Finally, region R6 spans the central part of
western La Libertad. However, the result from this region R6 should be interpreted with caution, as the average
DJF precipitation anomalies are based on fewer than 15 grid points.

This study examines the influence of extreme El Nifio episodes on WCSA precipitation from 1982 to 2023 by
analysing the evolution of DJF standardized precipitation anomalies across six WCSA regions (figure 3). During
the extraordinary 1982/83 El Nifio, regions R1, R2 and R3 recorded DJF 1983 values above 2 (figures 3(a)—(c)),
while regions R4, R5 and R6 recorded values of 1.4, 0.6 and —0.6, respectively (figures 3(d)—(f)). These results
indicate a southward decrease in the precipitation signal associated with the extraordinary El Nino, which gradu-
ally weakens from the Ecuadorian coast to the southernmost part of the northern Peruvian coast. During the
extraordinary 1982/83 El Nifo, figures 3(a)—(e) show that regions R1 to R5 recorded DJF anomaly values around
5, while R6 recorded a value of 2.2 (figure 3(f)). These results suggest that the 1997 /98 El Nifio had a stronger
influence on WCSA precipitation that the 1982/83 event. In contrast, during DJF 2022 /23, region R6 recorded a
value of 2 (figure 3(f)), while regions R1 to R5 recorded values ranging from zero to negative (figures 3(a)—(e)).
Therefore, DJF precipitation in region R6 appears to be less responsive to El Nifio conditions than in the other
regions (R1 to R5). This is consistent with the absence of a significant positive correlation between the DJF SST
anomalies in the eastern Pacific and DJF precipitation anomalies over region R6 (figure 4(f)). The weak response
of DJF precipitation in region R6 is also consistent with a ~11-year decadal signal (figure 3(f)). This decadal
precipitation signal over central La Libertad was previously reported by Bourrel et al (2014). Another possible
factor is the limited number of grid points used to calculate the average DJF precipitation anomalies in region R6.

3.2. Impact of the ENSO Pacific SST and the ITCZ indices on austral summer precipitation over South
America

This study examines the impact of El Nifio Pacific SST and ITCZ indices with DJF precipitation over South
America from 1982 to 2023, using spatial, linear regression patterns derived from the GPCP precipitation
dataset (figure 5). Figure 5(a) shows that warm phase of the Eastern Pacific El Nino SST (E) index is associated
with wet anomalies across the equatorial Pacific (10°S-5°N), although the intensity of these anomalies decreases
from the western Pacific toward the northern Peruvian coast. It also is associated with enhance DJF
precipitation anomalies across the northern Peruvian Andes. The warm phase of the Central El Nifo Pacific
SST (C) index (figure 5(b)) is associated with wet anomalies across the equatorial Pacific (7°S-5°N), although
their intensity decreases from the western Pacific toward the northern Peruvian coast. In addition, it is
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Figure 2. The locations of six specific areas of western coast of South America (WCSA) for topographic elevations below 1000 m asl
are shown in shading: the region R1 (purple), the region R2 (sky blue), the region R3 (orange), the region R4 (yellow), the region R5
(blue) and the region R6 (red). Monthly PISCOpv2.1 dataset was used in this analysis.

associated with a northeast-southwest precipitation dipole over the southwestern Pacific, linked to an enhanced
South Pacific convergence zone (SPCZ). Conversely, it also leads to reduced DJF precipitation over the
northern coast and Andes of Peru. This precipitation reduction is linked to an enhanced subsidence branch of
the Pacific Walke cell during Central Pacific El Nifio events (Sulca 2021) and the equatorial propagation of
upper-level Rossby wave trains triggered by the intensified SPCZ (Van der Wiel et al 2016).

The positive phase of the Central Pacific ITCZ (CPITCZ) index (figure 5(¢)) is associated with wet anoma-
lies over the western Pacific and along the equatorial band (1°N-10°N), although the intensity decreases from
the western Pacific toward the northern Peruvian coast. In addition, it is less associated with the edge of the
SPCZ compared to the ITCZC index proposed by Sulca et al (2018). It highlights that positive ITCZC index is a
linear response to warm SST anomalies over the western Pacific Ocean. These results show that the CPITCZ
index more effectively captures precipitation teleconnections associated with the central Pacific ITCZ than the
ITCZC index. In addition, the positive CPITCZ index is associated with reduced DJF precipitation along the
northern Peruvian coast, likely due to the descending branch of the deep convection linked to the warm SST
anomalies over western Pacific Ocean (Bayr et al 2014). In contrast, the positive phase of the East Pacific ITCZ
(EPITCZ) index (figure 5(d)) is associated with wet anomalies across the equatorial Pacific (13°S-0°N), with
greater intensities from the western Pacific to the northern Peruvian coast than during warm E index
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Figure 3. Time series of the average DJF standardized precipitation anomalies of all grid points within the six specific areas of western
coast of South America (WCSA) for the period 1982-2023: (a) the region R1, (b) the region R2, (c) the region R3, (d) the region R4,
(e) the region R5, and (f) the region R6. Monthly PISCOpv21 dataset was used in this analysis.

(figure 5(a)). These wet anomalies over the far-eastern Pacific are a response to the southward shift of the east
Pacific ITCZ (Huaman and Schumacher 2018). In addition, positive EPITCZ index is linked to increased DJF
precipitation over the northern Peruvian Andes, while much of the rest of Peru experiences dry anomalies.
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Figure 4. Spatial correlation of DJF global sea surface temperature anomalies (SST, °C) with (a) the region R1, (b) the region R2, (c)
the region R3, (d) the region R4, (e) the region R5, and (f) the region R6. Hatching represents a statistically significant correlation at
the 95% confidence level. The analysis is based on austral summer (December—January—February, DJF) averages for the 1982-2023
period. Monthly HadISST dataset was used in this analysis.

3.3. Relationship between the WCSA precipitation and the observational ENSO and ITCZ indices
Precipitation over Ecuadorian Andes positively correlates with the Nifio3 index from October to November
(figures 6(a)—(b)). In contrast, northern and southern portions of the northern Peruvian coast are not correlated
with the Nifio3 index in November (figures 6(a), (b)). This finding is consistent with the moderately positive
correlation between the Nifio3 index and monthly precipitation along the Ecuadorian coast from 1982 to 2012
(De Guenni et al 2017). Precipitation over most WCSA positively correlates with the Nifio3 index from
December to February of the following year, but the correlation coefficients are weaker than 0.8 (figures 6(c)—(e)).
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Figure 5. Linear regression coefficients between DJF GPCP precipitation and (a) the Eastern Pacific E1 Nifo SST (E) index, (b) the
Central Pacific E1 Nifio SST (C) index, (c) the Central Pacific Intertropical Convergence Zone (CPITCZ) index, and (d) the East
Pacific Intertropical Convergence Zone (EPITCZ) index. Values are in mmday ' for one standard deviation of each corresponding
ENSO and ITCZ indices. Blue (Red) shading represents positive (negative) precipitation anomalies in intervals of 0.5 (—0.5) mm
day ™! per standard deviation. Black contour represents the climatological isoline of 4 mm day ™. Blue contours represent significant
correlation between Pacific E1 Nifio SST and ITCZ indices and precipitation at the 95% confidence level. Analysis based on the period
1982-2023.

Figures 6(f)—(j) show that the E index resembles monthly spatial correlation related to the Nifio3 index, but they
are stronger (r > 0.8, p < 0.05). This finding reveals that the E index would be used solely to build season-ahead
regression models for the Ecuadorian coast. In contrast, the C index shows no significant correlation with
monthly precipitation along the coast of northern Peru and Ecuador (figures 6(k)—(n)).

Concerning the Central Pacific Intertropical Convergence Zone (CPITCZ) index, the sign of spatial pre-
cipitation correlation varies from weakly positive in October, particularly over the southern part of the north-
ern Peruvian coast and central and northern parts of the Ecuadorian coast, to substantially negative in January
and February (figures 6(p)—(t)). The correlations turn negative starting from December (figures 6(r)—(t)) but
are strong and statistically significant in January and February (figures 6(s), (t)). These findings show that the
CPITCZ index has a negative linear relationship with DJF precipitation over the western coast of South Amer-
ica. In contrast, as expected, the eastern Pacific ITCZ (EPITCZ) index, strongly and positively correlates with
monthly precipitation over the WCSA from October to February of the following year, except for the northern
Peruvian coast in October (figures 6(u)—(y)). Figures 6(v)—(y) also show that these positive correlations are
stronger than in the N3 and E indices (figures 6(b)—(e) and (g)—(j)). Despite the maximum values of the E and
EPITCZ indices coinciding during extraordinary El1 Nifo events, they are associated with different DJF pre-
cipitation and lower- and upper-level atmospheric circulation patterns over South America (Sulca et al 2018),
indicating that these two large-scale forcings have different interannual variability. Also, the EPITCZ index can
be expected to perform better than others because it is based on precipitation anomalies and should be there-
fore linearly related to the WCSA precipitation, while the indices based on SST anomalies are known a priorito
be nonlinearly related with precipitation (Woodman 1997, 1998, Takahashi and Dewitte 2016, Sulca 2021).
Thus, the EPITCZ index emerges as the best predictor for monthly precipitation in WCSA because it exhibits a
positive linear correlation over most WCSA that is stronger than for the N3 and E indices.
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Figure 6. Spatial simultaneous correlation between monthly precipitation anomalies and the Nifio 3 index over the western coast of
South America (8.5°S-0.75°N) for the period 1981-2023 for topographic elevations below 1,500 m asl. during (a) October, (b)
November, ¢) December, (d) January, and (e) February month. Hatching areas represent correlations statistically significant at the
95% confidence level. (f)—(j) As in (a)—(e), but for the Eastern Pacific EI Nifio SST (E) index. (k)—(n) As in (a)—(e), but for the Central
Pacific EI Nifio SST (C) index. (p)—(t) As in (a)—(e), but for the Central Pacific Intertropical Convergence Zone (CPITCZ) index. (u)—
(y) Asin (a)—(e), but for the East Pacific Intertropical Convergence Zone (EPITCZ) index. The PISCOpv2.1 dataset was used in this
analysis.

3.4. Validation of the ENSO and ITCZ indices from the GFDL-SPEAR model
Figure 7 displays the observed and predicted DJF time series of the ENSO and ITCZ indices from the GFDL-
SPEAR model from 1992 to 2023. For the Pacific E1 Nino SST indices, the observed and predicted DJF time
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Figure 7. The observed (blue line) and predicted DJF time series by the GFDL-SPEAR model initialized in December (red line) for (a)
the Eastern Pacific E1 Nifio SST (E) index, (b) the Central Pacific EI Nifio SST (C) index, (c) the Central Pacific Intertropical
Convergence Zone (CPITCZ) index, and (d) the East Pacific Intertropical Convergence Zone (EPITCZ) index. The black numbers
represent the Pearson and Spearman correlation between observed and predicted by the GFDL-SPEAR model in the period
1992-2023. The black asterisk indicates statistically significant correlations at 95% confidence levels.
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Figure 8. Regression of several indices upon DJF GFDL-SPEAR precipitation anomalies for (a) the Eastern Pacific EI Nifio SST (E)
index, (b) the Central Pacific El Nifio SST (C) index, (c) the Central Pacific ITCZ (CPITCZ) index, and (d) the East Pacific ITCZ
(EPITCZ) index. Scale for precipitation anomalies (in mm day ™' per standard deviation). Blue contours represent significant
correlation between both Pacific EINifo SST and ITCZ indices and precipitation at the 95% confidence level. Red (blue) shading
represents positive (negative) precipitation anomalies. Contour interval is 0.5 mm day ' per standard deviation. Black contour
represents the climatological isoline of 4 mm day . Analysis based on the period 1992-2022.

series of the E and C indices show positive correlations throughout the period from 1992 to 2023, with
correlation coefficients of Pearson 0.81 and 0.70, respectively (figures 7(a), (b)). However, the E index presents a
lower Spearman correlation of 0.55, as the good predictions of the large El1 Nifio events of 1998 and 2016
increase the Pearson correlation, but the lower performance in predicting the weaker variability is penalized by
the Spearman coefficient (figure 7(a)). In fact, if we remove 1998 and 2016, the Pearson correlation decreases to
0.43. The lower skill for the eastern Pacific than for the central Pacific is a general feature of global climate
forecast model systems (Ding et al 2020; Rivera-Tello et al 2023). This is possibly due to the generalized warm
and wet biases in the eastern Pacific in the climate models and the importance of nonlinear ocean-atmosphere
ElNifio processes in this region, particularly the existence of a threshold in SST for deep atmospheric
convection (e.g. Takahashi and Dewitte 2016, Ding et al 2018, Srinivas et al 2024). In contrast, the GFDL-
SPEAR model accurately predicted the sign of the C index, with both correlation coefficients above 0.7, but
sometimes it misrepresented the strength (figure 7(b)). The underestimation by part of the predicted C index is
explained by the inability of the GFDL-SPEAR model to simulate the positive feedback associated with
enhanced SPCZ observed during warm C index (figure 8(b)).

Regarding the ITCZ indices, the observed and predicted DJF time series of the CPITCZ indices have high
correlation, with Pearson and Spearman coefficients of 0.76 and 0.87, respectively (figures 7(c)—(d)). However,
the GFDL-SPEAR model strongly underestimated the large negative value during the extreme El Nifio in 1998.
Although the predicted CPITCZ index reproduces the observed precipitation pattern (figure 8(c)), the under-
estimation of the 1998 anomaly likely results from deficiencies in the GFDL-SPEAR model in the simulation of
the enhanced SPCZ associated with the Central Pacific E1 Nifio SST (C) index (figure 8(b)) because the GFDL-
SPEAR model simulated accurately the E and EPITCZ indices (figures 8(a), (c)). On the other hand, the varia-
bility of the EPITCZ index is only moderately well reproduced (figure 7(d)), except for the large El Nifio value in
1998, which is reflected by the low (and non-significant) Spearman (0.43) relative to the Pearson coefficient
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(0.72). Some predictions even had the opposite sign to the observed, particularly before 2017 (figure 7(d)). The
limited skill in predicting the EPITCZ index may be attributed to an overestimation of the intensity of the
positive feedback between warm SST anomalies over eastern Pacific basin and precipitation across the entire
ITCZ, which inducing wet anomalies along the Peruvian coast (figure 8(d)), rather than being confined to the
northern Peruvian coast as observed pattern (figure 5(d)).

3.5. Performance of the MLR model

The MLRops model accurately reproduces the interannual variability of DJF precipitation anomalies over the
northern Peruvian Andes and the Ecuadorian coast using the PISCOpv2.1 dataset, as indicated by significant
positive correlations greater than 0.6 observed in all these regions, with the highest correlations found in the
southernmost part of the northern Peruvian coast (south of 6.5°S) and the northern Ecuadorian coast (north of
1°S) using the independent testing data for 2012-2023 (figure 9(a)). Figure 9(b) shows that the root mean
square error (RMSEqps) presents the lowest values found along most of the northern Peruvian coast (< 10 mm
month ™), while the highest RMSE values are observed along the coast of Ecuador and the Peru-Ecuador
border, ranging from 20 mm month ™" to 60 mm month . The lowest RMSE values are consistent with
previous studies that have reported a strong positive linear relationship between DJF precipitation in this region
and the SST anomalies along the coast of northern Peru (Woodman 1998, Takahashi 2004) and the southern
shift of the central and eastern Pacific ITCZ (Sulca et al 2018). The highest RMSE would be associated with the
bias of PISCOpv2.1 dataset ranging from 60 mm month ™' to 160 mm month ' caused by the lack of rain-
gauge stations in these areas.

Figure 10 presents the spatial distribution of the slopes of the predictors (e.g., regressed coefficients) of the
MLRops model at each grid point along the western coast of South America. Figure 10(a) illustrates that the
slope associated with the E index (ag) has positive regression coefficients across Ecuadorian coast and northern
NPC, with the strongest values (> 40 mm month ™ 1y over the southernmost and northeastern regions of the
Ecuadorian coast. Conversely, the slope ar shows negative regression coefficients between 0 and -20-mm
month ™! across central and southern parts of the northern Peruvian coast, south of 5.2°S, but are not statisti-
cally significant. These results indicate that the E index has a suppression effect over central and southern parts
of the northern Peru and Ecuador.

Figure 10(b) shows that the slope for the C index (ac) exhibits positive and negative regression coefficients
over the WCSA, but are not statistically significant, consistent in part with the negative correlation between
WCSA precipitation and the C index (figures 6(k)—(n)). The slope for the CITCZ index (acp;rcz) has negative
regression coefficients across the entire WCSA, consistent with the negative linear relationship between WCSA
precipitation and the CPITCZ index in the austral summer months (December, January and February)
(figures 6(r)—(t)). Conversely, the slope for the EPITCZ index (agprrcz) has positive regression coefficients
across the entire WCSA, which are twice larger as those for az. The predominance of positive regression coeffi-
cients aligns with the positive linear relationship between WCSA precipitation and the EPITCZ index
(figures 6(u)—(y)). The positive values of the slope agprrcz explains the suppression effect on the spatial pattern
of ag, as the strong correlation between the E and EPITCZ indices renders the E index redundant in certain
regions of WCSA. These findings suggest that the ITCZ indices (CPITCZ and EPITCZ) are the two best pre-
dictors for estimating and forecasting DJF precipitation anomalies across most of WCSA via a statistical down-
scaling model.

We replicated the MLRops model for DJF standardized precipitation anomalies over WCSA using pre-
dicted Pacific EI Nifio and ITCZ indices for the period 1992-2023 (hereafter MLRpggp; figure 11). The
MLRprep model accurately reproduces the interannual variability of DJF precipitation anomalies over the
northern region of northern Peruvian Andes (north of 5°S) and the Ecuadorian coast, based on the PIS-
COpv2.1 dataset. Significant positive correlations (> 0.6) were observed in all these regions, using the indepen-
dent testing data for 2012-2023 (figure 11(a)). The root mean square error (RMSEpggp) presents the lowest
values along the northern Peruvian coast (north of 5°S) and the Ecuadorian coast (< 1 STD) (figure 11(b)),
while the highest RMSE values occur over the central and south parts of the northern Peruvian coast, ranging
from 1.2 to 3 standard deviations.

The low RMSE values are consistent with the strong linear relationship between DJF precipitation in these
regions and the SST anomalies along the coast of northern Peru and Ecuador (Woodman 1998, Takaha-
shi 2004, Bazo et al 2013, De Guenni et al 2017), as well as with the southern shift of the central and eastern
Pacific ITCZ (Rossel and Cadier 2009, Sulca et al 2018). The good performance of the MLRprgp model suggests
inregions R1, R2 and R3 indicates that the predicted E, CPITCZ and EPITCZ indices by the GFDL-SPEAR
model can be utilized to forecast DJF precipitation over the northern Peruvian coast (north of 5°S) and Ecua-
dorian coast. In contrast, the highest RMSE values in regions R4 to R6 are primarily due to biases introduced by
the very low accumulated DJF precipitation in these desert areas (Rau et al 2017), which hinders accurate
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Figure 9. (a) Spatial correlation between the DJF precipitation anomalies in the western coast of South America (WCSA) for
topographic elevations below 1,500 m asl. by the multiple linear regression (MLRops) model during the austral summer seasons
(December-January-February, DJF) in the validation period 2012—2023. Crossed-out regions indicate statistically significant
correlations at the 95% confidence level. (b) The values of the root-mean-square error (RMSE) of the estimated precipitation for the
MLRogs model. The PISCOpv2.1 product was used in this analysis.
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Figure 10. The spatial pattern of the slope of the predictors of the MLR o5 model for each grid within western coast South America
for topographic elevations below 1000 m asl.: (a) the Eastern Pacific E1 Nifio SST (ag) index, (b) the Central Pacific EINifo SST (ac)
index, (c) the Central Pacific ITCZ (acprcz) index, and (d) the East Pacific ITCZ (agprrc) index. The calibration period of the
MLRogs model is 1982-2011. Crossed-out regions indicate statistically significant correlations at the 95% confidence level. The
validation period is 2012-2023. The PISCOpv2.1 dataset was used in this analysis.
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Figure 11. (a) Spatial correlation between observed and predicted DJF precipitation anomalies, which was initialized in December,
across the western coast of South America (WCSA) for topographic elevations below 1000 m asl. by the multiple linear regression

(MLRpggp) model during the austral summer season (December-January-February, DJF) in the validation period 2012-2023. The
MLRprgp model is based on the regressed coefficients (e.g., slope) of the MLR ops model. Crossed-out regions indicate statistically

significant correlations at the 95% confidence level. (b) The values of the root-mean-square error (RMSE) of the estimated

precipitation for the MLRprgp model. The PISCOpv2.1 product was used in this analysis.
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standardization. This issue is further exacerbated by the limited availability of rain-gauge stations in the region
(Aybar et al 2020).Therefore, the predictability offered by the MLR model for estimating and predict standar-
dized precipitation anomalies over central and southern portions of the northern Peruvian coast in regions R4
to R6 —where bias values and decadal signal are high—should be considered with caution.

We replicated the MLRops model for DJF standardized precipitation anomalies in six regions located
within WCSA for the period 1982-2023 (figure 12). The equations and their respective Pearson correlations of
the six MLR models are shown in table 1. We can see the none of the models considers C as a predictor, which
could be expected, given their low correlations reported above, while E is a predictor for most of the regions
except R6, with positive regression coefficients. On the other hand, the two Pacific ITCZ indices are considered
predictors in all of the models, with negative coefficients in the case of CPITCZ and positive coefficients in the
case of EPITCZ, with the latter being substantially larger than the coefficients for the E index.

During the DJF season, the MLR ops model reproduces the interannual variability of DJF standardized pre-
cipitation in all six regions within the WCSA, as the observed and estimated DJF seasons show a strong Pearson and
Spearman correlation coefficients (r > 0.55, p < 0.05) (figures 12(a)—(f)). However, the MLR s model shows a
notable bias, tending to overestimate precipitation by —0.5 to 1 STD, while it underestimates precipitation across
WCSA, except region R2 (western Ecuadorian coast), above 1 STD (figure 13). The underestimation in specific
years highlights the need of atmospheric forcings of moisture advection and divergence to estimate austral summer
WCSA precipitation as was hypothesized by De Guenni et al (2017). Table 1 shows that DJF WCSA precipitation is
modelled by a linear combination of the E index and the ITCZ (CPITCZ and EPITCZ) indices. This indicates that
DJF WCSA precipitation responds to deep convection caused by warm SST anomalies in the eastern Pacific Ocean
and the southward shift of the central and/or eastern parts of the Pacific ITCZ. While the East Pacific ITCZ plays a
significant role in DJF precipitation over WCSA, its influence is secondary to that of the E index.

DJF WCSA precipitation has high sensitivity to the diversity of El Nifio events, with eastern and central
Pacific warming or ITCZ enhancement produce opposing effects (Sulca et al 2018). However, climate forecast
models can only distinguish E and C events in boreal winter skillfully with very short lead times, on the order of
one month (Ren et al 2019). To assess predictability, we replicated the MLR model to predict DJE WCSA pre-
cipitation at a 3-month lead using the current (zero lead) Pacific El Nifio SST and ITCZ indices, but the model
showed very limited skill (not shown). These results indicate that the values of these indices during austral
spring (September—October—November, SON) seasons are insufficient to predict the evolution of the large-
scale climate system that is relevant for austral summertime precipitation in WCSA.

Additionally, we applied the MLR model for the six regions located within WCSA using the predicted E,
CPITCZ and EPITCZ indices from the GFDL-SPEAR model with the regression coefficients of MLRps (hereafter
MLRpggp; table 1). Table 1 illustrates that the MLRprgp model accurately predicts DJF standardized precipitation
anomalies for four out six regions within WCSA (R1, R2 and R6) exhibit strong positive Pearson correlations
(r>0.72,p < 0.05), except for regions R4, R5 and R6, which show a correlation below 0.49. In contrast, all six
WCSA regions exhibit non-significant Spearman correlations (table 1), suggesting that the MLRprgp model does
not reliably capture the rank-based variability in precipitation, specially under ENSO-neutral conditions. These
findings indicate that the GFDL-SPEAR model can predict DJF precipitation variability in the half of WCSA (R1, R2
and R3), except in the southern and central portions of the northern Peruvian coast (e.g., the regions R4, R5 and R6)
(figure 11). When comparing the correlation coefficients and RMSEs of the MLR s and MLRpggp in table 1, most
correlation coefficients and the RMSEs of the MLRops are closer than those of the MLRpggp, indicating than the
GFDL-SPEAR model can provide accurate MLR models for the DJF anomaly values of the WCSA precipitation
than the observed time series in the southern and central parts of the northern Peruvian coast. This is because the E
and EPITCZ indices from the GFDL-SPEAR model includes noise from the unrealistic SPCZ teleconnection as well
as overestimation precipitation teleconnections over Peru, unlike those in the observations. Moreover, this limita-
tion could be due to the inefficiency of the GFDL-SPEAR model in simulating the remote influence of the Cindex
on wind divergence over the eastern Pacific Ocean, which plays a key role in establishing the precipitation asym-
metry linked to southward shifts in the position of the Eastern Pacific ITCZ (Yu and Zhang 2018).

4. Discussion and conclusions

Predicting austral summer precipitation along the coasts of northern Peru and Ecuador is challenging. Extreme
precipitation tends to occur during El Nifio events that feature high SST near the coasts (Takahashi 2004).
However, even though several global climate models (GCMs) GCMs simulate the dynamics associated with
strong eastern Pacific E1 Nifo, they misrepresent the spatial patterns (Takahashi and Dewitte 2016, Cai et al
2018), which are important to determine the coastal impacts. This is most likely associated strongly with the
large mean climatological biases in the southeast Pacific that persist in the GCMs, with strong positive SST and
biases along the coast of Peru and Ecuador (Zhou et al 2020). Hence, the building of statistical downscaling
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Figure 12. The observed (blue line) and estimated average DJF precipitation time series by the MLRops model (red line) for six
regions located within the western coast of South America: (a) the region R1, (b) the region R2, (c) the region R3, (d) the region R4,
(e) the region R5, and (f) the region R6. The black numbers represent the correlation between observed and simulated by the MLR
model in the testing period 2012-2023. The black and dashed line represents DJF 2006. The PISCOPv21 dataset was used in this
analysis.
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Figure 13. Scatterplot of observed and predicted DJF standardized precipitation anomalies in six regions located within western
coast of South America: (a) the region R1, (b) the region R2, (c) the region R3, (d) the region R4, (e) the region R5 and (f) the region
R6. The blue cross using the period 1982-2011. The black circles using the period 2012-2023. The red line represents the function
identity (y = x). The analysis is based on the period 1982-2023.

Table 1. Multiple linear regression model (MLRops and MLRpRrgp) equation coefficients for estimating DJF
standardized rainfall anomalies of the six regions (R1, R2, R3, R4, R5 and R6) within the western coast of South America
(WCSA). Pearson and Spearman correlation coefficients and root-mean-square error (RMSE, in parenthesis) in
standard deviation between observed and estimated time series of DJF rainfall anomalies of the six WCSA regions (R1,
R2,R3, R4, R5 and R6) for the 20122023 testing period using observations and GFDL SPEAR forecasts as inputs.

Significant correlation coefficients at 95% confidence level are shown in bold.

MLR equation coefficients (1982-2023)

Corr. (RMSE)

Region Const. E C CPITCZ EPITCZ Obs Forecast

R1 —0.043 +0.31 0.0 —0.48 +0.33 0.77/0.63 (0.37) 0.76/0.40 (0.59)
R2 —0.031 +0.45 0.0 —0.46 +0.27 0.79/0.66 (0.30) 0.72/0.45 (0.55)
R3 0.027 —0.37 0.0 —0.39 +0.37 0.67/0.71 (0.38) 0.78/0.57 (0.56)
R4 —0.0025 +0.1 0.0 —0.36 +0.86 0.59/0.54 (0.29) 0.43/0.39(0.71)
R5 —0.006 +0.17 0.0 —0.43 +0.78 0.63/0.63 (0.36) 0.43/0.37 (0.76)
R6 —0.07 —0.16 0.0 —0.33 0.28 0.55/0.55 (0.61) 0.48/0.60 (0.66)
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models is a cost efficient way to take advantage of the useful information produced by GCMs to predict
precipitation in these regions. A previous study (Sulca et al 2018) showed that equatorial Pacific SST and
precipitation indices can be used as inputs into a linear regression model to reproduce the austral summer
precipitation in Peru, although they did not try to use forecast data as inputs. Consequently, this study focuses
on developing a multiple linear regression (MLR) model for DJF precipitation forecasting on these coasts using
observed and predicted indices of SST and precipitation (El Nifio and ITCZ).

The results indicate that the Eastern Pacific EI Nifio SST (E), and the East Pacific ITCZ (EPITCZ) precipitation
indices are positively correlated with the monthly precipitation along the northern Peru and Ecuador coasts, but
are stronger in the E and EPITCZ indices, with the highest positive correlations with EPITCZ over the WCSA
(figure 6). The positive correlation in these regions is maintained from October to February of the following year.
In contrast, the Central Pacific E1 Nifio SST (C) index presents a weak negative correlation with the WCSA pre-
cipitation from October to February of the following year. On the other hand, the Central Pacific ITCZ (CPITCZ)
index presents a statistically significant negative correlation in this region only in January and February.

The GFDL-SPEAR model produces reasonable forecasts of the DJF SST variability in the eastern Pacific
Ocean using December initial conditions, with strong and positive linear correlation between the observed and
predicted time series of the E index, (r > 0.7, p < 0.05; figure 7(a)), as well as the large EPITCZ value during El
Nifio in 1998, although the remaining variability of the EPITCZ index is only moderately well reproduced,
which is linked to the overestimation of the precipitation teleconnection over northern Peru (figure 8(d)) The
correlations of the GFDL-SPEAR model forecasts for the DJF central Pacific E1 Nifio SST (C) and CPITCZ
indices with observations are also strong and statistically significant (r > 0.70, p < 0.05; figures 7(c), (d)),
although the large negative CPITCZ value during E1 Nifo in 1998 was underestimated.

In principle, the E index could be used to predict monthly precipitation over most of the WCSA, as it presents high
correlations from October to February (figures 6(f)—(j)), consistent with Vavrus et al’s (2022) previous result, which
pointed out that the efficiency of the CFSv2 model’s forecasting of DJF precipitation over northwestern Peru is caused
by the efficiency of the forecasting of the SST anomalies in the Nifiol + 2 region. However, several studies have
reported that monthly SST anomalies in the eastern Pacific Ocean are not linearly related to monthly precipitation
anomalies along the western coast of South America, as the linear relationship changes when these anomalies surpass a
critical threshold (Woodman 1998, Jauregui and Takahahsi 2018, Takahashi and Martinez 2019).

Our results show that, when we also consider precipitation-based indices as potential predictors in a multi-
ple linear regression model, these are assigned larger weight than the SST-based indices. Particularly, the
EPITCZ index outperforms the E index in predicting DJF precipitation at each grid point within the WCSA in
the context of our model, probably reflecting the stronger physical connection between the WCSA precipita-
tion and the EPITCZ precipitation than with the SST-based E index. On the other hand, the larger weight that
CPITCZ has relative to the C index most likely reflects a more direct causality link between central Pacific
convection to the remote negative effects on precipitation via teleconnections (figures 5(b), (c)).

We tested the MLRops model in the six clusters along the northern Peru and Ecuador coasts and found that
performs well because the E, CPITCZ and EPITCZ indices correlate with the DJF precipitation across the
WCSA. However, it presents a lower skill for the southwestern Piura and the northernmost Lambayeque (R4)
and southern Lambayeque and northwestern La Libertad (R5), possibly due to a stronger reliance on the
EPITCZ index (table 1), which was not well forecasted by the GCM during the testing period (figure 7(d)). The
lower skill for the central part of western La Libertad (R6) regions likely caused by its weak connection to the
change of the equatorial Pacific SST anomalies (figure 4(f)). The highest RMSEs are observed along the south-
western most and central-western coast of Ecuador, which would be associated with the lack of other regional
and orographic precipitation forcings (Pefiaranda-Vélez et al 2024) in the architecture of the MLR model.

A priori, the main limitation of the MLR model for forecasting DJF precipitation anomalies across WCSA
would be the low GCM forecast skill for the EPITCZ index during moderate El Nifio conditions. Additionally,
the MLR model does not utilize other local precipitation-relevant predictors in its construction, such as ther-
modynamic indices (Rivas 2023) and tropical convection indices (Galvez and Davison 2016, Yuand
Zhang 2018), the coastal El Nifo (Takahashi et al 2018) or/and the combination of them (Mayta et al 2024),
which could be relevant for the reduction of the bias of the MLR model (Manzanas and Gutiérrez 2019). The
MLR model has some limitations in predicting the SON precipitation anomalies in the WCSA, as these are not
primarily driven by changes in large-scale circulation anomalies over South America, unlike DJF precipitation
anomalies, which respond to variations in the Eastern Pacific E1 Nifio and the central and eastern Pacific ITCZ
(CPITCZ and EPITCZ). The limited precipitation observed in WCSA before the austral summer results from
arid conditions between July and November (Rau et al 2017, Ilbay-Yupa et al 2021).

Finally, the improved predictions of DJF precipitation anomalies along the coast of northern Peru and Ecua-
dor using the MLR model may serve as input to enhance forecast-based actions to mitigate the impacts of
droughts and floods in the region (Caramanica et al 2020, Lala et al 2021). Furthermore, this new tool could allow
us to understand the impacts of climate change on WCSA precipitation and its predictability by explaining the
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near-future change of the variability of the Eastern Pacific El Nifio and the East Pacific ITCZ (Geng et al 2022). In
addition, the identification of new remote teleconnection for the austral summer WCSA precipitation such as the
cold phase of the Atlantic Meridional mode and the Tibetan Plateau thermal forcing, which intensify humidity
flux from the Amazon basin (Chiang and Vimont 2004, Xie et al 2023, Affram et al 2024; Zhang et al 2024), may
help to improve the current version of the MLR model. Furthermore, the enhanced Orinoco low-level jet and the
cold phase of the Pacific Meridional mode — that intensifies the northerly and westerly moisture flux from the
western tropical North Atlantic and the far-eastern Pacific (Chiang and Vimont 2004, Martinez et al 2022) — may
also play a relevant role. These westerly and easterly moisture flux forcings could be used to develop a new moist-
ure-transport-based MLR model to predict DJF WCSA precipitation in futures studies.
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