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A B S T R A C T   

Tropical Dry Forests (TDFs) in the Americas are significantly affected by drought related to El Niño Southern 
Oscillation (ENSO). The analysis builds upon two drought indices: the MODIS-derived Vegetation Condition 
Index (VCI) and Temperature Condition Index (TCI) and the Sea Surface Temperature (SST) anomaly in the Niño 
3.4 region. Temporal correlation analysis and Moving Window Correlation Analysis (MWCA) were used to 
explore the long-term and short-term responses at multiple sites. Results illustrate Gross Primary Productivity 
(GPP) at SRNP-EMSS (Santa Rosa National Park Environmental Monitoring Super Site) and PEMS (Parque 
Estadual da Mata Seca) in the dry season were negatively impacted by the long-term SST anomaly across multiple 
ENSO phases (warm, neutral, and cold phases), while there was no long-term impact at CCBR (Chamela-Cuix
mala Biosphere Reserve) and TVMWR (Tucabaca Valley Municipal Wildlife Reserve). Findings from a short-term 
perspective, suggest that the GPP at SRNP-EMSS and CCBR were sensitive to the ENSO warm phase. TDFs GPP at 
PEMS and TVMWR were resistant to El Niño. Our results reveal that stronger El Niño events may lead to severe 
droughts in more regions across TDFs, but there is no direct relationship between the intensity of an individual El 
Niño event and the precipitation condition in each study site. Except for their teleconnections, the biophysical 
characteristics and seasonality can impact the response of ENSO on the GPP.   

1. Introduction 

Tropical Dry Forests (TDFs) are ecosystems dominated by deciduous 
species, with mean annual precipitation of 700–2000 mm, an average 
annual temperature greater than 25 ◦C, and a dry season between 4 and 
6 months where the precipitation is less than 100 mm (Sanchez-Azofeifa 
et al., 2005). 

Global climate models predict more severe droughts, in terms of 
magnitude and duration, in TDFs (Castro et al., 2018; Chadwick et al., 
2016). TDFs are susceptible to droughts because the regimes of precip
itation determine phenological patterns and water availability is the 
limiting factor for plant growth and regeneration (Castro et al., 2018; 
Lopezaraiza-Mikel et al., 2013). One important source of droughts is El 
Niño Southern Oscillation (ENSO) (Gregory et al., 2019). ENSO is 
defined as a coupled mechanism between large-scale oceanic and at
mospheric circulation processes in the equatorial Pacific Ocean that 
affects global climate and weather (Juan et al., 2021). This mechanism 

leads to the redistribution of precipitation and temperature patterns for 
certain regions of the world (Cai et al., 2021). El Niño is the warm phase 
of ENSO resulting from a weakening of trade winds and warmer Sea 
Surface Temperature (SST) across the east and central tropical Pacific, 
while La Niña is the cold phase of ENSO associated with stronger trade 
winds and cooler SST (Cai et al., 2021). 

El Niño-induced droughts are pronounced in central America and 
north and northeast of South America where massive TDFs are located 
(Castro et al., 2018; Holmgren et al., 2001; Zou et al., 2020a). Severe El 
Niño-induced drought can change the structure and function of the 
forest ecosystem, destroy biodiversity, increase the mortality rate, and 
cause wildfires (Allen et al., 2010; Browne et al., 2021; Fahad et al., 
2019; 2021a). As such, the provision of ecosystem services is extremely 
affected (Fahad et al., 2021b). 

Satellite remote sensing has been broadly used to identify terrestrial 
biospheric dynamics linked to El Niño due to its advantages of high 
temporal resolution and large and consistent coverage areas (Doughty 
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et al., 2021). The satellite-derived Normalized Difference Vegetation 
Index (NDVI) is one of the most commonly used vegetation indices; it 
reflects greenness and vigor because it is highly correlated with green 
leaf density and chlorophyll content in plants (Piao et al., 2020). As a 
modified NDVI, the Enhanced Vegetation Index (EVI) has improved 
sensitivity for monitoring drought in high biomass regions such as 
Tropical Rainfall Forests (Doughty et al., 2021). Similarly, the indices 
derived from the combination of Near Infrared (NIR) and Shortwave 
Infrared (SWIR), for instance, Normalized Difference Water Index 
(NDWI) and Land Surface Water Index (LSWI) have been proven the 
sensitivity to capture the water content of vegetation (Bajgain et al., 
2015; Sun et al., 2013). There exist uncertainties for estimating vege
tation water content using NIR-SWIR indices when canopy density is low 
or has not reached ground closure. As a complement, Land Surface 
Temperature (LST) derived from Thermal Infrared (TIR) is a state 
parameter that is widely used in formulating the water and energy 
budget at the atmosphere-surface interface (Wan et al., 2020). It can be 
considered as a proxy for assessing the evapotranspiration and vegeta
tion water stress (Wan et al., 2020). Remote sensing drought indices, 
such as the Vegetation Condition Index (VCI), Normalized Difference 
Drought Index and the Temperature Condition Index (TCI) have been 
derived using time series of remotely sensed parameters (NDVI NDWI, 
and LST) to monitor vegetation stress and the effects of El Niño on 
vegetation (Bajgain et al., 2015). These drought indices allow vegetation 
stress and the impacts of El Niño on vegetation to be compared in 
different ecosystems in various regions (Zhang et al. 2017). 

Numerous studies have investigated the vulnerability and resistance 
of ecosystems to ENSO from a long-term perspective (Campos, 2018； 
Nagai et al., 2007). Mennis (2001) explored the relationship between 
the SST anomaly in Pacific Niño 3.4 and NDVI in the Southeast USA for 
the period 1982–1992. The result indicated that El Niño events triggered 
a decline in vegetation vigor, and the SST anomaly had the strongest 
correlation with the NDVI for deciduous forests and a weak correlation 
with the NDVI for evergreen forests and croplands. Nagai et al. (2007) 
examined the relationship among time-series NDVI, climate indices 
(precipitation, temperature, and incoming surface solar radiation), and 
ENSO proxy over tropical rainforests in the Amazon basin and south
eastern Asia from 1981 to 2000. Precipitation and temperature affected 
by ENSO are more important factors in controlling vegetation activities 
over tropical rainforests than incoming surface solar radiation. The 
teleconnections between ENSO and climate variables (e.g. precipitation 
and temperature) were reported by Campos in Santa Rosa National Park, 
Costa Rica, where TDFs inhabit. The driest and wettest periods on record 
happened in connection with strong El Niño and La Niña, respectively 
(Campos, 2018). 

On the other hand, a number of studies analyzed the ENSO-related 
impacts on various ecosystems in tropical regions (Castro et al., 2018; 
Doughty et al., 2021). Some previous studies investigated the short-term 
response of the vegetated surface to ENSO during an individual El Niño 
event (Anyamba et al., 2002; Boyd et al., 2002). However, such studies 
failed to assess the impacts of El Niño on ecosystems precisely because 
the El Niño-affected areas cannot be coherent between different El Niño 
events (Erasmi et al., 2009). For example, 2009/2010 ENSO-driven 
drought event mostly affected the western and southern Amazon Basin 
(Marengo et al., 2011), whereas the northern and southeastern regions 
were largely influenced by 2014/2016 ENSO-driven drought (Jiménez- 
Muñoz et al., 2016). To solve this problem, a Moving Window Corre
lation Analysis (MWCA) is more recently used to assess the tele
connection between El Niño and ecosystems based on multiple El Niño 
events (Erasmi et al., 2009;). For example, Erasmi et al. (2009) inves
tigated El Niño-related impacts on various tropical ecosystems in 
Indonesia during the period 1982–2006, by analyzing the relationship 
between monthly ENSO proxies and NDVI based on a MWCA. They 
found that the resistance of vegetation to drought stress is strongly 
affected by land-use intensity, and degraded forest areas and croplands 
are more sensitive to drought conditions than natural forests; Propastin 

et al. (2010) analyzed the vulnerability of vegetated surfaces over Africa 
to El Niño using MWCA for the period 1982–2006. The impacts of El 
Niño on vegetation largely depend on the vegetation type, and wooded 
and non-wooded vegetation types are more sensitive than tropical 
rainforests. In addition, Castro et al. explored the impact of drought on 
the productivity of TDFs in Santa Rosa National Park, Costa Rica during 
the 2014–2016 El Niño event. They found that gross primary produc
tivity declined by 13% and 42% during the 2014 and 2015 drought 
seasons, respectively (Castro et al., 2018). However, to our knowledge, 
no research on the teleconnection between ENSO signal and vegetation 
variability in TDFs has been published. 

The objective of this study is to quantify the response of TDFs to 
ENSO from long-term and short-term perspectives at multiple sites 
across the Americas. We use time-series satellite-based VCI and TCI as 
the response variables and the SST anomaly in the Niño 3.4 region as the 
ENSO proxy. Here we try to answer the following questions from a long 
and a short-term response, respectively: (1) From a long-term perspec
tive, what is the temporal correlation between VCI and TCI and SST 
anomalies at the seasonal scale? And (2) from a short-term perspective, 
what are the impacts of El Niño events on the TDFs based on the MWCA? 
This analysis is expected to contribute towards a deeper understanding 
of the vulnerability of TDFs to ENSO and the teleconnection between 
ENSO and climate variability across the Americas. 

2. Methods 

2.1. Study sites 

This study was conducted in four conservation areas of TDFs in the 
Americas: Chamela-Cuixmala Biosphere Reserve (CCBR) in Mexico, 
Parque Estadual da Mata Seca (PEMS) in Brazil, Santa Rosa National 
Park Environmental Monitoring Super Site (SRNP-EMSS) in Costa Rica, 
and Tucabaca Valley Municipal Wildlife Reserve (TVMWR) in Bolivia 
(Fig. 1). These study areas cover different latitudes ranging from 18◦15′S 
to 19◦30′N in the Americas. Mean Annual Precipitation (MAP) at the 
CCBR (763 mm) and PEMS (818 mm) is less, and that at the SRNP-EMSS 
(1390 mm) and TVMWR (1234 mm) is abundant. These sites have a 
similar Mean Annual Temperature (MAT), around 25 ◦C. The start time 
and end time of the dry season and wet season are different (Table 1). 
The study sites comprise of secondary TDFS on different levels of 
ecological succession (Madeira et al., 2009; Janzen, 1998; Portillo- 
Quintero et al., 2015). 

Study areas were chosen for two reasons. In the first place, the dy
namics of TDFs in study areas were only affected by environmental 
factors, such as precipitation and temperature, instead of the effect of 
human activities. Secondly, study sites distributed along a latitudinal 
gradient in the Americas are significantly affected by ENSO. 

2.2. Remote sensing drought indices 

As one of the most widely used drought indexes, the Vegetation 
Drought Index (VCI) was calculated using the Normalized Difference 
Vegetation Index (NDVI), which is highly relevant to greenness and 
vegetation vigor and can be viewed as a proxy of photosynthetic activity 
(Piao et al., 2020). As a complement, the Temperature Drought Index 
(TCI) is calculated from Land Surface Temperature (LST), which is 
closely related to vegetation water stress, soil moisture, and evapo
transpiration (Karnieli et al., 2010; Kogan, 1995; Kogan,1997). The 
monthly VCI and TCI were obtained using the following formula: 
VCIij = (NDVIij − NDVIjmin)/(NDVIjmax − NDVIjmin)*100 (1)  

TCIij = (LSTjmax − LSTij)/(LSTjmax − LSTjmin)*100 (2)  

Where i describes the i th year, j represents the j th month, and NDVI j max 
and NDVI j min represent the maximum and minimum NDVI value in the j 
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th month across all the years, respectively. LST j max and LST j min 
represent the maximum and minimum LST value in the j th month across 
all the years, respectively. The drought grades can be classified using 
drought indices (Table 2) (Kogan, 1995; Kogan,1997). 

We retrieved the sixteen-day and eight-day Terra Moderate Resolu
tion Imaging Spectroradiometer (MODIS) NDVI (MOD13Q1, collection 
v006) and LST (MOD11A2, collection v006) products with 250-m and 1- 
km resolution from March 2000 to March 2017 at reverb echo (http:// 
reverb.echo.nasa.gov/reverb/). These images were re-projected to 
Universal Transverse Mercator with central zone 16 N◦ and WGS84. The 

monthly NDVI and LST were aggregated on a linear weight average of 
sixteen-day NDVI and eight-day LST after removing the missing data 
based on the quality file. The weight for each sixteen-day NDVI and 
eight-day LST imagery is calculated by the number of days belonging to 
each month divided by the total number of days in the month (Rhee 
et al., 2010). 

2.3. ENSO index 

The intensity of a specific ENSO event can be described via various 
ENSO proxies. According to the definition of the National Oceanic and 
Atmospheric Administration (NOAA), an ENSO warm (cold) event is a 
phenomenon in the equatorial Pacific Ocean characterized by five 
consecutive three-month running mean of SST anomalies at or above +
0.5 ◦C (at or below − 0.5 ◦C) in the Niño 3.4 region (5◦S–5◦N, 
120◦W–170◦W). ENSO events can be classified as Table 3. As such, El 
Niño events in 08/2004–03/2005 and 10/2006–02/2007 were classi
fied as weak, those in 07/2002–03/2003 and 08/2009–04/2010 were 
classified as moderate, and those in 12/2014–06/2016 were classified as 
very strong (Fig. 2). Each El Niño event was inter-seasonal for four study 

Fig. 1. Study sites in the Americas.  

Table 1 
Description of the study sites.  

Site Location Area Mean annual precipitation (MAP) Mean annual temperature (MAT) Dry season Wet season 
CCBR,Mexico 19◦30′N,104◦58′W 127 km2 763 mm 24.6◦ Nov-May Jun-Oct 
SRNP-EMSS,Costa Rica 10◦48′N,85◦36′W 108 km2 1390 mm 26.6◦ Dec-Apr May-Nov 
PEMS,Brazil 14◦51′S,43◦59′W 116 km2 818 mm 24◦ May-Oct Nov-Apr 
TVMWR,Bolivia 18◦15′S,59◦15′W 1937 km2 1234 mm 23.9◦ Jun-Oct Nov-May  

Table 2 
Classification of remote sensing-based drought indices VCI and TCI.  

Name of class VCI TCI 
Extreme drought 0–10 0–10 
Severe drought 10–20 10–20 
Moderate drought 20–30 20–30 
Mild drought 30–40 30–40 
Abnormally dry 40–50 40–50 
No drought 50–100 50–100  
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sites. Therefore, we selected an SST anomaly in the Niño 3.4 region as an 
ENSO proxy in this study. The monthly SST anomaly can be obtained at 
(http://www.cpc.ncep.noaa.gov/). The teleconnection between SST 
anomalies in Niño 3.4 and the terrestrial biosphere has been docu
mented for South America, Southeast Asia, and Africa (Jiménez-Muñoz 
et al., 2016; Propastin et al., 2010). 

2.4. Temporal correlations between VCI and TCI and SST anomalies at 
the seasonal scale 

To understand the teleconnection between ENSO and TDFs from a 
long-term perspective, the temporal correlations between time series 
VCI and TCI and SST anomalies in Niño 3.4 were conducted for the dry 
and wet season, respectively. Time duration and time lag are two key 
parameters for temporal correlations. Time duration refers to the period 
of the mean SST anomalies. The value of an SST anomaly in a specific 
duration is the mean of the monthly SST anomalies in the period. Time 
lag refers to the interval between the occurrence of the change in an SST 

anomaly and the change in drought indices. A time duration from 1 to 
24 months and a time lag from 0 to 5 months were adopted in the 
temporal correlation analysis. As a result, there are 144 (24*6) corre
lation coefficients for the dry season and wet season in each study site 
(Table 4). 

2.5. Moving window correlation analysis (MWCA) 

To evaluate the impacts of different El Niño events from March 2000 
to March 2017 on TDFs in our study sites, a Moving Window Correlation 
Analysis (MWCA) approach was used (Erasmi et al., 2009). MWCA is a 
powerful statistical method used to investigate variations in relation
ships between two variables in time. The MWCA uses a window with a 
defined size moving across two time-series data, and the local correla
tion coefficient is retrieved at each time point. The result of a MWCA is a 
time series of correlation coefficients with the same dimension as the 
input of two time-series data. In addition, the result of MWCA varies 
with the window size (Erasmi et al., 2009). 

In this study, MWCA was conducted through two steps. In the first 
step, the optimal window size was selected by minimizing the four- 
study-site mean of one-step Root Mean Square Forecast Errors 
(RMSFEs) (Inoue et al., 2017). The one-step RMSFEs were obtained from 
monthly VCIs and TCIs as functions of monthly SST anomalies for the 
window sizes from 5 to 24 months in four sites. Then, eight one-step 
RMSFEs (2 response variables*4 sites) were averaged for each window 
size. The optimal window size was selected as the one corresponding to 
the minimum four-study-site mean of one-step RMSFEs. In the second 
step, the time-series correlation coefficients and p-values were extracted, 
with VCI and TCI as response variables, and the SST anomaly as an in
dependent variable using MWCA at the optimal window size, imposing 
different time lags from 0 to 5 months into correlation analysis. 

Table 3 
Classification of ENSO based on SST anomaly.  

SST anomaly Degree ENSO type 
SST ≥ 2 Very strong El Niño 
1.5 ≤ SST < 2 Strong El Niño 
1.0 < SST ≤ 1.5 Moderate El Niño 
0.5 < SST ≤ 1.0 Weak El Niño 
− 0.5 < SST < 0.5 NaN Neutral 
− 1.0 < SST ≤ − 0.5 Weak La Niña 
− 1.5 < SST ≤ − 1.0 Moderate La Niña 
− 2.0 < SST ≤ − 1.5 Strong La Niña 
SST ≤ 2.0 Very strong La Niña  

Fig. 2. The monthly SST anomaly in the Niño 3.4 region. The five El Niño events from March 2000 to March 2017 have been highlighted.  

Table 4 
Temporal patterns (24 time durations * 6 time lags) of correlations between the VCI and TCI and the corresponding multi-scale SST anomalies. The numbers in the cells 
show the time period for the mean of SST anomalies. Zero corresponds to the current month, one indicates the first previous month, and zero to one shows the period 
from the current month to the first previous month.   

Duration 
Lag 1 2 3 4 5 6 7 8 9 … 23 24 
0 0 0–1 0–2 0–3 0–4 0–5 0–6 0–7 0–8 … 0–22 0–23 
1 1 1–2 1–3 1–4 1–5 1–6 1–7 1–8 1–9 … 1–23 1–24 
2 2 2–3 2–4 2–5 2–6 2–7 2–8 2–9 2–10 … 2–24 2–25 
3 3 3–4 3–5 3–6 3–7 3–8 3–9 3–10 3–11 … 3–25 3–26 
4 4 4–5 4–6 4–7 4–8 4–9 4–10 4–11 4–12 … 4–26 4–27 
5 5 5–6 5–7 5–8 5–9 5–10 5–11 5–12 5–13 … 5–27 5–28  
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3. Results 

3.1. Monthly variation of NDVI and LST 

The phenological characteristics of NDVI and LST were similar for 
CCBR in Mexico, and SRNP-EMSS in Costa Rica, both of which are 
located in the northern hemisphere (Fig. 3a–d). PEMS in Brazil and 
TVMWR in Bolivia are located in the southern hemisphere have similar 
trends (Fig. 3e–h). 

Overall, the median NDVIs in the dry season were lower than those in 
the wet season, while the median LSTs in the dry season were higher 
than those in the wet season at the four sites of TDFs (Fig. 3). The NDVIs 
increased sharply when the wet season arrives. Then they grew slowly 
until to a high level (about 0.85) in the late wet season. NDVIs decreased 
slowly when the dry season began and then decreased gradually to a low 
level (under 0.6) in the late dry season. LSTs in our study sites increased 
mildly when the dry season started and reached high values (above 308 
K) in the dry season. However, the temporal variations for the LSTs at 
our study sites were not consistent in the wet season, although all of 
them showed low values (under 302 K) in the wet season. LSTs 
decreased mildly when the wet season started, and sharply in the second 
month of the wet season at the CCBR in Mexico, and the SRNP-EMSS in 
Costa Rica. The sharp decrease occurred in the first month of the wet 
season at the PEMS in Brazil. The decrease at the TVMWR in Bolivia was 
gradual during the wet season. The largest variations occurred in the 
transitional season from dry to wet season in terms of both NDVI and LST 
at the four sites. 

3.2. The temporal relationship between SST anomalies and VCI and TCI 

Table 5 shows the teleconnection of the SST anomaly to the VCI and 
the TCI in the dry and wet seasons for each study site. At the CCBR, 
Mexico, the VCI in the dry season (November–May) was positively 
affected by the 3-month average of SST anomalies without a time lag. At 
the SRNP-EMSS, Costa Rica, the VCI and TCI in the dry season 
(December–April) were negatively influenced by the 2-month average of 
SST anomalies with a 5-month lag and 1-month SST anomalies with a 1- 
month lag; the TCI in the wet season (May–November) was negatively 
affected by the 3-month average of SST anomalies. At the PEMS, Brazil, 
the VCI and TCI in the dry season (May–October) were negatively 
affected by the 3-month average of SST anomalies without a time lag and 
the 2-month average of SST anomalies without a time lag; the TCI in the 
wet season (Nov–April) was negatively affected by the 2-month average 
of SST anomalies without a time lag. At the TVMWR, Bolivia, VCI in the 
wet season (Nov–May) was positively affected by 21- month averages of 
SST anomalies without a 5-month lag. 

Table 5 illustrates that both the VCI and TCI of SRNP-EMSS, Costa 
Rica and PEMS, Brazil were negatively affected by SST anomalies in the 
dry seasons. For the further analysis, Fig. 4 shows the correlation co
efficients between the VCI and TCI at the SRNP-EMSS, Costa Rica and 
PEMS, Brazil and multiple SST anomalies (time durations from 1 to 24 
months; time lag from 0 to 5 months). The results illustrate that both the 
VCI and TCI at the SRNP-EMSS, Costa Rica and the PEMS, Brazil in the 
dry season were negatively affected by several specific SST anomalies 
simultaneously. The temporal relationship between SST anomalies and 
VCIs and TCIs at four sites for both the dry and wet season are in the 
Supplementary Materials. In particular, the duration of these SST 
anomalies was less than 13 months. The lag time of these SST anomalies 
ranged from 0 to 5 months at the SRNP-EMSS, Costa Rica and from 0 and 
3 months at the PEMS, Brazil. 

3.3. The impacts of El Niño events on TDFs 

Figure 5 shows the average of eight one-step RMSFEs obtained from 
the VCIs and TCIs of four study sites as the function of SST anomalies for 
different window sizes (5 to 24 months). The result indicated low 

average one-step RMSFEs occurred at window sizes of 15 and 16 
months. Lower RMSFEs can also be observed in larger window sizes, but 
in these cases, the window sizes exceed the total lengths of El Niño 
events. Thus, the optimal window size is selected as 15 months, as an 
odd number is more convenient for the further MWCA. 

The results of MWCA revealed that temporal patterns in responses of 
VCIs and TCIs to SST anomalies were nonstationary (Supplementary 
Materials). Time lag is a key parameter affecting the MWCA between 
VCIs and TCIs and SST anomalies. The temporal regions of significantly 
negative correlations between VCIs and TCIs and SST anomalies illus
trated the potential occurrence of El Niño-related drought. The temporal 
patterns of El Niño periods and the corresponding periods and time lags 
of El Niño-driven VCI and TCI decrease in four study sites are summa
rized in Table 6. This reveals the impacts of El Niño events on TDFs over 
the four study sites from March 2000 to March 2017. Five El Niño events 
led to 3, 2, 2, 2, and 1 times of VCI decrease, and 2, 1, 2, 1, and 4 times of 
TCI decrease in four study sites in turn 

4. Discussion 

4.1. Teleconnection between ENSO and precipitation over TDFs 

The predominant factor for the growth of TDFs is water availability 
(Cao et al., 2016; Castro et al., 2018). Thus, the responses of TDFs to SST 
anomalies are largely influenced by the teleconnections between ENSO 
and precipitation. The VCI and TCI are complementary indicators that 
reflect the precipitation conditions over TDFs (Cao et al., 2016; Castro 
et al., 2018). As such, ENSO is considered to play a key role in precip
itation over TDFs when either the VCI or TCI is significantly influenced 
by SST anomalies. 

The teleconnections differ because ENSO events are unique; and they 
differ in space, time, and amplitude (Capotondi et al., 2015). SST 
anomalies across multiple ENSO phases (warm, neutral, and cold pha
ses) can affect precipitation regimes in study sites. 

Precipitation patterns at the CCBR, Mexico, SRNP-EMSS, Costa Rica, 
and PEMS, Brazil were influenced by short-duration SST anomalies. 
Likewise, the 2014 and 2015 seasonal precipitation amounts in the 
SRNP-EMSS, Costa Rica represent a 30% and 63% reduction in precip
itation due to warm ENSO, respectively (Castro et al., 2018). The pre
cipitation patterns at the TVMWR, Bolivia was affected by the long- 
duration SST anomalies. In additions, higher SST anomalies across 
multiple ENSO phases tend to trigger excessive precipitation at the 
CCBR, Mexico and TVMWR, Bolivia, and less precipitation at the SRNP- 
EMSS, Costa Rica and the PEMS, Brazil. Our results are consistent with 
previous studies that the marked interannual variability in precipitation 
over TDFs in the Santa Rosa, Costa Rica is largely driven by ENSO; and 
the wettest and driest periods are attributed to La Niña and El Niño 
(Campos, 2018). 

SST anomalies during the ENSO warm phase can lead to droughts in 
study sites (Table 7). It implies that the intensity of an El Niño event 
plays an important role in drought conditions for a wide region instead 
of a specific local region. In other words, stronger El Niño events may 
lead to severe droughts in more regions across TDFs, but there is no 
direct relationship between the intensity of an individual El Niño event 
and the precipitation condition in each study site. The climate condi
tions at SRNP-EMSS, Costa Rica, CCBR, Mexico and TVMWR, Bolivia are 
sensitive to El Niño events. The short-term teleconnection between SST 
anomalies during the ENSO warm phase and precipitation was weak for 
the PEMS, Brazil. But long-term teleconnection between SST anomalies 
across multiple ENSO phases (warm, neutral, and cold) and precipita
tion was significant. It revealed that the precipitation over the PEMS, 
Brazil should be strongly influenced by the ENSO cold phase (La Niña) 
instead of the warm phase (El Niño). 
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Fig. 3. Monthly NDVI and LST distributions across the latitudinal gradient of TDFs in the Americas from March 2000 to March 2017.  
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4.2. Teleconnection between ENSO and the productivity of TDFs 

The primary response of forests to climate anomalies is a decline in 
productivity (Dale et al., 2001). One of the mainstream approaches to 
estimate GPP globally is based on the light-use efficiency (LUE) concept 
(Running et al., 2004). The productivity of TDFs is considered to be 
affected by ENSO when both VCI and TCI have significant correlations 
with specific SST anomalies (Supplementary Materials). 

SST anomalies across multiple ENSO phases (warm, neutral, and cold 
phases) potentially affect the GPP of TDFs in the dry season rather than 
wet season. One of the reasons is that the abundant precipitation in the 
wet season which can mitigate the effect of climate anomalies (Zou 
et al., 2020a; b). The GPP at CCBR, Mexico and TVMWR, Bolivia in the 

dry season were not significantly influenced by SST anomalies. This is 
because the TCI at CCBR, Mexico and both the VCI and TCI at TVMWR, 
Bolivia in the dry season did not respond to the specific precipitation 
pattern related to ENSO. The GPP at the SRNP-EMSS, Costa Rica and the 
PEMS, Brazil in the dry season were significantly influenced by SST 
anomalies (Fig. 4). This result is consistent with our previous work that 
the GPP of TDFs at the SRNP-EMSS are sensitive to precipitation in the 
dry season (Zou et al., 2020b). 

The GPP of TDFs in SRNP-EMSS, Costa Rica are the most sensitive to 
El Niño events, followed by those in CCBR, Mexico (Table 8). It implies 
that the teleconnections between SST anomalies during ENSO warm 
phases and climate conditions are strong, and TDFs are sensitive to El 
Niño-driven droughts. Previous study indicated the GPP of TDFs at 
SRNP-EMSS was reduced by 13% and 42% due to El Niño-driven 

Table 5 
The extremums of temporal correlations between the VCI and TCI and SST 
anomalies in the dry and wet season across the latitudinal gradients of TDFs. The 
extremum (Rmax (duration, lag) or Rmin (duration, lag)) for the dry season and 
wet season in each study site was selected from 144 (24 duration*6 lag) corre
lation coefficients. If the maximum absolutes are obtained by the positive cor
relations, the extremums are chosen as the maximum values; if the maximum 
absolutes are obtained by negative correlations, the extremums are chosen as the 
minimum values. The stars indicate significant correlations with a p-value less 
than 0.05. No stars indicate that p-values greater than 0.05. Bold fonts indicate 
the significant correlations.  

Sites VCI-SST anomaly correlation TCI-SST anomaly correlation 
Dry season Wet season Dry season Wet season 

CCBR, 
Mexico 

Rmax(3,0) ¼
0.34* 

Rmin(3,5) =
-0.13 

Rmin(24,5) =
-0.14 

Rmin(5,3) =
-0.17 

SRNP-EMSS, 
Costa Rica 

Rmin(2,5) ¼
-0.42* 

Rmax(24,5) =
0.14 

Rmin(1,1) ¼
-0.58* 

Rmin(3,0) ¼
-0.32* 

PEMS, Brazil Rmin(3,0) ¼
-0.38* 

Rmin(14,0) =
-0.27 

Rmin(2,0) ¼
-0.45* 

Rmin(2,0) ¼
-0.36* 

TVMWR, 
Bolivia 

Rmax(1,0) =
0.20 

Rmax(21,5) ¼
0.35* 

Rmax(24,5) =
0.12 

Rmax(16,5) =
0.27  

Fig. 4. The response of TDFs to SST anomalies from a long-term perspective in SRNP-ENSS and PEMS in the dry season. Orange circles represents negative cor
relations (significance level = 0.05). The blank gaps showed no significant correlations. The circle sizes are corresponding to the absolute values of correlation 
coefficients. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.) 

Fig. 5. The mean of 8 one-step RMSFEs derived from VCIs and TCIs of four 
study sites as the function of the SST anomalies, using different window sizes (5 
to 24 months). 
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droughts in 2014 and 2015 (Castro et al., 2018). However, the GPP of 
TDFs over PEMS, Brazil and TVMWR, Bolivia is resistant to El Niño 
events. Although the ocean–atmosphere coupling for TVMWR and 
Bolivia during El Niño events is strong, the TDFs are resistant to El Niño- 
driven droughts due to their biophysical characteristics, which can be 
reflected by higher greenness and lower surface temperature (Fig. 3(g) 
and (h)). The weak ocean–atmosphere coupling during ENSO warm 
phase for TVMWR, Brazil is the reason for the resistance of TDFs to El 
Niño events. It also implies that the primary response of TDFs to SST 
anomalies does not depend on the intensity of El Niño events for each 
site and the whole region. This is due to two reasons. First, the effects of 
SST anomalies on precipitation in a specific site are not consistent be
tween El Niño events. On the other hand, TDFs have some resistance to 
the El Niño driven drought. 

4.3. Comparison of VCI and TCI in response to climate condition 

The relationship between the VCI and TCI and SST anomalies can 
indirectly reflect how greenness and canopy surface temperature 
respond to climate conditions (Zou et al., 2020a). The capacities of 

greenness and canopy surface temperature over TDFs reflecting climate 
conditions vary with season and site. Greenness is sensitive to precipi
tation at the CCBR, Mexico in the dry season and at the TVMWR, Bolivia 
in the wet season. On the other hand, although both greenness and 
evapotranspiration are good indicators to reflect the climate condition at 
the SRNP-EMSS, Costa Rica and the PEMS, Brazil in the dry and wet 
seasons, the canopy surface temperature is more sensitive to precipita
tion than greenness. Our results agreed with previous studies that 
greenness is more sensitive for drought monitoring in the dry and 
growing seasons over TDFs, but canopy surface temperature performed 
better in the wet and senescence seasons (Zou et al., 2020a). Greenness 
and evapotranspiration at TDFs are complementary biophysical and 
state properties which can reflect the intensity of El Niño-driven 
droughts. The shorter time lags of TCI-SST anomalies for the CCBR, 
Mexico and the SRNP-EMSS, Costa Rica hints that evapotranspiration 
has a stronger capacity to capture the onset of El Niño-driven droughts at 
the CCBR, Mexico and SRNP-EMSS, Costa Rica, where El Niño tends to 
trigger severe impacts on the GPP of TDFs. 

Table 6 
El Niño periods and corresponding periods and time lags of El Niño-driven VCI and TCI decrease. The periods of El Niño-driven VCI and TCI decrease are the in
tersections of three periods: (1) the periods between El Niño outbreaks and El Niño ending plus the maximum lag time (5 months), (2) the periods in which the results of 
MWCA based-VCIs and TCIs and SST anomaly were negatively significant, and (3) the periods in which VCIs and TCIs are less than 50 (threshold for drought).  

El Niño 
episode 

El Niño- 
drivenVCI 
decrease 
(CCBR,Mexico) 

El Niño-driven 
TCI decrease 
(CCBR, 
Mexico) 

El Niño-driven 
VCI decrease 
(SRNP-EMSS, 
Costa Rica) 

El Niño-driven TCI 
decrease(SRNP- 
EMSS,Costa Rica) 

El Niño- 
drivenVCI 
decrease 
(PEMS,Brazil) 

El Niño- 
drivenTCI 
decrease(PEMS, 
Brazil) 

El Niño- 
drivenVCI 
decrease 
(TVMWR, 
Bolivia) 

El Niño-drivenTCI 
decrease 
(TVMWR,Bolivia) 

07/2002–03/ 
2003(9 
month) 
Moderate 

02/2003–06/ 
2003 
Time lag = 4 

02/2003–05/ 
2003 
Time lag = 3 

01/2003–03/ 
2003 
Time lag = 2 

02/2003–04/2003 
Time lag = 1 

None None 07/2002–12/ 
2002 
Time lag = 0 

None 

08/2004–03/ 
2005 (8 
month) 
Weak 

10/2004–05/ 
2005 
Time lag = 5 

09/2004–04/ 
2005 
Time lag = 4 

12/2004–07/ 
2005 
Time lag = 5 

None None None None None 

10/2006–02/ 
2007(5 
month) 
Weak 

01/2007–07/ 
2007 
Time lag = 5 

01/2007–06/ 
2007 
Time lag = 4 

01/2007–03/ 
2007 
Time lag = 3 

10/2006,01/2007/ 
–02/2007 
Time lag = 2 

None None None None 

08/2009–04/ 
2010 (9 
month) 
Moderate 

None None 08/2009 
Time lag = 2 

09/2009–04/2010 
Time lag = 0 

None None 09/2015 
Time lag = 5 

None 

12/2014–06/ 
2016 
(19 month) 
Very strong 

None 08/2015–09/ 
2015 
Time lag =
211/2015 
Time lag = 5 

03/2015 
Time lag = 501/ 
2016–04/2016 
Time lag = 2 

03/2015–08/ 
2015,12/2015–04/ 
2016Time lag = 006/ 
2016-10/2016Time 
lag = 2 

None 01/2015–06/ 
2015 
Time lag =
212/2015–08/ 
2016Time lag 
= 1 

None 04/2016–05/ 
2016Time lag =
207/201608/ 
2016Time lag = 1  

Table 7 
Five El Niño events and corresponding El Niño-driven droughts in each study site. One indicates that the El Niño event trigger drought. Zero indicates the El Niño event 
does not trigger drought. Total El Niño percentage is the total times of occurrence of droughts in each site divided by the total times of El Niño events. Total sites 
percentage is the total times of occurrence of droughts in El Niño event divided by the total number of study sites.  

El Niño episode El Niño-driven drought 
(CCBR, Mexico) 

El Niño-driven drought (SRNP- 
EMSS, Costa Rica) 

El Niño-driven drought 
(PEMS, Brazil) 

El Niño-driven drought 
(TVMWR, Bolivia) 

Total sites 
percentage 

07/2002–03/2003 (9 month) 
Moderate 

1 1 0 1 75% 

08/2004–03/2005 (8 month) 
Weak 

1 1 0 0 50% 

10/2006–02/2007 (5 month) 
Weak 

1 1 0 0 50% 

08/2009–04/2010 (9 month) 
Moderate 

0 1 0 1 50% 

12/2014–06/2016 (19 
month)Very strong 

1 1 1 1 100% 

Total El Niño percentage 80% 100% 20% 60% 65%  
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5. Conclusions 

The relationship between SST anomalies in the Pacific Niño 3.4 re
gion, and remote sensing drought indices is key to understand how 
ENSO influences climatology, and therefore the GPP of TDFs in the 
Americas. We found stronger El Niño events tend to cause severe 
droughts in more regions. However, there is no evidence of direct 
relationship between the intensity of an individual El Niño event and the 
precipitation condition in each study site. Except for their tele
connections, the biophysical characteristics and seasonality can influ
ence the response of ENSO on the GPP of TDFs. We also found that 
ecosystem level greenness and canopy surface temperature are com
plementary indicators to better understand climatic conditions at TDFs 
in the Americas. 

There are several limitations that should be considered in the future. 
Firstly, although we implemented the spatial analysis in the study sites 
(Supplementary Materials), the analysis for spatial variation is the 
weakness due to choosing the natural reserves as our study sites instead 
of the whole TDFs in the world. This is because our method could not 
take the effect of land change due to the deforestation, degradation, and 
wildfire into account. Secondly, to reduce the uncertainties, accurate 
estimate of the GPP is necessary. Multiple data resources (remote 
sensing, in-situ, and modelling) should be integrated to estimate GPP for 
TDFs. In the future work, we will improve our method for removing 
impacts due to land use and combine multiple data source to estimate 
GPP, which will help better understand the relationship between bio
physical and state parameters of TDFs and ENSO temporally and 
spatially. 

This work has two implications. In the first place, the vulnerability 
and resistance of TDFs to teleconnection varies with seasonal timing. 
Secondly, the impacts of ENSO-driven drought on TDFs depend on the 
intensity and of ENSO, as well as their biophysical properties and 
phenology. Our results may facilitate the development of management 
and protection policies of TDFs, since they identify the main drivers 
influencing the productivity of TDFs. 
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