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Intact tropical rainforests have been exposed to severe droughts in recent decades, which
may threaten their integrity, their ability to sequester carbon, and their capacity to pro-
vide shelter for biodiversity. However, their response to droughts remains uncertain
due to limited high-quality, long-term observations covering extensive areas. Here, we
examined how the upper canopy of intact tropical rainforests has responded to drought
events globally and during the past 3 decades. By developing a long pantropical time
series (1992 to 2018) of monthly radar satellite observations, we show that repeated
droughts caused a sustained decline in radar signal in 93%, 84%, and 88% of intact
tropical rainforests in the Americas, Africa, and Asia, respectively. Sudden decreases in
radar signal were detected around the 1997-1998, 2005, 2010, and 2015 droughts in
tropical Americas; 1999-2000, 2004-2005, 2010-2011, and 2015 droughts in tropical
Africa; and 1997-1998, 2006, and 2015 droughts in tropical Asia. Rainforests showed
similar low resistance (the ability to maintain predrought condition when drought
occurs) to severe droughts across continents, but American rainforests consistently
showed the lowest resilience (the ability to return to predrought condition after the
drought event). Moreover, while the resistance of intact tropical rainforests to drought
is decreasing, albeit weakly in tropical Africa and Asia, forest resilience has not increased
significantly. Our results therefore suggest the capacity of intact rainforests to withstand
future droughts is limited. This has negative implications for climate change mitigation
through forest-based climate solutions and the associated pledges made by countries
under the Paris Agreement.

rainforests | drought | remote sensing | radar

Global tropical rainforests absorb large amounts of carbon—an ecosystem service that
offsets a large portion of the world’s anthropogenic carbon emissions (1). Human activ-
ity is encroaching into tropical rainforests worldwide (2), making the service provided
by the remaining intact tropical rainforests (i.e., those not affected by direct anthropo-
genic deforestation) increasingly valuable (3). However, intact tropical rainforests have
suffered frequent droughts in recent decades (4-7). How have intact tropical rainforests
responded to droughts in the past? Will they be able to buffer future droughts? The
answers to these two questions remain uncertain, since some studies have reported
strong drought resistance (8, 9), while others predict drought-induced tropical forest
dieback (10).

A major reason for this uncertainty is the scarcity of long-term and spatially exten-
sive monitoring of tropical rainforests. Long-term observation is important because the
impact of repeated droughts cannot be easily inferred from the short-term impact of
individual droughts (11). Studies of a few severe drought events (4-8, 12-14) do not
highlight the long-term response of tropical rainforests, which is crucial for predicting
the forest response to future droughts. Extensive spatial coverage is needed as local
studies have given conflicting results (15-17).

One long-term global data set that can provide indications on the response of intact
tropical rainforests to drought is represented by the “greenness” of vegetation derived
from optical remote sensing observations. However, interpretation of tropical rainforest
greenness trends may lead to misleading conclusions due to issues such as cloud con-
tamination (8, 18-20). Microwave signals acquired during all weather conditions over-
come the problem of pervasive cloudiness over wet tropical forests. As such, microwave
signals have the potential to provide a significant advance in the understanding of
drought effects on tropical rainforests.

Microwave signals acquired by either passive (radiometer) or active (radar) sensors
are sensitive to forest water content (total mass of water in aerial living tissues), which
is related to forest dry biomass and tissue moisture (mass of water per unit mass of dry
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Drought events affecting tropical
rainforests are expected to
become more frequent due to
climate change. However, the
ability of tropical rainforests to
withstand drought remains
controversial. We developed a
radar data set that quantifies how
global intact tropical rainforests
have responded to droughts
continuously since 1992. The
radar instruments used in this
study actively sense moisture
levels of forest canopies, and they
are insensitive to cloud cover. We
found a long-term declining trend
of radar signal in all three
continents, and that most intact
tropical rainforests have become
increasingly vulnerable to
drought. Thus, repeated droughts
may navigate the world's last
intact rainforests out of their
normal functioning regime.
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biomass) (21). In addition, microwave signals penetrate clouds
and rain over rainforests with negligible attenuation—if the
wavelength is much larger than the size of raindrops, for exam-
ple, at ~6 cm, also called the C radiofrequency band (S/
Appendix, Fig. S1). However, there is not a single microwave
data set acquired at C-band or longer wavelength that spans
more than 2 decades (22-24; SI Appendix), which limits the
use of these data for the trend analysis of forest response to
drought. We have created a harmonized pantropical C-band
radar data set at 25 km resolution from 1992 to 2018 (S/
Appendix, Figs. S2 and S3). This time series can in principle be
extended beyond 2018 as similar C-band radar missions are
secured in the forthcoming decades. In closed forest environ-
ments, the C-band radar signal penetrates a few meters into the
canopy (25), and thus mainly measures the dynamics of the
upper canopy. Temporal fluctuations in the C-band radar signal
are due to seasonal changes in canopy moisture and long-term
changes in canopy structure, both of which quantify the response
of forests to environmental factors, such as drought (21).

We analyzed the correlation between the radar backscattered
intensity signal (expressed in decibels [dB]; Materials and Meth-
ods) and all of the drought events since 1992. This study was
restricted to intact tropical rainforests, formally defined as pixels
with less than 5% cumulative forest degradation or deforesta-
tion throughout the study period, to avoid confounding effects
of land-cover change (2) (Materials and Methods). We explored
the long-term trends in radar signal, and the changes in vulner-
ability of rainforests to repeated droughts. Droughts were
detected using the cumulative water deficit (CWD, negative
values signifying water stress), which is robust to site-level stud-
ies (6, 26). The CWD index was calculated as the cumulative
monthly deficit of precipitation (27) minus evapotranspiration

(SI Appendix, Fig. S4; 28).
RESULTS

Drought Responses of Intact Tropical Rainforests across
Continents. In the American tropics, the radar signal declined
continuously during the study period at a rate of —4.8 1072
dB }f1 (P < 0.001; Fig. 14). Sudden decreases, or “breaks,” in
radar signal were detected (Materials and Methods), correspond-
ing to the droughts of 1997-1998, 2005, 2010, and 2015 (S/
Appendix, Fig. S54). In tropical Africa, a long-term and signifi-
cant decline in the radar signal was also observed (—2.7 1073
dB y!, P < 0.001; Fig. 1B). Breaks in the radar signal were
detected during the droughts of 1999-2000, 2004-2005,
20102011, and 2015 (SI Appendix, Fig. S5B). The 2004-2005

African drought, although not the most severe, was followed by
continued water stress in 2006 and 2007 (Fig. 15; 29), which
disrupted the trend of increasing radar signal before 2004 and
caused a sudden decline thereafter (S/ Appendix, Fig. S5B).

A long-term decreasing trend in the radar signal of —4.3
1077 dB y ! (P < 0.001) was also detected in tropical Asia
(Fig. 1C). Breaks in the radar signal were detected around the
1997-1998, 2006, and 2015-2016 Asian droughts (87
Appendix, Fig. S5C). The impacts of the mega-droughts associ-
ated with the extreme El Nino events of 1997-1998 and
2015-2016 were the most pronounced (Fig. 1C). However, the
radar signal decreased significantly even when both mega-
droughts were ignored. Also, the recovery trajectories after these
two droughts differed, the former causing a break in the radar sig-
nal that was not recovered until 2018, whereas the latter was fol-
lowed by a rapid postdrought recovery (Fig. 1C and SI Appendix,
Fig. §5C). Compared to the African and American tropics, the
seasonality of the radar signal was the weakest in Asia, likely due
to the weak seasonality of precipitation in tropical Asia.

These trends do not coincide with changes in radar sensors,
and are therefore unlikely to be due to an instrumental artifact
(S Appendix). The trends were also tested against the influence
of spatial autocorrelation in the radar signal. Toward this pur-
pose, we selected pixels that have low signal correlations (Pear-
son 7 < 0.5). Similar declining trends (Pearson » > 0.92) were
still observed, suggesting the robustness of the trends against
spatial autocorrelation (87 Appendix, Fig. S6).

Spatial Patterns of the Trend in Radar Signal. In the American
tropics, 93% of the intact rainforest pixels (~2.3 million km?
in total, with each pixel 25 X 25 km) showed decreasing trends
in radar signal, with south and southwest of Amazonia decreas-
ing the most (Fig. 24). In Africa, 84% (0.6 million km?) of
intact rainforests showed a decline in the radar signal, but 18%
of the pixels had the opposite trend (Fig. 2B). In Asia, the trend
of decrease in the radar signal was also widespread, occurring in
88% (0.28 million km?) of all intact rainforests. We verified
that the upward or downward trends in the signal were not due
to different deforestation/degradation intensities, but to differ-
ent water stress legacies, suggesting that water stress is the pri-
mary driver of the radar signal trends (S Appendix, Fig. S7).
We also found that the radar signal correlated not only with the
CWD index (median Pearson » = 0.44) but also with land sur-
face temperature (median Pearson r» = —0.47) and air tempera-
ture (median Pearson » = —0.50), two other proxies of climate
anomaly (SI Appendix, Fig. S8; 30, 31). In ever-wet forests, with-

out a pronounced dry season, such as in northwest Amazonia,
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Fig. 1. Drought response of intact tropical rainforests, 1992 to 2018. Monthly radar signal anomaly and CWD at the continental level (average across all pix-
els) were shown for intact tropical rainforests in (A) the Americas, (B) Africa, and (C) Asia. In each panel, radar signal anomaly was calculated as a deviation
from the long-term average value and represented by a thin line, and the 12-mo moving average of the signal was shown as a thick line. A linear regression
was fitted to the monthly radar signal and the regression equation is presented in the lower-left corner of each subset. Drought events that caused “breaks”
in radar signal are marked by circles (see S/ Appendix, Fig. S5 for the detection of the “breaks”).
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Fig. 2. Spatial patterns of the radar signal trends (1992-2018) for the (A)
American, (B) African, and (C) Asian intact tropical rainforests. A linear regres-
sion was fitted to the monthly radar signals in each intact tropical rainforest
pixel, and the slope of the regression is reported. The histograms beside each
regional map show the proportion of pixels in each trend class. The color bar
and numeric legend values are the same in the histograms and maps.

CWD values were usually close to zero, generating a weak and
nonsignificant correlation (P > 0.05, S/ Appendix, Fig. S8 A and
B). However, rare events of water deficit were observed in ever-
wet forests, and during these periods the radar signal decreased as
expected (S Appendix, Fig. S9). These results show that the long-
term decline of the radar signal reflects the legacy effect of
droughts on forest canopy structure across intact tropical
rainforests.

Rainforest Resistance and Resilience to Drought Events. We
then explored the drought resistance and resilience of intact
rainforests. To identify past droughts, we calculated maximum
CWD (MCWD) for each year and each pixel (4, 5, 26). The Z
score of MCWD was then calculated, and droughts were
defined as years with a Z score value below —1. To aid the
interpretation of figures, drought severity was then calculated as
the absolute value of the Z score of MCWD. For each drought
event, drought resistance was defined as the relative rate of
change in forest condition during and before drought distur-
bance and drought resilience as the ability to recover to the pre-
drought state (32-34). We studied resistance and resilience 2
years before and 2 years after the drought event; this time span
accounts for the 2-year legacy effect of drought previously
reported in rainforests (35). Although some rainforests need a
longer time to recover, the rate of recovery after a fixed period
of time is already an indication of the forest’s ability to recover
from droughts. The pixel-level results were summarized at
the continental scale by taking the median value of all pixels

PNAS 2022 Vol.119 No.37 2116626119

(Figs. 3 and 4). We verified that our conclusions were not
altered if a longer drought legacy window (i.c., 3 instead of 2
years), a constant evapotranspiration of 100 mm/mo for calcu-
lating MCWD (26), a more severe water stress threshold for
defining past droughts (i.e., —1.5 rather than —1), and
detrended radar signals were wused (S/ Appendix, Figs.
S10-S13). We also verified that the conclusions were not
altered when the self-calibrating Palmer Drought Severity Index
(scPDSI) was used instead of the Z score of MCWD to identify
past drought events (S/ Appendix, Fig. S14; 36).

We found that the radar signal decreased with increasing
drought severity in all three continents (Fig. 3 A-C), suggesting
that intact tropical rainforests are generally vulnerable to severe
droughts. The decreasing trend of resistance with increasing
drought severity was most pronounced and significant in the
tropical Americas (Fig. 34). With respect to drought resilience,
American rainforests did not recover to predrought conditions
after droughts with a severity (i.e., the absolute value of the Z
score of MCWD) >1.5 (Fig. 3D). In contrast, African and Asian
rainforests were resilient to severe droughts with a severity >2
(Fig. 3 E and F). This could be due to the higher frequency of
droughts in Africa and Asia historically (29).

The above results also suggest the existence of a threshold of
drought impact beyond which forest resilience was systemati-
cally negative, implying the risk of a forest dieback. We
explored further the existence of this threshold. We found that,
in the Americas, 50% of the intact tropical rainforest pixels did
not return to predrought conditions when drought severity
exceeded a pixel-specific threshold. This threshold was defined
as the drought severity value beyond which resilience was
always negative in the pixel. This fraction was also detectable
but lower in Africa (43%) and in Asia (27%; SI Appendix, Fig.
S15). These results show that on a global scale, intact tropical
rainforests are not resistant to severe droughts. Also, American
intact rainforests are most vulnerable to severe droughts because
of their poor ability to recover to predrought conditions.

Temporal Trends in Rainforest Resistance and Resilience.
Finally, we explored how drought resistance and resilience have
changed during the last 3 decades. We found a decrease in
drought resistance in all three continents, with the strengths of
trends varying from —0.19 to —0.41 (t value of the Mann-
Kendall test; T = —1 indicates a strong decrease, while T = 1
indicates a strong increase) (Fig. 4). The most pronounced
trend of decreasing resistance was found in the American
tropics (T = —0.41; two-tailed P < 0.05). At the same time,
resilience did not increase significantly on a global scale: it
decreased in the Americas (t = —0.29) and did not change sig-
nificantly in the African and Asian tropics (|t| < 0.07; P >
0.05). Pixel-level analyses were consistent with regional results:
the median value of the trends in resistance across pixels was
the lowest in the Americas (—0.5), followed by Asia (—0.48)
and Africa (—0.4), while the median of the trends in resilience
was slightly negative or close to zero (S Appendix, Fig. S16).
Thus, on a global scale, the majority of intact tropical rainfor-
ests appears to be increasingly vulnerable to drought, with
decreasing resistance but no obvious increase in resilience. This
is especially the case in the tropical Americas.

DISCUSSION

Interpreting the Long-Term Declines in Radar Signal. We
quantified the long-term vulnerability of intact rainforests to
repeated droughts, detected by persistent trends of declining
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Fig. 3. Drought resistance and resilience versus drought severity in intact tropical rainforests in the Americas, Africa, and Asia. For each drought event, the
median resistance, resilience, and drought severity of the drought-affected pixels (Z score of MCWD <—1) were calculated. The drought severity was defined
as the absolute value of the Z score of MCWD. Resistance was computed so that lower values mean a more severe decrease in radar signal during a
drought. A resistance of zero means no decrease in radar signal during the drought, and —1 is the minimum value for resistance (dashed lines in A-C). A
trend fitting was performed in A-C, with its equation labeled and 95% confidence bound shaded. Regarding resilience (D-F), a positive value means that the
forest recovered to predrought conditions, while a negative value means that it did not (for pixel-level analyses, see S/ Appendix, Fig. S15). In D-F, a horizontal
dashed line was drawn to indicate the resilience value of zero, and a vertical dashed line drawn at the 75th percentile of all drought severities.

radar signal in tropical canopies in nearly 3 decades. Several
hypotheses can be proposed to explain the observed long-term
trends in radar signal (SI Appendix, Sections 12-17).

The declines do not appear to be related to the processing of
the radar data (S/ Appendix, Figs. S2 and S3), to data acquisi-
tion time or polarization mode (S Appendix, Fig. S17), or to
filtering due to heavy rain events (SI Appendix, Fig. S18). We
verified that these declines were not caused by direct anthropo-
genic effects since nonforested areas and degraded or deforested
pixels were conservatively masked (S/ Appendix, Figs. S7 and
S19). Two additional forest masks were tested, and similar
radar signal trends were obtained (S7 Appendix, Fig. S20). We
also verified that recent increases in dry season length in south-
ern Amazonia (37) and Africa (38) were not responsible for the
decreasing trends in the radar signal (87 Appendix, Fig. S21).

Soil moisture has recently been found to influence the vegeta-
tion optical depth retrieved from passive microwave signals (39).
However, in contrast to passive microwave sensors (12, 22-24),
the radar instruments used here actively emit a microwave and

measure the intensity of backscattered waves. Given the dense
canopy of the intact rainforest and the shallow penetration depth
of the C-band signal (up to a few meters, 25), the radar back-
scatter was found to be little influenced by soil moisture (S/
Appendix, Fig. §22).

Leaf water (both surface and internal water content) has
been reported to influence microwave signals, but mostly at the
diurnal time scale (40, 41). However, here, we observed sus-
tained radar signal declines extending nearly 3 decades, and
these declines do not match the long-term changes in either
leaf surface water or leaf internal water (S/ Appendix, Figs. S23
and S24). Thus, leaf water dynamic is not responsible for the
long-term declining radar signal trends.

Radar Signal and Biomass Changes. Since the observed long-
term decrease in radar signal cannot be explained by deforesta-
tion or forest degradation, or by trends in leaf and soil moisture,
we hypothesize that variations in radar signal reflect the forest
top-canopy dynamics and are therefore expected to correlate
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Fig. 4. Time series of drought resistance and resilience of intact tropical rainforests in (A and D) the Americas, (B and E) Africa, and (C and F) Asia. Resistance
and resilience were calculated as in Fig. 3, but presented by year to assess their temporal trends. The direction and strength of the trend were evaluated by
the Mann-Kendall t value, labeled in each subset, and significance was assessed by a two-tailed P value (for pixel-level analyses, see S/ Appendix, Fig. S16).
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with changes in forest biomass, due to, for example, drought-
induced defoliation, branch fall, or tree mortality (35, 42, 43).
To test this hypothesis, we compared the radar signals with two
products of forest carbon changes (22, 44) and obtained simi-
larly declining trends (Pearson > 0.84; SI Appendix, Fig. S25).

We also compared radar signal changes during the 2005 and
2010 drought events to the only Amazonian forest plot data
available to explore the response of tropical forest biomass to
megadroughts (6, 13). We found that the intensity of radar sig-
nal decline during droughts correlated significantly with plot bio-
mass declines (P < 0.05; SI Appendix, Fig. S26), despite the scale
mismatch between plot (~1 ha) and radar pixel (25 km), and
hence the strength of the correlation. These analyses support the
hypothesis that the radar signal used in this study detect drought-
induced forest biomass loss. Thus, the long-term declines in radar
signal can be in part interpreted as being due to a decline in forest
biomass, because repeated droughts result in an overall reduction
in forest productivity, an increase in mortality, or a combination
of both as shown by ground observations (6, 13, 35). Our results
are therefore consistent with a previous report of a recent decline
in tropical forest carbon sink intensity (45).

Implications for Rainforest Conservation. Our analyses suggest
a decrease in drought resistance of intact rainforests but no sig-
nificant increase in resilience (Figs. 3 and 4), implying an
increasing vulnerability of intact tropical rainforests. A recent
study has shown that tropical forest biomass is increasingly vul-
nerable to climate and human stressors, but especially in defor-
ested regions (46), and it again highlights the difficulty of
assessing the climate vulnerability of intact tropical rainforests
due to data scarcity. By developing a long-term radar observa-
tion validated as suitable for trend analysis (S/ Appendix, Fig.
S3), we report a widespread increasing vulnerability of global
intact tropical rainforests to one of the most important climate
stressors, drought. Our results are therefore of major impor-
tance as modeled climate scenarios of the 21st century indicate
an increase in drought frequency and air temperature in the
tropics (47). Intact tropical rainforests are a key component of
the natural climate solution for mitigating climate change (48).
However, our results call into question the ability of intact tropi-
cal rainforests, particularly in the American tropics, to withstand
future droughts and persist as atmospheric carbon sinks. Tropical
forest dieback could lead to further losses of carbon to the atmo-
sphere, which would undermine the goal of the Paris Agreement
of keeping global warming well below 2 °C, with disastrous con-
sequences for biodiversity and the hydrological cycle.

Materials and Methods

We examined satellite microwave data from the C-band (~6 cm wavelength)
radar scatterometers ERS-1/-2 (1992 to 2001) and ASCAT (2007 to 2018).
C-band signals are unaffected by the dense cloud cover over tropical rainforests.
ASCAT is still in operation, making it possible to monitor future droughts. The
radar backscatter is usually expressed in decibels, the logarithmic of the ratio of
received over emitted signals. A small change in radar signal can reflect a shift
in forest condition (SI Appendix, Fig. S1): the median value of the radar signal is
—7.8 dB over evergreen tropical rainforests, only 1.1 dB higher than that of
deciduous forests (—8.9 dB). The 7-year data gap between ERS and ASCAT was
filled with data from the Ku-band QSCAT scatterometer (~2 cm wavelength,
1999 to 2009). Backscatter values from the different sensors were first scaled
against the ASCAT baseline (SI Appendix, Fig. S27). For each pixel, a model was
then built to predict the monthly signal differences between Ku-band and
C-band signals in the overlapping years (1999 to 2001 and 2007 to 2009),
using rainfall amount as a predictor (S/ Appendix, Figs. S28 and S29). The pre-
dictive models had an overall median r value of 0.64, suggesting relatively high
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accuracy. For each pixel, the model was then applied on the entire QSCAT time
series from 1999 to 2009. There remain some differences between the corrected
Ku-band and C-band monthly signals (S/ Appendix, Fig. S30), but the gap-filled
radar signal did not display detectable bias. As shown in S Appendix, Fig. S3,
we compared the gap-filled signals against C-band ERS observations that were
continuously available until 2011 for a subset of pixels (49), and obtained r val-
ues of 0.92 and 0.88 in tropical American and Asian rainforests, respectively.

To avoid confounding effects of forest degradation or deforestation, we
restricted this analysis to intact tropical rainforests. A 25-km radar pixel was clas-
sified as intact tropical rainforest if at least 95% of the pixel area was never dis-
turbed or deforested between 1992 and 2018, according to a high-resolution
(30 m) land cover change map (2). This selection resulted in a data set of ca.
3,800, 1,100, and 430 radar pixels for the tropical Americas, Africa, and Asia,
respectively. We verified that the radar signal trends were not caused by the
choice of the 5% threshold, using three approaches detailed in SI Appendix,
Section 12. We also verified that the spatially averaged radar signal trends
shown in Fig. 1 are robust to spatial autocorrelation in the radar signal (S/
Appendix, Fig. S6).

We used the BFAST (Breaks for Additive Season and Trend) algorithm to
explore whether past droughts have caused sudden decreases (or, "breaks") in
radar signal (S Appendix, Fig. S5). BFAST detects discontinuities in a time series
by fitting piecewise linear models iteratively to different sections of the time
series (50). We set the parameter "h" of BFAST (minimal length between poten-
tial breaks, given as fraction relative to the total length) at 0.15 (the default
value), and the parameter "breaks” (maximum number of potential breaks to be
detected) at 5, based on the fact that severe droughts occurred in tropics every
@.by.

To study the drought resistance and resilience of rainforests, drought events
were first identified using the standardized anomaly (or Z score) of maximum
cumulative water deficit within 1 year (MCWD), calculated from the Climate Haz-
ards Group InfraRed Precipitation with Station rainfall data (27) and Global Land
Evaporation Amsterdam Model evapotranspiration data (version 3.3a, S/
Appendix, Fig. S4; 28). A threshold of —1 was applied on the Z score of MCWD
to identify past drought events. Drought severity was then taken to be the abso-
lute value of the Z score of MCWD. Drought resistance and resilience were calcu-
lated following standard definitions in the ecological literature (32-34). Defining
Yore @ the predrought radar signal, Yoo as the signal postdrought, and Y as
the signal during the drought event, resistance was defined as (Ve — Yore)/Vpre:
and resilience as (Ypost — Yprel/Ypre (34). We used the maximum radar (wet sea-
son) signal values within 2 years before and 2 years after the drought event to
represent forest pre- and postdrought conditions, respectively. We used radar
maxima to ensure that the forest conditions before and after the drought have
comparable moisture levels. Resilience is therefore expected to reflect changes
in forests structure due to canopy disturbance more than changes in moisture
(21). The use of a 2-year time window accounts for the 2-year legacy effect of
drought previously reported in rainforests (35). Resistance and resilience were
calculated for each pixel and for all of the drought events during the past 3 deca-
des, and were reported at the continental scale by taking the median value
across drought-affected pixels (Figs. 3 and 4). We tested whether more severe
droughts caused a more intense decrease in radar signal (or, lower resistance;
Fig. 3). To test the increasing vulnerability of rainforests to droughts, we quanti-
fied the temporal changes in resistance/resilience using the Mann-Kendall t
(or, tau) test (Fig. 4).

We then verified the robustness of the conclusions drawn from Figs. 3 and 4.
Specifically, we tested a longer drought legacy window (i.e., 3 rather than 2
years), a lower threshold for Z score of MCWD (i.e., —1.5 rather than —1),
detrended radar signals, a constant evapotranspiration of 100 mm/mo in the cal-
culation of MCWD (26), and a different drought index for defining past droughts,
namely the Climatic Research Unit (CRU) scPDSI (36). The results of these sensi-
tivity tests are shown in SI Appendix, Figs. S10-S14.

Finally, we explored the long-term declines in radar signal against soil mois-
ture (SI Appendix, Fig. S22), forest degradation or deforestation intensity (S/
Appendix, Figs. S7, S19, and S20), data acquisition time or polarization mode
(SI Appendix, Fig. S17), heavy rain events (S Appendix, Fig. S18), dry season
length (SI Appendix, Fig. S21), leaf surface water (SI Appendix, Figs. S23 and
§24), and forest biomass (SI Appendix, Figs. 525 and S26). In particular, radar
signal changes were compared with two time series of forest biomass products
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(22, 44; SI Appendix, Fig. S25), and further with plot biomass changes for two
major drought events occurring in Amazonia (i.e., the 2005 and 2010 droughts;
6, 13; SI Appendix, Fig. S26). More details about the data and methods can be
found in the SI Appendix.

Data, Materials, and Software Availability. Radar images were provided
by EUMETSAT (https://navigator.eumetsat.int/search?query=_&filter=themes__
Land) and BYU (Brigham Young University) Data Center (https://www.scp.byu.
edu/). Codes and processed radar images in the formats of 'mat’ and 'nc’ are
publicly available at https:/github.com/TonySl/Radar_Rainforest and https://doi.
0rg/10.6084/m9 figshare.14061428.v6.
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