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Although it is well established that transpiration contributes
much of the water for rainfall over Amazonia, it remains unclear
whether transpiration helps to drive or merely responds to the
seasonal cycle of rainfall. Here, we use multiple independent
satellite datasets to show that rainforest transpiration enables
an increase of shallow convection that moistens and destabilizes
the atmosphere during the initial stages of the dry-to-wet season
transition. This shallow convection moisture pump (SCMP) precon-
ditions the atmosphere at the regional scale for a rapid increase
in rain-bearing deep convection, which in turn drives moisture
convergence and wet season onset 2–3 mo before the arrival of
the Intertropical Convergence Zone (ITCZ). Aerosols produced by
late dry season biomass burning may alter the efficiency of the
SCMP. Our results highlight the mechanisms by which interac-
tions among land surface processes, atmospheric convection, and
biomass burning may alter the timing of wet season onset and
provide a mechanistic framework for understanding how defor-
estation extends the dry season and enhances regional vulnera-
bility to drought.
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The southern Amazon, which covers ∼30–40% of Amazonia,
is a transitional region between tropical rainforests to the

north and west and subtropical savanna and agricultural lands to
the south and east (Fig. 1). Rainforests in this region, which play
an important role in the global carbon cycle (1), are vulnerable
to slight decreases in annual rainfall or increases in dry season
length (2). This vulnerability is exacerbated by large-scale agri-
cultural land use. The southern Amazon dry season has length-
ened in recent decades, primarily due to delays in wet season
onset (3). Model simulations suggest that continuation of this
trend could trigger an abrupt transition of rainforest to savanna
(2, 4), which would substantially reduce dry season rainfall over
the southern Amazon and downwind agricultural regions (5, 6).

Rainforest vitality is known to depend on rainfall amount and
dry season length (2, 7–9), but major knowledge gaps remain
regarding rainforest influences on wet season onset. Rainforest
evapotranspiration (ET) accounts for ∼30–50% of regional rain-
fall (10–13), but it is unclear whether ET actively modifies or
merely responds to rainfall seasonality. Credible assessments of
land use contributions to recent increases in dry season length
and the frequency of extreme droughts in this region (14, 15)
require these gaps to be filled.

The Deep Convection Moisture Pump
Wet season onset in the tropics is generally associated with either
monsoon reversals in the land–ocean temperature gradient or
north–south migration of the Intertropical Convergence Zone
(ITCZ), both of which are driven by seasonal changes in the
distribution of solar radiation. However, wet season onset over
the southern Amazon precedes the southward migration of the
Atlantic ITCZ by ∼2–3 mo (16) and occurs without a reversal
in the land–ocean surface temperature gradient (17, 18). Con-
ventional mechanisms therefore cannot explain wet season onset
over the southern Amazon. An alternative hypothesis holds that

late dry season increases in rainforest transpiration may increase
surface air humidity and buoyancy (18, 19). Lifting of this humid
near-surface air by cold fronts moving northward from midlati-
tude South America (20) could cause large-scale increases in deep
convection and upper-level heating (21), thereby initiating mois-
ture transport from the tropical Atlantic. Large-scale moisture
transport reinforces the conditions that favor deep convection,
ultimately leading to wet season onset. We refer to this transition
mechanism as the deep convective moisture pump (DCMP).

The exact processes that activate the DCMP have been
unclear. Cold front incursions are strongest during the dry season
(22), but deep convection is rare until lower tropospheric humid-
ity rises late in the transition season (21). Moistening of the low-
est 4 km of the atmosphere (pressures &600–700 hPa) therefore
emerges as the likely key to activating the DCMP (23, 24). The
source of this moisture and the processes by which moistening
occurs have profound implications for understanding how land
use and biomass burning affect the seasonal cycle of rainfall. For
example, deforestation might sharpen the land–ocean temper-
ature gradient (accelerating wet season onset under a conven-
tional onset mechanism), but would also reduce surface moisture
fluxes (delaying wet season onset under an ET-initiated onset
mechanism).

To clarify the mechanisms involved in activating the DCMP,
the first question that must be answered is whether the late
dry season increase in lower tropospheric humidity primar-
ily derives from rainforest transpiration or advection from the
ocean. Previous studies on this topic have been overwhelmingly
based on reanalysis products that combine available observations
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Fig. 1. Distribution of land cover based on Moderate-Resolution Imaging
Spectroradiometer observations from 2009. The southern Amazon (5◦S to
15◦S, 50◦W to 70◦W) is indicated by the solid white box.

with numerical model simulations. These products are heavily
influenced by the behavior of the underlying model in data-
poor regions like Amazonia. Inadequate treatments of surface
hydrology, vegetation, and turbulent mixing near the top of
the atmospheric boundary layer (ABL) lead to large uncertain-
ties in reanalysis estimates of ET, rainfall, and moisture flux
convergence (MFC) (25). For example, the increase in rainfall
over the southern Amazon during the dry-to-wet season transi-
tion occurs ∼2–3 wk earlier in the European Center for Medium-
Range Weather Forecasting Interim Reanalysis (ERA-Interim)
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Fig. 2. Onset-relative low-pass filtered composites of area mean precipitation from Tropical Rainfall Measuring Mission (TRMM), ET and MFC from ERA-
Interim, and net absorbed surface radiation from Clouds and the Earth’s Radiant Energy System (CERES) Synoptic Radiative Fluxes and Clouds (SYN1Deg)
(A); vertical distributions of RH (shading) and time rates of change in equivalent potential temperature (∂θe/∂t; contour interval 0.02 K d−1) computed
from Atmospheric Infrared Sounder (AIRS) observations (B); surface air temperature and column water vapor (CWV) from AIRS (C); low (<700 hPa; ∼3 km
above sea level), midlow (700–500 hPa; ∼3–5.5 km), midhigh (500–300 hPa; ∼5.5–10 km), high (>300 hPa; ∼10 km), and total cloud cover from CERES
SYN1deg (D); solar-induced chlorophyll fluorescence (SIF) for rainforests from the Global Ozone Monitoring Instrument 2 and fire emissions of CO2 from
Version 3.1 of the Global Fire Emissions Database (E); conditional instability in the lower–middle troposphere (θe850−θe500) based on AIRS and best-fit linear
slopes of δD against specific humidity (q) in the free troposphere based on TES (F). Shaded areas in A and C–F and error bars in A and E illustrate estimated
uncertainties. Data sources, quality control criteria, and uncertainty calculations are provided in SI Text.

than in observations (SI Text). Enhanced rainfall and associated
heating in the atmosphere directly affect reanalysis estimates of
ET and MFC, potentially confounding moisture source attribu-
tions based on reanalysis products. In situ observations indicate
that maximum ET leads the late dry season increase in rainfall
(26–28); however, it has been unclear whether modest increases in
ET can contribute sufficient moisture above the ABL at regional
scales. The potential influences of aerosols on the dry-to-wet
season transition are an additional source of uncertainty (29),
because the aerosol climatologies used by most reanalyses neglect
or underestimate seasonal and interannual variations in aerosol
loading in this region (30, 31). It is therefore necessary to examine
the dry-to-wet season transition by using observable quantities.

Stages of the Dry-to-Wet Season Transition
Fig. 2 shows the evolution of atmospheric, land surface, and veg-
etation properties over the southern Amazon during the transi-
tion season. Reanalysis ET and MFC are included for context;
all other quantities are derived from satellite observations. Each
time series is a sequence of 5-d means composited relative to
wet season onset (day 0; Materials and Methods). Negative times
indicate days before wet season onset. Wet season onset typically
occurs in middle October over the southern Amazon. Specific
onset dates are listed in Table S1.

We divide the transition season into three stages: a pretransi-
tion (90–60 d before onset), an early transition (60–30 d before
onset), and a late transition (30–0 d before onset). The pretran-
sition stage marks a turning point from seasonal drying to sea-
sonal moistening. This turning point is reflected in column water
vapor (CWV; Fig. 2C), but does not emerge in precipitation
until the following stage (Fig. 2A). Surface air temperature (Fig.
2C) and reanalysis sensible heating (Fig. S1) increase during the
pretransition, consistent with a brief rise in absorbed surface
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Fig. 3. Joint distributions of specific humidity (q) and the deuterium content of water vapor (δD) in the lower troposphere (825–600 hPa) based on TES
observations during the pretransition stage (day −90 to −60) (A), early transition (day −60 to −30) (B), late transition (day −30 to 0) (C), and the first 3 mo
of the wet season (day 0 to +90) (D). The joint behaviors of q and δD under three types of idealized vertical mixing are also shown. Solid green and blue
lines represent mixing (no condensation) between four dry air masses representing the dry season free troposphere and a moist air mass representing either
local ET (green; q = 20 g kg−1; δD =−30h) or ocean evaporation (blue; q = 20 g kg−1; δD =−80h). Dashed green and blue lines represent pseudoadiabatic
Rayleigh distillation from the approximate top of the ABL, in which condensation occurs in a rising air parcel and is immediately removed as precipitation.
Dotted green and blue lines represent reversible moist adiabatic ascent from the approximate top of the ABL, in which condensation occurs and is assumed
to remain in the parcel. These idealized models are described in detail in SI Text.

radiation (Fig. 2A) that often reverses as aerosol loading increases
(see also Fig. S2). Changes in the vertical profile of relative humid-
ity (RH) suggest that enhanced sensible heating deepens the day-
time ABL, mixing dry free tropospheric air into the ABL and
moist ABL air into the free troposphere (Fig. 2B). Increases in low
cloud cover (Fig. 2D) also imply ABL growth and more frequent
shallow cumulus. Biomass burning emissions increase during
this phase (Fig. 2E), consistent with dry conditions.

Several important changes in moist thermodynamics and
atmospheric stability begin during the pretransition. Contours
in Fig. 2B show the time rate of change in equivalent potential
temperature (θe), a measure of moist entropy. Decreases in θe
with height indicate conditional instability, under which convec-
tion may be triggered if condensation occurs in the lower tropo-
sphere. We quantify conditional instability as the difference in
θe between 850 hPa, slightly above the ABL top, and 500 hPa, in
the middle troposphere (Fig. 2F). Larger positive values indicate
greater potential for moist convection to occur. Positive ∂θe/∂t
in the lower troposphere after day −90 causes conditional insta-
bility to grow. Positive changes in θe can arise from net warming
(via diabatic heating or thermal advection) or moistening (via
upward or lateral moisture transport). The lower tropospheric
winds are divergent over almost the entire southern Amazon
during the pretransition stage, with net exports of both heat
and moisture (Fig. 2A). Increases in lower tropospheric θe must
therefore arise from local processes, such as latent and radiative
heating associated with low clouds, upward mixing of moist air in
shallow convection, or radiative heating due to aerosols.

The early transition is characterized by increases in rainfall
and rainforest photosynthesis, along with continued destabi-
lization of the atmosphere. Surface air temperature (Fig. 2C)
plateaus, but shallow convection intensifies, as indicated by
strong positive ∂θe/∂t within the lower troposphere (Fig. 2B)
and continued increases in low cloud cover (Fig. 2D). Condi-
tional instability continues to grow (Fig. 2F), as increases in
convective available potential energy (CAPE) and decreases in
convective inhibition confirm the development of an increas-
ingly favorable environment for convection (Fig. S3). Moisten-
ing accelerates in the lower troposphere and begins to penetrate

into the upper troposphere (Fig. 2 B and C). We infer rainfor-
est photosynthesis and plant transpiration from SIF, which scales
with gross primary productivity (32). SIF increases from approx-
imately day −60 (Fig. 2E), broadly consistent with the evolution
of reanalysis ET (Fig. 2A) and other satellite-derived vegetation
indices (Fig. S4). The increase in reanalysis ET between days
−60 and −30 (∼1 mm·d−1; Fig. 2A), which is similar in magni-
tude to observed increases in ET (27), can account for most of
the early transition increase in rainfall (∼1.5 mm·d−1).

The late transition marks a shift from shallow to deep con-
vection. The center of increasing θe moves upward from the
lower middle troposphere (near 700 hPa) to the upper middle
troposphere (near 500 hPa). The advent of regional-scale deep
convection drives continued increases in precipitation (Fig. 2A),
but halts and then reverses the trend in conditional instability
(Fig. 2F). The evolution of conditional instability may be under-
stood as follows. Shallow convection during the pretransition
and early transition transports moist entropy to the lower tro-
posphere, increasing conditional instability and eroding the ther-
modynamic barrier to deep convection. Deep convection during
the late transition consumes conditional instability and converts
its underlying potential energy into the kinetic energy of the
monsoon circulation (21). Temperature changes play an impor-
tant role in increasing lower tropospheric θe during the pretran-
sition, but most of the early transition increase is due to rising
humidity (Fig. S5). We therefore refer to this process as the shal-
low convection moisture pump (SCMP). SIF, enhanced vegeta-
tion index, and ET continue to increase during the late transi-
tion. Increases in ET between day −30 and onset (<1 mm·d−1)
account for less than a third of the rise in rainrate (∼3 mm·d−1),
implying that late-transition increases in RH and deep convec-
tion are primarily fueled by large-scale moisture convergence.

Water Vapor and its Isotopic Composition
The moisture source analysis discussed above references reanal-
ysis estimates of ET and MFC, which may be unduly influenced
by biases in the model-generated background state. We there-
fore supplement this analysis by examining the isotopic content
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Fig. 4. Distribution of specific humidity (Left) and δD (Right) in the free tro-
posphere based on TES observations during the pretransition (day −90 to
−60) (A), early transition (day −60 to −30) (B), late transition (day −30 to
0) (C), and early wet season (day 0 to +90) (D). Winds at 850 hPa (Left) and
vertically integrated MFC (Right) based on ERA-Interim are also shown for
each stage of the transition. The contour interval for MFC is 1 kg m−2 d−1.

of water vapor. Stable water isotopes are valuable tracers of the
origin and history of air masses. Molecular differences among
common isotopes (such as H2

16O and HDO) cause fractionation
during most phase transitions: Heavier isotopes (HDO) prefer-
entially condense, whereas lighter isotopes (H2

16O) preferen-
tially evaporate (33). Evaporation from the ocean surface and
condensation during transport both deplete the deuterium con-
tent of water vapor relative to its source. By contrast, no fraction-
ation occurs during steady-state transpiration, so that the mean
isotopic composition of transpired vapor is virtually identical to
that of soil water (34, 35). Here, we evaluate the joint evolu-
tion of water vapor and its deuterium content (δD; Materials and
Methods) in the free troposphere (750–348 hPa) over the south-
ern Amazon using satellite observations (36).

The atmosphere over the southern Amazon has two main
moisture sources: rainforest ET and ocean evaporation (10).
Under thermodynamic equilibrium conditions, δD in tropical
ocean evaporate has an isotopic composition of approximately
−70 to −80h. Estimating the isotopic composition of soil water
as that of local rainfall (SI Text), δD for rainforest ET is approx-
imately −20 to −40h (Fig. S6). We can therefore treat ocean
evaporation and rainforest ET as isotopically distinct moisture
sources, with rainforest ET relatively enriched in deuterium. If
free tropospheric moistening is dominated by upward mixing of
local ET, then the largest specific humidities in the free tropo-
sphere will be associated with the highest values of δD. If moist-
ening is instead dominated by transport from oceanic sources,
then the larger specific humidities will be associated with lower

values of δD. The evolution of moisture sources in the free tropo-
sphere over the southern Amazon can therefore be diagnosed by
using linear fits of δD against specific humidity (q). These linear
fits have larger positive slopes when the primary moisture source
is upward mixing of ET, and smaller or negative slopes when the
primary moisture source is large-scale transport.

Fig. 3 shows distributions of TES measurements of lower tro-
pospheric q and δD during the three stages of the transition and
the first 90 d of the wet season. Joint variations of q and δD pre-
dicted by several theoretical models are also shown for context.
These theoretical models are organized into two groups. The first
group (green lines) corresponds to a local ET moisture source
(δD = −30h). The second group (blue lines) corresponds to an
ocean evaporation moisture source (δD = −80h). The models
correspond to dry mixing, reversible moist adiabatic ascent, and
Rayleigh distillation (33, 37). The dry mixing model represents
intermixing of two air masses without condensation, whereas
the other two models track the evolution of a single undilute
air parcel undergoing lifting and condensation (see SI Text for
details).

During the pretransition (Fig. 3A), the peak of the joint dis-
tribution based on TES observations matches expectations for
the subtropical free troposphere: dry air with low δD descending
from the upper troposphere mixed with air rising from the trop-
ical ocean ABL (33). However, the distribution also contains a
moist tail that is highly enriched in deuterium and can only be
explained by upward mixing of local ET. The q-δD slope during
the pretransition is large and positive, as expected for the case in
which moistening is dominated by upward mixing of transpired
water vapor. The entire distribution shifts upward and toward
the right during the early transition (Fig. 3B), indicating moister
air with larger δD. This distribution, which corresponds to the
peak activity of the SCMP (Fig. 2B), is consistent with a dom-
inant local ET moisture source. The q–δD slope for this stage
remains large and positive, but is slightly reduced from the pre-
transition because dry, depleted observations are less common.
The center of the distribution during the late transition is sim-
ilar to that during the early transition, but with an increased

Fig. 5. Changes in the vertical profiles of RH (∆RH) associated with
shallow convection under clean conditions [Cloud condensation number con-
centrations (CCN)≤500 cm−3], moderate aerosol pollution (500 cm−3 <

CCN≤1,000 cm−3), and heavy aerosol pollution (CCN>1,000 cm−3). CCN,
RH profiles, and convective occurrence are based on observations collected
during the Green Ocean Amazon (GOAmazon) field campaign (SI Text). ∆RH
is reported in absolute differences.
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prevalence of moist air with low δD (Fig. 3C). This shift is con-
sistent with enhanced MFC (more vapor from the nearby ocean;
Fig. 2A) and more frequent deep convection (more distillation
of heavy isotopes via convective precipitation; Fig. 2 B and D),
and results in a substantially reduced q–δD slope relative to the
early transition. The moist, low-δD tail of the late-transition dis-
tribution becomes the center of the distribution during the wet
season (Fig. 3D). The wet season q–δD slope is negative due
to repeated distillation of free tropospheric vapor by deep con-
vection (33, 38). The onset-relative evolution of q–δD slopes
over the southern Amazon (Fig. 2F) can thus be understood as
a trajectory in the q–δD phase space (Fig. 3) that traces three
paradigms in sequence: dry/depleted through moist/enriched to
moist/depleted.

Spatial distributions of water vapor and δD in the free tropo-
sphere (Fig. 4) provide additional context. During the pretransi-
tion, large values of q and δD are limited to the heavily forested
northwestern corner of the domain (Fig. 4A). Moist, deuterium-
enriched air then spreads south and east across the domain as
area mean precipitation increases (Fig. 4 B and C). This propa-
gation broadly matches the northwest-to-southeast migration of
wet season onset (39). The spatial gradient of δD reverses dur-
ing the wet season (Fig. 4D), when deuterium-rich water vapor
is located in the northeast, close to the ocean, but water vapor
concentrations are largest in the west. These wet season distri-
butions are consistent with transport from the tropical Atlantic
feeding regional-scale deep convection, which keeps the free tro-
posphere moist but depleted of deuterium. The transition to an
oceanic moisture source and the removal of deuterium in con-
vective rainfall both contribute to the wet season anticorrelation
between q and δD. Wet season onset typically occurs latest over
the northeastern corner of the domain (39). Colocated maxima
in δD and MFC (Fig. 4 C and D) suggest that onset there relies
on large-scale moisture convergence forced by deep convective
heating, as opposed to the ET-driven onset that prevails over
most of the domain.

SCMP
Rain-generating deep convective storms occur in this region
when CWV, RH, and θe are larger than normal, particularly in
the lower–middle troposphere (24). Area mean changes in the
moist thermodynamic properties of the atmosphere (Fig. 2) indi-
cate that the SCMP acts to establish these conditions over the
southern Amazon ∼30 d before wet season onset. To demon-
strate that these regional-scale changes are consistent with the
influences of individual shallow convective events, we evaluate
changes in the vertical profile of RH associated with shallow con-
vection during the transition season. Because convection in this
region is influenced by aerosol loading (29), we examine these
changes separately for shallow convection during clean, moder-
ate, and heavily polluted conditions (Fig. 5).

An increase in RH in the lower troposphere (950–700 hPa,
0.5∼3 km above sea level) is observed after shallow convection
occurs under clean and moderate conditions. Moderate aerosol
loading appears to slightly enhance the lower-tropospheric
moistening associated with shallow convection, perhaps due to
aerosol-induced reductions in precipitation efficiency that favor
longer cloud lifetimes (40, 41). Shallow convective moistening
is shifted upward under heavy pollution, reflecting upward dis-
placements of cloud base and cloud top in a systematically drier
atmosphere. These results, based on instantaneous measure-
ments, establish the capacity of the SCMP to increase lower tro-
pospheric RH during the early stages of the transition season,
a key precondition for subsequent increases in deep convection.
Our interpretations of aerosol effects are speculative, but high-
light the potential influences of biomass burning on the SCMP
and the need for further study.

Implications
The fate of the southern Amazon rainforest depends on the
length of the dry season (2, 4). Here, we have shown that the
length of the dry season in this region also depends on the rain-
forest. Rainforest ET during the late dry season helps to initi-
ate a chain of atmospheric processes that hastens wet season
onset 2–3 mo before the arrival of the ITCZ. This finding bolsters
the hypothesis that deforestation could delay onset and lengthen
the dry season (3). Given the importance of the rainforest-
mediated SCMP and the strong sensitivity of shallow convec-
tion to land cover in this region (42), the dry-to-wet transition
may be more sensitive to land use and vegetation changes than
previously thought. Many models remain unable to realistically
represent rainforest ET and shallow convection (43, 44), lead-
ing to misdiagnosis of the mechanisms that control wet season
onset and large discrepancies in projected climate changes over
the southern Amazon (45). A more detailed understanding of
the water isotopic budget would provide valuable constraints for
model evaluation and development.

Variations in the timing of wet season onset are often attrib-
uted to large-scale climate patterns like the El Niño–Southern
Oscillation and the Atlantic Multidecadal Oscillation (46), but
the mechanisms by which oceanic conditions during March–May
influence wet season onset and forest fire activity in the south-
ern Amazon during August–October are unclear (47, 48). Our
results imply that reduced deep soil moisture recharge during
March–May associated with El Niño or warmer conditions in the
tropical North Atlantic could delay onset by suppressing rainfor-
est ET during August–October (the early transition season). ET-
initiated wet season onset mechanisms may also apply in other
parts of the Amazon, but further investigation would be needed
to evaluate this possibility.

Materials and Methods
All analyzed fields are area-weighted spatial averages over the southern
Amazon domain, defined as the area bounded by 5◦S to 15◦S and 50◦W
to 70◦W (Fig. 1). Variables are averaged into discrete 5-d periods (pentads)
starting each year from 1 to 5 January. The annual cycle of each variable is
composited relative to wet season onset for each individual year following
Li and Fu (19). Onset dates are listed in Table S1. Onset-relative composites
are constructed by averaging across years for the 81 5-d periods centered on
onset over multiple wet season transitions (2007–2008 through 2013–2014
for SIF; 2005–2006 through 2010–2011 for all other variables). Composite
time series are then filtered using fast Fourier transforms to remove vari-
ability at time scales shorter than 25 d (Fig. S7).

The deuterium content of water vapor is expressed as the relative ratio
δD in parts per thousand (h), where

δD = 1000×
(

R− Rstd

Rstd

)
. [1]

R is the ratio of the number of HDO molecules to the number of H2O
molecules and Rstd is the corresponding ratio in Vienna Standard Mean
Ocean Water (Rstd = 3.11× 10−4). Joint distributions of specific humidity (q)
and δD are based on retrievals from the Tropospheric Emission Spectrome-
ter (TES) on the EOS Aura satellite (49); see SI Text and Figs. S8 and S9 for
additional details on these retrievals. Linear fits of δD on q account for resid-
uals and uncertainties in both variables (50). Detailed descriptions of data
sources, quality control criteria, uncertainty calculations, theoretical models,
and potential confounding factors are provided in SI Text.

ACKNOWLEDGMENTS. This work was supported by a Young Thousand Tal-
ents fellowship and National Natural Sciences Foundation of China Research
Fund for International Young Scientists (Grant 41350110225) at Tsinghua
University; along with National Science Foundation Grant AGS-0937400;
NASA Aura Science Team Program Grant NNX09AD85G; the Department of
Energy GOAmazon Project; and NASA Earth and Space Science Fellowship
Program Grant NNX13AN95H. Part of the research described in this paper
was carried out by the Jet Propulsion Laboratory, California Institute of Tech-
nology, under a contract with NASA.

1. Field CB, Behrenfeld MJ, Randerson JT, Falkowski P (1998) Primary production of
the biosphere: Integrating terrestrial and oceanic components. Science 281(5374):
237–240.

2. Staver AC, Archibald S, Levin SA (2011) The global extent and determi-
nants of savanna and forest as alternative biome states. Science 334(6053):
230–232.

Wright et al. PNAS Early Edition | 5 of 6

http://www.pnas.org/lookup/suppl/doi:10.1073/pnas.1621516114/-/DCSupplemental/pnas.201621516SI.pdf?targetid=nameddest=ST1
http://www.pnas.org/lookup/suppl/doi:10.1073/pnas.1621516114/-/DCSupplemental/pnas.201621516SI.pdf?targetid=nameddest=SF7
http://www.pnas.org/lookup/suppl/doi:10.1073/pnas.1621516114/-/DCSupplemental/pnas.201621516SI.pdf?targetid=nameddest=STXT
http://www.pnas.org/lookup/suppl/doi:10.1073/pnas.1621516114/-/DCSupplemental/pnas.201621516SI.pdf?targetid=nameddest=SF8
http://www.pnas.org/lookup/suppl/doi:10.1073/pnas.1621516114/-/DCSupplemental/pnas.201621516SI.pdf?targetid=nameddest=SF9
http://www.pnas.org/lookup/suppl/doi:10.1073/pnas.1621516114/-/DCSupplemental/pnas.201621516SI.pdf?targetid=nameddest=STXT


3. Fu R, et al. (2013) Increased dry-season length over southern Amazonia in recent
decades and its implication for future climate projection. Proc Natl Acad Sci USA
110(45):18110–18115.

4. Oyama MD, Nobre CA (2003) A new climate-vegetation equilibrium state for Tropical
South America. Geophys Res Lett 30(23):2199.

5. Gash JHC, Nobre CA (1997) Climatic effects of Amazonian deforestation: Some results
from ABRACOS. Bull Am Meteorol Soc 78:823–830.

6. Berbery EH, Barros VR (2002) The hydrologic cycle of the La Plata basin in South
America. J Hydrometeor 3(6):630–645.

7. Marengo JA (1992) Interannual variability of surface climate in the Amazon Basin. Int
J Climatol 12:853–863.

8. Hutyra LR, et al. (2005) Climatic variability and vegetation vulnerability in Amazônia.
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Data Processing and Generation of Composites. All analyzed fields
are area-weighted spatial averages over the southern Amazon
domain, defined as the area bounded by 5◦S to 15◦S and 50◦W
to 70◦W (Fig. 1). Variables are averaged into discrete 5-d peri-
ods (pentads), where the first pentad of each year corresponds to
1–5 January, the second to 6–10 January, and so on. The annual
cycle of each variable is then composited relative to wet season
onset for each individual year, where wet season onset is defined
as the first 5-d period for which (i) the rain rate exceeded the cli-
matological mean; (ii) the rain rate in at least five of the eight
preceding pentads was less than the climatological mean; and
(iii) the rain rate in at least five of the eight subsequent pentads
was greater than the climatological mean (19). Onset-relative
composite time series are then constructed by averaging across
years for the 40 pentads before onset and the 40 pentads after
onset over six wet season transitions (2005–2006 through 2010–
2011). This process yields composite time series 80 pentads
(400 d) long, which are then filtered by applying and inverting
fast Fourier transforms (FFTs) in the time dimension. The first
six Fourier coefficients of the full time series are retained, remov-
ing variability at time scales <25 d.

Except where otherwise indicated (δD, q–δD regression
slopes, surface radiation, enhanced vegetation index (EVI), and
fire CO2 emissions), uncertainties in the composite time series
are represented by the filtered evolutions over the six transition
seasons (seven for SIF; Table S1). Spatial variations within the
southern Amazon are not considered in these uncertainty esti-
mates, although separate analyses conducted for data separated
by land cover (evergreen forest vs. all other land cover types; Fig.
1) indicate that the results are not sensitive to this distinction.
All uncertainty estimates are calculated before applying FFTs, so
that lower and upper bounds (where applicable) are smoothed
identically to the composite mean. Fig. S7 shows full compos-
ite annual cycles for a subset of the variables included in Fig. 2,
along with unfiltered onset-relative changes from each year. The
latter illustrate the amplitude of the variations removed by the
FFT-based low-pass filter.

The timing of wet season onset and the onset-relative com-
posite time series of precipitation are determined using Ver-
sion 7 of the TRMM 3B42 daily gridded precipitation product
at 0.25◦ × 0.25◦ resolution (51). These data are widely used
and have been shown to correlate well with other observationally
based estimates of rainfall in the Amazon region (3). Transitions
between the wet and dry seasons are identified by using the area
mean climatological mean precipitation rate calculated from 18 y
(1998–2015) of TRMM data. The onset dates for the 2005–2013
wet seasons are listed in Table S1.

Energy and Moisture Fluxes. Onset-relative composite time series
of ET and MFC are constructed from the ERA-Interim (52). ET
in units of mm·d−1 (kg·m−2·d−1) is calculated by dividing the
latent heat flux (in units of W·m−2) by the latent heat of vapor-
ization for pure water at 20 ◦C (2.453 × 106 J·kg−1). MFC is
calculated by averaging the moisture flux divergence diagnostic
provided in the ERA-Interim product over the southern Ama-
zon domain. The sum of ET and MFC should approximately
equal precipitation, with changes in atmospheric water storage
as a residual. The sum of ET and MFC (and hence precipitation)
in ERA-Interim is systematically nearly twice as large as TRMM
precipitation through most of the dry season (Figs. S1A and S7).
The annual cycle of precipitation based on these two datasets

is broadly similar, but wet season onset based on ERA-Interim
is typically earlier than wet season onset based on TRMM (Fig.
1A). Wet season onset based on ERA-Interim precipitation is on
average 1.3±0.7 pentads earlier than that based on TRMM dur-
ing 1998–2015 (as much as 40 d earlier in 10 of 18 y) and 1.4±1.1
pentads earlier during the 2005–2011 analysis period (as much as
25 d earlier in 5 of 7 y).

Cloud fraction and radiative fluxes are from Edition 3A of the
Clouds and the Earth’s Radiant Energy System (CERES) Synop-
tic Radiative Fluxes and Clouds (SYN1deg) daily data product at
1◦× 1◦ spatial resolution (53, 54). Cloud fractions are retrieved
by using observations from the Moderate-Resolution Imaging
Spectroradiometer (MODIS) onboard the Earth Observing Sys-
tem (EOS) Terra and Aqua satellites (55) and observations from
geostationary satellites (56). Radiation fluxes are computed by
using the Fu–Liou radiative transfer model based on observed
cloud and aerosol distributions and atmospheric profiles calcu-
lated by using the Goddard Earth Observing System (GEOS)
Data Assimilation System. The source of the assimilated atmo-
spheric profiles was changed from GEOS-4.1 (57) to GEOS-5.2
(58) at the beginning of January 2008. CERES SYN1deg has
been processed for December 2007 by using both GEOS-4.1 and
-5.2. Comparison of these two datasets over the southern Ama-
zon domain indicates that the effects of this change on the vari-
ables used in this study are small. Relative changes associated
with the switch to GEOS-5.2 are <1% in area mean total cloud
fraction, <5% in the vertical profile of cloud fraction, and <1%
in net downward radiation flux.

There are considerable differences between the CERES
SYN1deg and ERA-Interim estimates of surface solar radiation
(Fig. S1B). ERA-Interim underestimates surface insolation rela-
tive to CERES during the middle dry season (day −120 through
day −75 or so), primarily because it overestimates cloud cover
(cf Fig. 2D and Fig. S1B; see also estimated cloud radiative
effect in Fig. S2A). By contrast, ERA-Interim overestimates sur-
face insolation during the late dry season (day −60 through day
−10), primarily due to aerosol effects (Fig. S2C) that are inad-
equately represented by the climatological annual cycle of tro-
pospheric aerosols used in the ERA-Interim reanalysis system.
These potential errors in surface insolation in ERA-Interim,
which represent an important source of uncertainty in the pre-
cise evolution of the surface sensible and latent heat fluxes (Fig.
2A and Fig. S1D), are on order ±30 W m−2. This uncertainty
highlights the importance of using observationally derived vari-
ables to provide additional validation for variations in the mois-
ture budget.

Vegetation Metrics and Fire Emissions. Land cover data at 500-m
resolution (Fig. 1) were taken from the 2009 MODIS MCD12Q1
dataset; the SIF and EVI data shown in Fig. 2E and Fig. S4
are averaged over pixels matching the International Geosphere–
Biosphere Program land cover type “evergreen broadleaf for-
est”. SIF, which is considered as a direct proxy for gross pri-
mary productivity, is inferred from measurements made by the
Global Ozone Monitoring Instrument 2 (GOME-2) onboard the
MetOp-A satellite (32). We use Version 2.6 data, which are pub-
licly available at avdc.gsfc.nasa.gov. The original data were pro-
vided four times per month during 2007–2014, in 7- or 8-d bins
depending on the number of days in the month. We use a lin-
ear regression to interpolate these data to 5-d resolution. The
area-weighted mean is obtained by averaging SIF over broadleaf
forest grid cells in the Southern Amazon region using a 1◦ × 1◦
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reduced-resolution version of the 2009 land cover dataset de-
scribed above. SIF normalized by the cosine of the solar zenith
angle (which removes the effects of seasonal variations in instan-
taneous incoming solar radiation across satellite overpasses) is
shown in Fig. S4A for context.

EVI is used as an alternative measure of rainforest bioproduc-
tivity. EVI was computed at 500-m resolution in 16-d increments
from MODIS-derived reflectance data standardized to constant
view and solar geometry. MODIS Bidirectional Reflectance Dis-
tribution Function (BRDF) parameters were taken from the
MCD43A1 dataset. Reflectance at nadir view and 30◦ solar
zenith angle was estimated as the linear combination of coeffi-
cients in MCD43A1 and the RossThick and LiSparseR kernel
functions computed at the specified angles. EVI was computed
from reflectance in near-infrared, red, and blue bands (59) and
masked outside of [−1, 1]. Sensitivity analysis indicated that the
choice of solar zenith angle affected the mean value of the EVI,
but not the phase or amplitude of the seasonal cycle. Pixels
were masked based on quality flags in the MODIS MCD43A2
dataset. The most restrictive quality control retained only best
quality pixels (full BRDF inversion with low residual error),
whereas the more permissive quality control retained all pixels
with potentially valid data (BRDF inversion completed). The
range between these two estimates is shown in Fig. S4B as a mea-
sure of uncertainty in the mean evolution of EVI. We generate
EVI data using 16-d means at 8-d resolution and linearly inter-
polate these data to 5-d resolution. Comparison of the seasonal
evolutions of SIF and EVI (Fig. S4) shows that changes in SIF
lead changes in EVI by ∼10–15 d, indicating that increases in
photosynthesis lead increases in vegetation greenness during the
late dry season in this region.

Daily estimates of CO2 emissions from fires are based on Ver-
sion 3.1 of the Global Fire Emissions Database (GFED3) (60,
61). Error bars on GFED3 estimates of fire emissions indicate
the minimum and maximum emissions during the 6-y analysis
period.

Atmospheric Thermodynamic Variables. Observations of water
vapor and temperature are from Version 6 of the AIRS Level
3 daily gridded product at 1◦×1◦ resolution (62, 63). We use the
AIRS TqJoint product based on combined AIRS and Advanced
Microwave Sounding Unit observations (AIRX3RET), which
provides consistent gridded profiles of temperature and water
vapor on a common vertical grid with eight pressure levels
between 1,000 and 300 hPa (previous versions of the AIRS data
have reported temperature and water vapor on slightly differ-
ent vertical grids). We use TqJoint because it facilitates the cal-
culation of equivalent potential temperature and other atmo-
spheric stability metrics that require knowledge of temperature
and water vapor at common locations in space and time. Only
data from ascending orbits (∼13:30 local time) are used; this
choice is justified by delays of almost 2 mo between the devel-
opment of daytime convective instability and the development of
nighttime convective instability (Fig. S3). The area mean equiva-
lent potential temperature (θe) is calculated from gridded AIRS
data at daily time resolution according to the equation

θe = θd exp

(
Lvq

cpT

)
, [S1]

where θd is the dry potential temperature, Lv is the latent heat
of vaporization at 0◦C, q is the water vapor mass mixing ratio,
cp is the specific heat of dry air at constant pressure, and T is
the temperature. The time rates of change in early afternoon
and early morning θe are calculated as centered differences in
the daily time series of area mean θe . Temperature and moisture
contributions to changes in θe (Fig. S5) are calculated following
the method used by Li and Fu (19). Calculations of CAPE and
convective inhibition energy (CINE) (Fig. S3) include the virtual

temperature correction (64). CAPE and CINE are calculated for
all 1◦× 1◦ grid cells for which the necessary surface air and pro-
file variables (pressure, temperature, and water vapor mass mix-
ing ratio) are available within the TqJoint dataset. These gridded
daily values are then aggregated into area-weighted 5-d (pentad)
mean values.

Isotopic Data. The deuterium content of a water sample is
expressed as the relative ratio δD in parts per thousand (h),
where

δD = 1000 ×
(
R − Rstd

Rstd

)
. [S2]

R is the ratio of the number of HDO molecules (NHDO) to the
number of H2O molecules (NH2O) and Rstd is the correspond-
ing NHDO/NH2O ratio in a reference standard (here Vienna Stan-
dard Mean Ocean Water, for which Rstd = 3.11 × 10−4). Joint
distributions of specific humidity (q) and δD are from retrievals
made using the TES on the EOS Aura satellite (49). The data
have been processed by using Version 6 of the TES retrieval algo-
rithm (v006 Litev01.00), which simultaneously estimates the vol-
ume mixing ratios of HDO, water vapor, methane, and nitrous
oxide (36). Retrieving these four species together substantially
improves the vertical resolution, and enables separate retrievals
of δD in the ABL (surface to 825 hPa) and free troposphere (FT)
(750–348 hPa). The onset-relative evolution of these two quan-
tities is shown in Fig. S8. The HDO averaging kernel is primar-
ily sensitive to log(R), where R is the HDO/H2O ratio (36, 49).
Fig. S9 shows a typical TES HDO averaging kernel for daytime
retrievals over the southern Amazon during the late dry season
(October 2006), which contains three rows that peak at pressures
of 825 hPa or higher and six rows that peak between 750 and
350 hPa. The daytime retrievals are therefore capable of resolving
the deuterium distribution in the ABL. Nighttime TES retrievals
of water vapor and HDO over the southern Amazon are only
weakly sensitive to levels between the surface and 825 hPa, so
we omit estimates of ABL δD from descending orbits (∼01:30
local time). We calculate pressure-weighted column mean R and
water vapor volume mixing ratio for the ABL and FT and then use
these quantities to calculate δD and water vapor mass mixing ratio
in each layer. All valid observations over the southern Amazon
region are then binned into onset-relative pentads before averag-
ing or calculating best fit lines (Linear Fits).

The TES data have been screened by using recommended
quality control criteria (36): The cloud effective optical depth
must be <0.4, and the degrees-of-freedom for signal for the
entire profile must be >1. Reasonable adjustments to the qual-
ity control criteria mainly affect the data yield and do not alter
the qualitative nature of the results. Uncertainties for the TES
time series are propagated from individual measurement uncer-
tainties (49). Typical uncertainties in the free troposphere over
the southern Amazon are ∼7–10% on q and ∼3–5% on R. The
mean degrees of freedom for signal for the vertical layers used
here is ∼0.5–0.6 in the ABL (p> 825 hPa) and ∼1.2−1.6 in the
free troposphere (750> p> 348 hPa). These values indicate that
the data are able to capture qualitative variations in both layers
and quantitative variations in the free troposphere, but capture
only 50–60% of the variability in ABL δD (i.e., the seasonal vari-
ations in daytime ABL δD may be larger than indicated by Fig.
S8B). Evaluating ABL δD by using observations between the sur-
face and 908 hPa (i.e., omitting the 825 hPa level) reduces the
degrees of freedom for signal by about half and shifts estimates
of ABL δD upward by ∼5 to 10h, but the seasonal evolution is
qualitatively unchanged.

Boundary Layer δD. The observed evolution of δD in the ABL
provides independent support for two of the key physical argu-
ments discussed in the main text: strong rainforest transpiration
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(which maintains high δD in ABL vapor) and a deepening
boundary layer during the transition season (which increases
the amount of high-δD air within the ABL layers of the TES
averaging kernel). Analysis of the TES averaging kernels (Fig.
S9) allows us to reject the possibility that the observed increase
in ABL δD during the late dry season is explained by cross-
correlations between the ABL and FT. The ABL retrieval par-
tially depends on the FT retrieval because the full profile is esti-
mated by using the equation

x̂ = xa + A (x − xa), [S3]

where x̂ is the estimated vertical profile of log(R), A is the aver-
aging kernel, xa is the a priori profile of log(R) used to regular-
ize the retrieval, and x is the true profile of log(R). Changes in
R in the FT will therefore affect retrievals of R in the ABL and
vice versa (Fig. S8). Changes in the FT during the late dry sea-
son will have a larger impact on the ABL because the fractional
increase in R is larger in the FT and the retrieval is performed
using log(R), for which changes reflect fractional variability. We
can estimate how much increases in the FT HDO/H2O ratio raise
the ABL estimate by multiplying (for example) the 908-hPa row
of the averaging kernel (red line with diamond located at 908 hPa
in Fig. S9) by a vector containing values of ∼0.06 for the 750- to
348-hPa levels (corresponding to the magnitude of the increases
in R in the FT). This estimate gives an upper bound on the
error from cross-correlation because the higher pressures show
lower variability than the lower pressures, and shows that cross-
correlation with the FT can account for at most a 4h increase in
δD in the ABL, a factor ∼4–5 smaller than the observed change.
Using more realistic values that account for the vertical profile
of fractional changes suggests a more likely error of 2h. We
can therefore reject the hypothesis that increases in ABL δD are
caused by cross-correlation with FT δD.

Comparison with δD in the ocean ABL further confirms that
this increase cannot be attributed to advection from the nearby
ocean. The mean value of δD in the ABL over the southern
Amazon during October 2006 (for example) was −54± 6.2h,
whereas that in the ABL over the tropical Atlantic (0–10◦N, 30–
55◦W) was −69± 4.7h (Fig. S8B). These estimates imply a pos-
itive bias of as much as 10h in the ABL (δD in the ABL over
the tropical ocean is generally approximately −80h), but the
Atlantic ABL is nonetheless significantly more depleted than the
southern Amazon ABL. Transport from the Atlantic therefore
cannot be the source of the observed increase in ABL δD. This
increase must therefore be due to an increase in the transpira-
tion contribution to the vapor observed in these layers by TES,
as transpiration is the only moisture source that can increase
the near-surface isotopic composition relative to observed values
during the peak dry season (−59 ± 9h).

Linear Fits. Linear fits between water vapor mass mixing ratio
(q) and δD (Fig. 2F) are calculated by using the same data
points used to calculate mean δD in the FT (Fig. S8A), but
without separating the data into daytime and nighttime obser-
vations (this choice is justified by the lack of significant dif-
ferences in FT δD between daytime and nighttime retrievals
shown in Fig. S8A). Linear fits are calculated by using the full
set of quality-controlled TES retrievals over the southern Ama-
zon aggregated into onset-relative 5-d periods (each regression
includes data from all six wet season transitions where avail-
able). The fitting algorithm is based on that proposed by York
(65, 66) and accounts for profile-specific uncertainties in both
q and δD (49). This algorithm also requires information about
cross-correlations between errors in q and errors in δD for indi-
vidual measurements. No information is available to constrain
these correlations for the TES observations used in this analysis.
We therefore assume that the errors are uncorrelated (ri = 0)
and assess the sensitivity of the best-fit slopes to a range of cross-

correlations between ±1 (slopes and uncertainties are shown
for ri =−0.5, ri = 0, and ri = +0.5 in Fig. 2F). Our conclusions
regarding moisture source evolution during the transition season
are not sensitive to the value of ri , although estimates of the best
fit slope for larger positive and negative values of ri diverge after
wet season onset.

The number of samples used for fitting ranges from 37 to 191.
TES retrievals of water vapor volume mixing ratios are converted
to mass mixing ratios before linear fitting. Monte Carlo simula-
tions are used to constrain uncertainties in the linear fits (50, 67).
A total of 5,000 fits are performed for each onset-relative pentad
by randomly perturbing the least squares estimates of q and δD
by amounts consistent with the associated observational uncer-
tainties. Errors in these synthetic measurements are assumed to
be independent and uncorrelated (i.e., the correlation ri only
affects the initial fit). The Monte Carlo slopes are within ±1.5%
of the slopes based on the original data on average, with almost
all of the slopes (>95%) within ±10%. The error bars shown in
Fig. 2F are based on twice the uncertainty in the Monte Carlo-
based slopes, which are propagated from the 5,000 individual
estimates (50). The vast majority (>85%) of these uncertainties
are within ±10% of the uncertainty estimates based on the best
fit line to the original data. The χ2 statistic for the Monte Carlo
fits ranges from 0.984 to 1.005, with an average value of 0.996.
The linear fits shown in Fig. 2F are based on column means in
the free troposphere (750–348 hPa), but the results are qualita-
tively unchanged when the analysis is performed using data from
only the lower–middle troposphere (750–619 hPa). Indeed, the
joint distributions and linear fits shown in Fig. 3 are based on q
and δD in the lower troposphere (825–619 hPa). The qualitative
evolution of the distributions and slopes described in the text is
not sensitive to this choice; however, using lower tropospheric
values in Fig. 3 has the added benefit of putting the centers of
activity in a portion of the q–δD phase space where the theoret-
ical models are more easily distinguished. Uncertainties on the
linear fits shown in Fig. 3 are 95% confidence intervals based on
5,000-member bootstrapping simulations using calculated uncer-
tainties in the best fit slope and intercept.

Our interpretation of changes in water vapor isotopic compo-
sition may be confounded by other factors. For example, reduc-
tions in the q–δD slope after day −60 may be attributed to
either large-scale moisture convergence or progressive removal
of HDO during the formation and reevaporation of rainfall (38,
68). The latter would cause us to underestimate the role of tran-
spiration as wet season onset approaches, and therefore does
not weaken our conclusion that rainforest transpiration is the
primary source of free tropospheric moisture during the initial
stages of the dry-to-wet transition, and particularly to the SCMP
that peaks between day −60 and −30. We have examined and
ruled out several other potential confounding factors that could
affect our interpretation, including spurious correlations result-
ing from diurnal variability (day/night), interannual variability
(individual years), land cover (rainforest/savanna), and aerosol
pollution (clean/polluted). Best fit slopes during the pretransi-
tion and early transition stages remain strong and positive, with
similar slopes for each subset.

Isotopic Mixing and Plume Models. Three theoretical models are
used to establish context for interpreting seasonal and subsea-
sonal changes in specific humidity and δD (Fig. 3). The first of
these represents mixing between two air masses with different
water vapor isotopic compositions (33, 37):

δmix = q0 (δ0 − δFT)
1

q
+ δFT. [S4]

The initial specific humidity q0 and isotopic ratio δ0 represent
the evaporative moisture source, while δFT represents the iso-
topic composition of dry free tropospheric air. We consider two
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moisture sources: air with water vapor transpired from the rain-
forest (δ0 =−30h) and air with water vapor evaporated from
the ocean (δ0 =−80h). In both cases, q0 = 20 g·kg−1, consis-
tent with RH ∼70–80% at typical daytime surface air temper-
atures during the southern Amazon transition season (Fig. 2C).
The value of δ0 =−80h for the ocean source is a typical assump-
tion for ocean evaporate (33, 69). The value of δ0 for rainforest
transpiration is based on the assumption that transpired water
vapor carries the isotopic composition of local precipitation (34,
37). The precipitation-weighted mean δD based on samples col-
lected for the Global Network of Isotopes in Precipitation is
∼−38h at Porto Velho and −26h at Manaus (Fig. S6). Obser-
vations collected in other locations with clearly delineated dry
and wet seasons indicate that the isotopic content of bound water
(i.e., the water accessed by tree roots) in these ecosystems is
weighted toward that of rainfall during the dry and transition sea-
sons, when rain rates are lower, runoff fractions are smaller, and
rainfall is more readily absorbed by soil (70). Precipitation dur-
ing the dry and transition season is more enriched in deuterium
than precipitation during the wet season (Fig. S6); we therefore
set δ0 =−30h for the rainforest source as a conservative esti-
mate of deuterium enrichment in transpired water vapor relative
to ocean evaporate. The free tropospheric dry end member is
assumed to have qFT = 1.5 g·kg−1 and isotopic ratios (δFT) rang-
ing from −250h to −400h at 50h intervals, consistent with the
approximate range of TES observations at p ∼ 619 hPa during
the peak of the dry season.

The other two models trace the evolution of a single saturated
air mass, rather than mixing between two air masses (33, 37). The
first of these is the widely used pseudoadiabatic Rayleigh model
(69, 71), which is based on the assumption that all condensate
falls out immediately after it forms (i.e., precipitation efficiency
equals one) and is given by the equation:

δray = (α− 1) ln

(
q

q0

)
+ δ0. [S5]

The second is for a reversible moist adiabatic process, often
referred to as the “closed system” model (71). This model is
based on the assumption that all condensate remains within the
air mass (i.e., precipitation efficiency equals zero), with vapor
and (liquid) condensate in isotopic equilibrium:

δrma = (αe − 1)

[
q − q0

q − αe (q − q0)

]
+ δ0. [S6]

Both models assume an undilute cloud plume, such that no envi-
ronmental air is entrained into the cloud. Although both mod-
els are heavily idealized, they represent useful limiting cases:

The Rayleigh model represents deeper rain-generating convec-
tion, whereas the closed system model represents shallow con-
vection that produces condensate, but no rainfall. In this study,
the fractionation factor α is assumed to equal the temperature-
dependent equilibrium fractionation factor αe between liquid
and water vapor in both models (72). The cloud plume models
are integrated from the approximate area mean saturation spe-
cific humidity at 850 hPa for the corresponding stage of the dry-
to-wet season transition, with δ0 = δmix as generated by Eq. S4
for the corresponding moisture source. Given the tight cluster-
ing of the mixing curves at these specific humidities, both the
Rayleigh and closed system models are integrated only from the
mixing curve with δFT = −250h.

GOAmazon Data. Ground-based measurements provided by the
GOAmazon field campaign were collected at Manacapuru,
Brazil (3◦12′S, 60◦35′W) from January 2014 through Novem-
ber 2015. The following measurements were used in generating
Fig. 5. Radiosonde vertical profiles of zonal and meridional wind
speed and direction, temperature, and RH were collected daily at
0530, 1130, 1430 (occasional), 1730, and 2330 GMT. An aerosol
observing system provided in situ aerosol absorption and scatter-
ing coefficients as a function of particle size and wavelength at
the surface. We use cloud condensation nuclei number concen-
trations, which are available at a temporal resolution of 1 min.

Cloud base, top, and cloud water content are based on radar
reflectivities from an upward pointing W-band radar (95.4 GHz;
valid range −90 to 50 dBZ) with a temporal resolution of 1 s and
a vertical resolution of 30 m. These data are supplemented by
observations collected by using a Micropulse Lidar (MPL), which
is a ground-based optical remote sensing system that determines
the top and base heights of clouds using a 30-s cloud mask. Time-
resolved signals for the transmitted and backscattered pulse
enable real-time detection of clouds. To avoid errors caused by
attenuation of the radar and MPL pulses, we use both radar
reflectivity and MPL backscattering to identify shallow convec-
tive clouds, which are defined as clouds with tops <4 km height
above ground level and depths >2 km.

Vertical profiles of changes in RH (∆RH) are calculated
based on radiosonde measurements taken within 2 h before and
2 h after the occurrence of shallow convective clouds. CCN mea-
surements are 30-min averages centered on the launch time of
the “before” radiosonde. Profiles of ∆RH associated with shal-
low convection under “clean,” “intermediate,” and “polluted”
conditions are qualitatively insensitive to changes of ± 200 cm−3

in the threshold values, the choice of time period (2014, 2015, or
both), and the precise definition of the “transition season” (here
defined as 19 June through 22 November for both years).
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Fig. S1. Onset-relative time series of precipitation from TRMM and ERA-Interim (A), net fluxes of shortwave (downward) and longwave (upward) radiation at
the surface from ERA-Interim and CERES SYN1Deg (B), cloud fraction from ERA-Interim (C), and upward sensible and latent heat fluxes from ERA-Interim (D).
All fluxes represent area-weighted averages over the southern Amazon region during the period 2005–2011. Uncertainties represent interannual variability
across six dry-to-wet transition seasons.
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Fig. S2. Onset-relative time series of cloud radiative effect on net downward shortwave and longwave radiation at the surface (A), cloud radiative heating
due to shortwave and longwave radiation between the surface and 500 hPa (assuming a mean surface pressure of 1,000 hPa and a dry atmosphere in
hydrostatic balance) (B), and aerosol radiative effect on net downward shortwave and longwave radiation at the surface (C). All variables are calculated from
CERES SYN1Deg data. Uncertainties represent interannual variability across six dry-to-wet transition seasons.
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Fig. S3. Onset-relative composite time series of area-weighted 5-d mean CAPE (red lines) and CINE (blue lines) calculated from daily 1◦ × 1◦ AIRS profiles
of temperature and water vapor during ascending (daytime) (A) and descending (nighttime) (B) orbits. Larger values of CAPE indicate greater convective
instability, whereas larger values of CINE indicate a larger energetic barrier to convection. Note different ranges of the CINE axis between A and B. Mean
evolution of daytime values are shown in B to facilitate comparison. Uncertainties represent interannual variability across six dry-to-wet transition seasons.

Fig. S4. Onset-relative time series of SIF from GOME-2 observations (A) and EVI calculated from MODIS observations (B). Two variations of SIF are shown,
both covering the time period 2007–2014. The raw SIF data (solid line) are identical to those shown in Fig. 2E. SIF normalized by the cosine of the solar zenith
angle (dashed line) is also shown for context and comparison with EVI. Uncertainty windows in both SIF estimates reflect interannual variability quantified
as SDs across seven dry-to-wet transition seasons. The EVI data cover the time period 2005–2011, consistent with all non-SIF data shown in Fig. 2. Again,
two variations are shown, one based on strict quality control standards (dashed) and one based on minimum quality control standards (solid; see SI Text,
Vegetation Metrics and Fire Emissions for details). On average, late dry season increases in EVI lag late dry season increases in SIF by 10 ∼ 15 d.
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Fig. S5. Onset-relative composite time series of temperature (red shading) and moisture (blue shading) contributions to the time rate of change in θe (thick
gray line) at 850 hPa based on AIRS observations. Temperature and moisture contributions are calculated following Li and Fu (19).

Fig. S6. Annual variability of monthly mean δD in precipitation according to samples collected at Porto Velho (8.77◦S, 63.92◦W) and Manaus (3.12◦S,
60.02◦W) under the Global Network for Isotopes in Precipitation (GNIP) measurement program. Data at Porto Velho were collected sporadically between
1965 and 1981, with the sample sizes ranging from four (July and August) to nine (November). Data at Manaus were collected sporadically between 1965
and 1990, with sample sizes ranging from 10 (September) to 17 (December). Effectively zero fractionation occurs during rainforest transpiration (34). δD in
transpired water vapor should therefore approximately match δD in soil water; lacking direct observations, we estimate this as the precipitation-weighted
mean δD in rainfall. The precipitation-weighted mean δD based on these data are approximately −38h at Porto Velho and −26h at Manaus. Previous studies
suggest that this should represent a lower bound on δD in soil water, because the isotopic content of bound water accessed by tree roots in ecosystems with
clearly delineated dry and wet seasons is weighted toward that of rainfall during the dry and transition seasons, when rain rates are lower and runoff
fractions are smaller (70). GNIP data can be accessed at www.iaea.org/water.
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Fig. S7. Full onset-relative annual cycle of precipitation from TRMM, ET, and moisture flux convergence from ERA-Interim, and net (downward) surface
radiation flux at the surface from CERES SYN1Deg (A), surface air temperature and CWV from AIRS (B), and total and vertically-resolved cloud fraction from
CERES SYN1Deg (C). Data from individual years are shown without low-pass filtering to illustrate the scale of the unfiltered variability.
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Fig. S8. Onset-relative composite time series of area-mean δD of water vapor in the free troposphere (750 to 348 hPa) (A) and the ABL (surface–825 hPa)
(B) based on TES satellite retrievals from ascending (∼13:30 local time) and descending (∼01:30 local time) satellite overpasses. Data in B are shown for
ascending overpasses only because TES is not sufficiently sensitive to ABL δD during descending overpasses (see also Materials and Methods and Fig. S9).
The evolution of ABL δD over the tropical Atlantic (0–10◦N, 30–55◦W) is also shown for reference. Uncertainty bounds include statistical and measurement
uncertainties propagated from individual TES measurements.

Fig. S9. Mean averaging kernels for TES observations of water vapor and HDO vapor from ascending orbits (∼13:30 local time) over the southern Amazon
(Left) and the tropical Atlantic (Right) during October 2006, representative of the late dry season in the southern Amazon. Diamonds indicate pressure
levels in the TES retrieval vertical grid. Averaging kernel rows for levels between the surface and 800 hPa (red lines) contribute to estimates of δD in the
boundary layer (Fig. S8B); averaging kernel rows for levels between 800 hPa and 350 hPa contribute to estimates of δD in the free troposphere (Fig. S8A). The
averaging kernel for descending orbits (∼01:30 local time) over the southern Amazon is similar for pressures <700 hPa, but sensitivity in the boundary layer
is substantially reduced (the peak sensitivities of averaging kernel rows for pressures >800 hPa shift upward). We therefore do not consider retrievals of ABL
δD (Fig. S8B) collected during descending passes (∼01:30 local time).
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Table S1. Wet season onset dates over the southern Amazon
domain for 2005–2013, along with the data used from each
dry-to-wet transition

Year Onset pentad Onset dates Data

2005 56 4–8 October All except SIF
2006 58 14–18 October All except SIF
2007 57 9–13 October All
2008 59 18–22 October All
2009 58 14–18 October All
2010 60 24–28 October All
2011 57 9–13 October SIF
2012 62 2–6 November SIF
2013 57 9–13 October SIF
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