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Abstract

When organic peat soils are sufficiently dry, they become flammable. In Southeast Asian peatlands, widespread deforestation
and associated drainage create dry conditions that, when coupled with El Nino-driven drought, result in catastrophic fire events
that release large amounts of carbon and deadly smoke to the atmosphere. While the effects of anthropogenic degradation
on peat moisture and fire risk have been extensively demonstrated, climate change impacts to peat flammability are poorly
understood. These impacts are likely to be mediated primarily through changes in soil moisture. Here, we used neural networks
(trained on data from the NASA SMAP satellite) to model soil moisture as a function of climate, degradation, and location.
The neural networks were forced with regional climate model projections for 1985-2005 and 2040-2060 climate under RCP8&.5
forcing to predict changes in soil moisture. We find that reduced precipitation and increased evaporative demand will lead to
median soil moisture decreases about half as strong as those observed during recent El Nino droughts. Such reductions may be
expected to accelerate peat emissions. Our results also suggest that soil moisture in degraded areas with less tree cover may
be more sensitive to climate change than in other land use types, motivating urgent peatland restoration. Climate change may

play an important role in future soil moisture regimes and by extension, future peat fire in Southeast Asian peatlands.
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Abstract

When organic peat soils are sufficiently dry, they become flammable. In Southeast Asian
peatlands, widespread deforestation and associated drainage create dry conditions that, when
coupled with EI Niflo-driven drought, result in catastrophic fire events that release large
amounts of carbon and deadly smoke to the atmosphere. While the effects of anthropogenic
degradation on peat moisture and fire risk have been extensively demonstrated, climate
change impacts to peat flammability are poorly understood. These impacts are likely to be
mediated primarily through changes in soil moisture. Here, we used neural networks (trained
on data from the NASA SMAP satellite) to model soil moisture as a function of climate,
degradation, and location. The neural networks were forced with regional climate model
projections for 1985-2005 and 2040-2060 climate under RCP8.5 forcing to predict changes in
soil moisture. We find that reduced precipitation and increased evaporative demand will lead
to median soil moisture decreases about half as strong as those observed during recent El Nifio
droughts. Such reductions may be expected to accelerate peat emissions. Our results also
suggest that soil moisture in degraded areas with less tree cover may be more sensitive to
climate change than in other land use types, motivating urgent peatland restoration. Climate
change may play an important role in future soil moisture regimes and by extension, future
peat fire in Southeast Asian peatlands.

1 Introduction

Peatlands in Insular Southeast Asia contain globally significant carbon stores, estimated at 67
GtC (Page et al 2011, Warren et al 2017). This carbon is maintained through high water tables
that prevent peat oxidation or ignition (Hirano et al 2009, Dommain et al 2010). However, in
the last half a century, degradation has threatened these carbon stores, as only ~6% of peat
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forests remain in pristine condition (Miettinen et al 2016) and widespread drainage has
occurred (Dadap et al 2021). The resulting drier peat is vulnerable to oxidation (Hooijer et al
2012, Jauhiainen et al 2012), leading to emissions as large as 155 + 30 Mt C yr!in 2015 (Hoyt et
al 2020), about 70% of annual fossil fuel emissions in Malaysia and Indonesia (Miettinen et al
2017).

Climate also affects peatland carbon loss. During drought years, large-scale burning of
peatlands (Van Der Werf et al 2008, Field et al 2016, Taufik et al 2017) also leads to globally
significant carbon emissions because dry peat is more flammable. For example, fires associated
with the 1997 El Nifio Southern Oscillation led to an estimated 0.81-2.56 GtC emitted, 13-40%
of global mean annual fossil fuel emissions at the time (Page et al 2002). Although fire has been
a phenomenon in Southeast Asian peatlands for at least 30,000 years (Goldammer et al 1989,
Anshari et al 2001), the frequency and scale of these fires has increased dramatically in recent
decades (Page and Hooijer 2016). In the second half of the 20th century, periodic droughts only
led to large increases in fire during periods when degradation rates were high (Field et a/ 2009).
This evidence suggests that the combined effects of degradation and climate on the soil
moisture and groundwater levels in peatlands mediate peat fire (Taufik et al 2017, Dadap et al
2019). Specifically, degradation can worsen the sensitivity of tropical peatland emissions to
meteorological drought (Siegert et al 2001), further motivating restoration and conservation
efforts (Jaenicke et al 2010, Leifeld and Menichetti 2018, Goldstein et al 2020).

Given that fire emissions in Southeast Asian peatlands have historically been largest during
drought conditions attributable to El Nifio Southern Oscillation and the Indian Ocean Dipole
(Van Der Werf et al 2008), future emissions may also be influenced by long-term trends
associated with climate change (Li et al 2007). Regional climate simulations have shown that
average rainfall will likely decrease in Southeast Asia in future decades (Li et al 2007, Tangang et
al 2020), especially during the dry season (Kang et al 2019). Additionally, changes in solar
radiation, atmospheric humidity, and temperature may also affect the peat water balance.
Understanding how future climate will affect peat vulnerability is necessary to inform
management, restoration, and conservations efforts. However, the sensitivity of peatland
moisture to climate change is likely highly variable across the region. Several factors influence
how different hydroclimatological conditions affect peat moisture including the initial
distribution of water table depth, water uptake differences between vegetation types (Hirano
et al 2015, Manoli et al 2018), canal properties including their depth, width, and spatial pattern,
(Page et al 2009, Dadap et al 2021, Cobb et al 2020), microtopography, hydraulic properties of
the peat and its macropores (Mezbahuddin et al 2015, Baird et al 2017, Cobb et a/ 2017), and
more (Sinclair et al 2020). Because the distribution of these factors across the region is poorly
understood and highly uncertain, it is not feasible to parameterize physical hydrologic models
(or using land surface simulations from existing regional climate models) to understand how
climate change affects peat moisture across this region.

Here, we instead used observations and a statistical modeling approach to estimate how
climate change will influence peat hydrological conditions in the coming decades. In particular,
we considered surface soil moisture, which has previously been shown to be closely related to
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peat fire risk (Dadap et al 2019) and for which observations are widely available across
Southeast Asian peatlands using data from the Soil Moisture Active Passive (SMAP) satellite
(Entekhabi et al 2010, McColl et al 2017). In tropical peatlands, surface soil moisture is closely
connected to water table depth (Hirano et al 2014, Dadap et al 2019), the most commonly used
metric of peat moisture levels for fire risk studies (e.g., Wosten et al 2008, Hooijer et al 2012).
Using machine learning, we built a statistical model to predict soil moisture variations across
the region as a function of several climate factors. The statistical model was then used to
analyze the impact of climate change on soil moisture across the region, including its spatial
distribution and variation with land use type.

2 Methods

2.1 Approach

This study focused on peatlands in Insular Southeast Asia, an area spanning ~157,000 km? on
Sumatra, Borneo, and Peninsular Malaysia. All analyses were limited to pixels covered by at
least 50% peatlands, as determined from 30 m land cover maps (Miettinen et al 2016), and
were performed on the 9 km EASE-Grid resolution of the SMAP data (Brodzik et al 2012).

Our general approach in this study was to train statistical models (neural networks) to learn
relationships between climate, degradation, location, and soil moisture in Southeast Asian
peatlands under present climate. The neural networks were then used with projections of
future climate to predict future soil moisture. This approach is illustrated in Fig. 1. Such a
climate sensitivity approach has been used previously to understand features of hydrologic
projections (Short Gianotti et al 2020).

The neural networks were trained using remotely sensed soil moisture from SMAP over the
2015-2020 period. Because of the relatively short training period (dictated by the limited
observational record), the neural networks’ ability to capture interannual variations were
explicitly cross-validated to ensure they could predict both spatial and temporal variations of
soil moisture. To determine how soil moisture statistics were affected by climate change, the
neural networks were then run with a set of regional climate predictions dynamically
downscaled from three global climate predictions for a reference (1985-2005) and future time
period (2040-2060). To reduce the effect of biases in the global circulation models downscaled
by a regional climate model (RCM), all climate inputs were bias-corrected to match the statistics
of an observation-driven dataset, here the European Centre for Medium-Range Weather
Forecasts ERAS reanalysis product (Hersbach et al 2019).

Here, we directly predict simplified soil moisture statistics to avoid the need for explicit
simulation of soil moisture timeseries in the future. These variables were: 1) mean dry season
soil moisture (SMgry season) and 2) percent low soil moisture (pctiowsm), defined here as the
percent of time in a given year that the soil moisture is below 0.2 cm3/cm3. For mean soil
moisture, we focus on the dry season only because that is more closely tied to fire risk. Previous
work using both laboratory measurements (Frandsen 1997) and SMAP soil moisture (Dadap et
al 2019, Figure 3) showed that peat ignition probability (at laboratory scale) and burned area
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(at remote sensing scales) sharply increase when soil moisture is below a threshold value of
about 0.2 cm3/cm3. Thus, the pctiow sm Statistic represents the fraction of a given year when the
peat is at high fire risk and captures the non-linear response of fire to soil moisture.

Training
Disturbance
& Location Observed
Smdry season
ERAS Obcsterved
Climate PClioy sm
SMAP data
trained models
Prediction (x2 variables)

Disturbance
& Location

RCM 3 |
RCM 2 |

RCM 1
Climate

X3 RCM runs

Bias corrected x2 time periods
RCM= ERAS

Soil moisture predictions

Figure 1. Overview schematic of the soil moisture modeling approach. Squares denote input data while
ovals denote neural network predictions. The model is first trained on ERA5 climate and SMAP soil
moisture data. Predictions are then calculated for reference (1985-2005) and future (2040-2060) time
periods using climate data from a regional climate model forced by three global circulation models. Input
climate data are bias-corrected to ERAS5 reanalysis data using quantile mapping.

Soil moisture data from SMAP are available every 2-3 days at 9 km resolution during 2015-
present. An example SMAP soil moisture timeseries is shown in Supplementary Figure 1. We
used soil moisture retrieved from the Multi-Temporal Dual Channel Algorithm (MT-DCA)
(Konings et al 2016, 2017, Feldman et al 2021). Because the MT-DCA retrievals rely on a
dielectric mixing model that was developed for mineral soils (Mironov et al 2004), an empirical
correction was applied to account for the high organic matter content of the peat (Bircher et al
2016). Measurements with potentially high error associated with radio frequency interference,
urban areas, and precipitation were excluded from the dataset. Microtopography and the
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presence of organic material on the peat may add error to the soil moisture retrievals, as the
presence of litter can affect L-band soil moisture retrievals even in less densely vegetation sites
(Kurum et al 2012). Thick vegetation can also block remote sensing measurement of soil
moisture where present. Furthermore, little in situ validation of SMAP data has been performed
in this region. Nevertheless, triple collocation-based (statistical) error analysis of SMAP soil
moisture in the region previously showed that retrieval precision is likely on par with the SMAP
mission target error of 0.04 cm3/cm?3 (Dadap et al 2019).

2.2 Neural network-based estimation of soil moisture

2.2.1 Input features

Input features were chosen to capture the possible effects of climate, degradation, and location
on soil moisture (Supplementary Table 1). Climate variables included precipitation and potential
evapotranspiration (PET) to represent water supply and evaporative demand; PET was
calculated from radiation and temperature using the Priestly-Taylor method. These were
represented in the neural networks with mean dry season PET, mean dry season precipitation,
mean annual precipitation and precipitation entropy. Precipitation entropy (calculated as the
Shannon entropy of monthly precipitation) was included because it is a descriptor of rainfall
seasonality (Feng et al 2013), or the degree to which rainfall is distributed between the wet and
dry seasons. A smaller entropy value indicates larger seasonal differences in precipitation.
Although PET might deviate from actual evapotranspiration, only PET was included here since
the RCM and reanalysis data may not capture the differences in water use strategies (and thus,
the actual/potential ET ratio) in different land use types.

Because the study area is dominated by coastal areas and topographic complexity, a high
resolution simulation is necessary for more accurate prediction of climate variables (Im and
Eltahir 2018). Here, we used 25 km regional climate data from the Coordinated Regional
Climate Downscaling Experiment - Common Regional Experiment (CORDEX-CORE) as inputs to
the neural networks for the reference (1990-2005) and future periods (2030-2070) (Im et a/
2021, Giorgi et al 2021). These data are driven by three global circulation models under
Representative Concentration Pathway 8.5 forcing (Meinshausen et al 2011), then downscaled
using the Regional Climate Model version 4.7.0 (RegCM4.7.0) developed at the Abdus Salam
International Centre for Theoretical Physics. This results in three different RCM realizations
corresponding to the three GCMs. See Supplementary Text 1 for more information on the
climate data.

Peatland degradation features used in the neural network model included the percent of
different land use types, tree cover fraction, drainage canal density, fire area, and fire count.
These factors are likely to change significantly in the future, but it is difficult to predict how they
will change due to shifting economic incentives and regulations (Humpendder et al 2020,
Schoneveld et al 2019, Suwarno et al 2018). We therefore only considered changes in climate
variables in this study, but incorporated these additional land use and fire inputs to account for
their effect on the soil moisture-climate relationship. Location descriptors including latitude,
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longitude, region, and distance from the edge of the peat dome were also used as predictors to
account for possible spatial autocorrelated factors affecting soil moisture, such as land use
history, peat physical properties, and land management practices. See Supplementary Text 1
and Supplementary Table 1 for more information on the input features and neural network
structure.

2.2.2 Application of neural networks for future prediction

We compared predictions of smary season and pctiowsm between the reference (1985-2005) and
future periods (2040-2060). In each case, degradation and location input features were held
constant while climate features changed based on bias-corrected RCM predictions. Bias
correction of the climate data was necessary because there are biases between the RCM
simulations and the pseudo-observational ERA5 data. These differences in distributions would
otherwise result in projections of soil moisture incorrectly attributed to changing climate that
are instead due to differences between ERAS5 and the RCM. We used quantile mapping to
correct these biases (Reichle et al., 2004; Miao et al., 2016). Specifically, we matched reference
period RCM data to ERAS data from the same time period, and then applied the same
correction to future period RCM data. A separate quantile mapping was applied to each of the
three RCM realizations (corresponding to each global circulation model). Both RCM and ERA5
data used for bias-correction were downscaled to 9 km resolution from their original 25 and 30
km grids, respectively, using nearest neighbor resampling.

3 Results and Discussion

3.1 Soil moisture models assessment

Cross validation for both soil moisture variables, smdry season and pctiow sm, demonstrated that the
neural network models could predict out-of-sample data accurately (Table 1, Supplementary
Figure 2). The smgry season Model achieved a cross-validation (CV) mean R? = 0.83, RMSE = 0.08
cm3/cm?3, and a bias of 0.001 cm3/cm? on randomly sampled test data. Similarly, the pctiow sm
model achieved a cross-validation mean R% = 0.73, RMSE = 16%, and a bias of 0.8% on random
test data. When the two networks were cross-validated using a full year's worth of held-out
data, R% decreased only a slight amount (AR?~0.1 in both cases), suggesting the networks were
able to predict soil moisture behavior on unseen years of data, including simulated future years.

Model Random CV | Random CV | Temporal CV | Temporal CV
Train R? Test R? Train R? Test R?

SMdry season 0.95+0.01 0.83 £0.02 0.90 £ 0.08 0.73+£0.12

PCtiow sm 0.92 £0.02 0.73£0.03 0.91 +0.03 0.64 £0.13

Table 1: Cross-validation (“CV”) results +/- standard deviation across folds. Temporal CV was performed
by holding out one year of data at a time for the test set, and training on the other years. For example,
the data would be trained on 2015-2019 data and evaluated on unseen 2020 data. This was then
repeated for all six years of data. Random CV involved random selection of data from all years (across all
pixel-times) when performing five-fold cross validation.
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3.2 RCM predicts drier future atmospheric conditions

RCM projections show overall drying in the study region, as dry season precipitation is
projected to decrease across 89% of the area (Figure 2a), while PET is projected to increase
across 98% (Figure 2b). The median change in dry season precipitation is -0.79 mm/day and the
median PET change is +0.38 mm/day between the reference (1985-2005) and future (2040-
2060) periods (Supplementary Figure 3a). Geographically, there are larger decreases in dry
season precipitation in southern Sumatra and larger increases in dry season PET in the southern
parts of the study region (Figure 2). Because evapotranspiration (ET) is the dominant water flux
out of peatlands (e.g., Hirano et al 2015, Cobb and Harvey 2019), increased PET is expected to
lead to decreases in soil moisture.

Annual precipitation is projected to decrease by ~0.5 to 2 mm/day in the study region (Figure
2¢, Supplementary Figure 3b). Precipitation seasonality, as captured by precipitation entropy,
exhibited a mixed change in signal by latitude in Sumatra: generally decreasing south of the
equator and increasing north of it (Figure 2d, Supplementary Figure 3b). Decreasing entropy
suggests higher seasonality, which may cause drier smary season, @s precipitation may be less
evenly distributed between the dry and wet seasons. These results are consistent with those of
Kang et al (2019), who found that Aug-Oct precipitation (corresponding to the dry season
across most of the study area) generally decreased while Nov-Jan precipitation generally
increased. While our model did not account for possible changes in the timing of the dry
season, only relatively minor changes are projected in the timing of the monsoon in this region
(Ashfaq et al 2020). Overall distributions of climate features shifted under future climate
(Supplementary Figure 3), but these shifts generally did not extend far beyond the ranges
observed under future climate. This builds confidence that the neural networks trained using
present climate-soil moisture relationships can accurately assess the impact of future climate
scenarios.
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270

271 3.3 Climate changes cause substantially drier soils and more prevalent high fire risk regimes
272  Both soil moisture variables exhibited drier conditions under 2040-2060 climate projections
273  compared to 1985-2005 climate, consistent with the changes in climate forcing. Median smary
274  season Was projected to decrease during the future period by 0.023 cm3/cm? (Figure 33, c). For
275  context, this decrease is nearly half the magnitude of the 0.056 cm3/cm3 decrease in median
276  dry season soil moisture observed by SMAP during the 2015 and 2019 El Nifio years relative to
277  non-El Nifio years between 2015 and 2020. Recent El Nifio years have been associated with a
278 non-linear increase in fire activity (Yin et al 2016), suggesting that the magnitude of climate-
279  change induced soil moisture drying, absent other changes, could significantly increase fire risk
280 in the region. However, the impacts of climate change relative to recent El Nifio years differ
281  geographically. For example, the predicted soil drying due to climate change is generally greater
282  than impacts observed during recent El Nifio droughts north of the equator, while the opposite
283  is true south of the equator in the study region (Figure 4a, b).
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The pctiowsm Variable, a more direct measure of fire risk than smary season, increases over almost
the entire region. Our neural network projected a median increase in pctiow sm of 3% (from
12.5% to 15.5%) (Figure 3b, d), suggesting that extremely dry conditions associated with high
fire risk will be more prevalent in the future. To estimate how large the pctiow sm-associated
impact on burned area might be, we consider a single average burned area associated with dry
soil moisture (below 0.2 cm3/cm3) and another average burned area for wet soil moisture
conditions (as calculated from the curve in Fig. 3a of Dadap et al 2019). The increase of the 3%
in pctiow sm Would then correspond to a 10% increase in burned area due to future climate
change. This calculation, though highly simplified, illustrates the outsized increase in fire risk
associated with even small increases in pctiow sm driven by climate change.

Drought conditions during recent El Nifio years have been attributed primarily to precipitation
drought (e.g., Field et al 2016), but our model suggests that future changes in smdry season are
also affected by increased evaporative demand (i.e., increasing PET). This is evident from the
higher feature importance of PET compared to precipitation inputs for both neural networks
(Supplementary Figure 4). Consistent with this finding, running the model with future (2040-
2060) PET but with reference (1985-2005) precipitation resulted in a decrease in median smary
season that was 0.008 cm3/cm?3, or 36% of the change when precipitation drivers were included.
Thus, our results suggest that increased evaporative demand will play a significant role in
driving soil moisture changes under climate changes. Land-atmosphere feedbacks may further
exacerbate soil drought and atmospheric aridity under future climate (Zhou et al 2019).

3.4 Degraded areas exhibit higher sensitivity to future climate change

To better understand where soil moisture changes will occur, we separated model predictions
by land use (here determined by the majority land use type in each pixel). During the reference
period (1985-2005), pristine forest was predicted to have the wettest median smary season, While
open undeveloped was the driest (Figure 4a). Nevertheless, reference period distributions of
SMdry season Were generally found to have little variation across land uses (Figure 4a). This was
somewhat surprising, as land use is often used as a proxy for hydrologic disturbance (e.g.,
Miettinen et al 2017, Taufik et al 2020). However, our model predictions were mostly
consistent with a meta-analysis of in situ soil moisture measurements, which show similar soil
moisture magnitudes across land use types and large variation within land uses (Supplementary
Figure 5, Supplementary Table 2). Such high variability of soil moisture within land use types is
likely due to differences in precipitation regimes, peat physical properties, drainage density,
and more.
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Degraded land use types (including degraded forest, open undeveloped, smallholder plantation,
and industrial plantation) exhibit larger magnitudes of drying than pristine forest (Figure 5c, d).
In particular, open undeveloped areas are predicted to experience the largest changes, while
pristine forests are predicted to experience the smallest changes. Open undeveloped areas
generally have the lowest starting soil moistures, suggesting that the driest areas will dry
further than wetter areas. The differences in soil moisture changes by land use type could be
caused by i) climate changing more in certain land use types and/or ii) certain land use types
are inherently more sensitive to changes in climate. However, the former does not appear to be
a major factor, because the magnitude of soil moisture changes does not correlate with climate
changes when grouped by land use type (Figure 6), except for increases in PET with decreases
in SMdry season. This suggests that land use could affect the sensitivity of soil moisture response to
climate change.
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Figure 6. Magnitude of percent change in soil moisture variables (SMdr, season ANd pCtiow sm) compared to
percent change in climate variables (dry season PET and dry season precipitation). Changes in soil
moisture do not appear to vary with changes in climate. Note the signs for SMary season and for dry season
PET denote negative change.

Our results further suggest that tree cover affects soil moisture sensitivity to climate change.
We regressed ASMary season and Apctiow sm With the input metrics that capture peatland
degradation (tree cover, canal density, and fire), and found significant relationships for both
variables only with tree cover (Supplementary Figure 6). These relationships suggest that areas
with less tree cover are more sensitive to climate changes (i.e., will experience more drying)
than areas with more tree cover. This increased sensitivity with less tree cover can be explained
by a number of possible mechanisms. First, tree cover reduces the solar radiation reaching the
ground surface. In areas with less or shorter vegetation, this effect is minimized, and
atmospheric conditions are more likely to determine changes in soil evaporation (Ohkubo et al
2021, Fan et al 2019). Deforested areas are also more likely to contain degraded soils with
increased hydrophobicity (Perdana et al 2018, Bechtold et al 2018). This in turn could decrease
rainfall infiltration, increase soil evaporation, and decrease the capillary connection with the
water table and the surface soil, making degraded areas more sensitive to climate changes.
Furthermore, reduced hydraulic diversity (Anderegg et al 2018), shallower roots, or less
stomatal regulation (Manoli et al 2018) are characteristic of agricultural areas that have lower
tree cover fraction.

It should also be noted that SMAP soil moisture measurement could be affected by differences

in peat microtopography by land use type, complicating comparisons of soil moisture between
land use types. For example, the duff and litter layers that form the hummock and hollow
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topography endemic to pristine peatlands are often replaced by a denser, flatter surface when
graded or converted to agricultural use (Lim et al 2012). These differences could in turn affect
the profile of soil moisture measurement relative to the groundwater table. For example,
Sakabe et al 2018 found high variability in surface soil moisture within pristine forests based on
the location of measurement: hummocks averaged 0.06 cm3/cm3 while hollows averaged 0.54
cm3/cm?3, but the drier value would not necessarily imply higher fire risk. Such small-scale
spatial variability would be averaged to a single measurement by SMAP, which integrates
measurements over 9 km pixels. However, this variability would not exist in land use types
where the ground surface is generally flatter. Thus, in situ validation studies are needed to
better understand how to interpret differences in SMAP retrievals between land use types and
their implications for fire risk and carbon emissions. Nonetheless, comparisons within land use
types would not be affected by this potential issue, and the predicted drying trends observed in
all land use types underscores the consistent prediction of drying due to climate change.

4 Conclusions

Our model projections suggest that future drier climatic conditions across Southeast Asia will
lead to lower mean soil moisture and more frequent periods with dangerously dry peat
conditions that would lead to increased fire risk. The median predicted decreases in soil
moisture are nearly half the magnitude of those experienced during high-fire drought years
associated with El Nifio under current climate, portending more prevalent fire risk due to
climate change. In contrast to recent droughts, future drier soil conditions also appear to be
driven by increased evaporative demand in addition to reduced precipitation. More degraded
peatlands with lower tree cover may be especially sensitive to climate change, motivating the
importance of restoration in not only reducing current carbon emissions and fire risk, but also
towards lessening the impacts from future climate change. Degradation is understood to be a
critical determinant of peatland hydrology, but our results suggest that climate change will also
play an important role in determining future soil moisture regimes.

5 Data Availability
The code used to train and analyze the model can be obtained from
https://github.com/ndadap/future-sm-peatlands.

6 Acknowledgements

N. C. Dadap was supported by NASA Headquarters under the NASA Earth and Space Science
Fellowship Program — Grant 8ONSSC18K1341. This work is supported by NSF under Award EAR-
1923478 to A. G. Konings and C. F. Harvey. This research was also supported by the National
Research Foundation (NRF), Prime Minister's Office, Singapore under its Campus for Research
Excellence and Technological Enterprise (CREATE) program and Grant No. NRF2016-ITCOO1-
021. The Center for Environmental Sensing and Modeling (CENSAM) is an interdisciplinary
research group (IRG) of the Singapore MIT Alliance for Research and Technology (SMART). A. F.
Feldman was supported by an appointment to the NASA Postdoctoral Program at the NASA
Goddard Space Flight Center, administered by Oak Ridge Associated Universities under contract
with NASA.

13


https://github.com/ndadap/future-sm-peatlands

425
426
427
428
429
430
431
432
433
434
435
436
437
438
439
440
441
442
443
444
445
446
447
448
449
450
451
452
453
454
455
456
457
458
459
460
461
462
463
464
465
466
467
468

7 References

Anderegg W R L, Konings A G, Trugman AT, Yu K, Bowling D R, Gabbitas R, Karp D S, Pacala S,
Sperry J S, Sulman B N and Zenes N 2018 Hydraulic diversity of forests regulates ecosystem
resilience during drought Nature 1 Online: http://www.nature.com/articles/s41586-018-
0539-7

Anshari G, Peter Kershaw A and Van Der Kaars S 2001 A Late Pleistocene and Holocene pollen
and charcoal record from peat swamp forest, Lake Sentarum wildlife reserve, West
Kalimantan, Indonesia Palaeogeogr. Palaeoclimatol. Palaeoecol. 171 213-28

Ashfag M, Cavazos T, Reboita M S, Torres-Alavez J A, Im E S, Olusegun CF, Alves L, Key K,
Adeniyi M O, Tall M, Sylla M B, Mehmood S, Zafar Q, Das S, Diallo |, Coppola E and Giorgi F
2020 Robust late twenty-first century shift in the regional monsoons in RegCM-CORDEX
simulations Clim. Dyn. Online: https://doi.org/10.1007/s00382-020-05306-2

Baird A J, Low R, Young D, Swindles G T, Lopez O R and Page S 2017 High permeability explains
the vulnerability of the carbon store in drained tropical peatlands Geophys. Res. Lett. 44
1333-9 Online: http://doi.wiley.com/10.1002/2016GL072245

Bechtold M, Dettmann U, W6hl L, Durner W, Piayda A and Tiemeyer B 2018 Comparing
Methods for Measuring Water Retention of Peat Near Permanent Wilting Point Soil Sci.
Soc. Am. J. 82 601-5

Bircher S, Demontoux F, Razafindratsima S, Zakharova E, Drusch M, Wigneron J and Kerr Y H
2016 L-Band Relative Permittivity of Organic Soil Surface Layers — A New Dataset of
Resonant Cavity Measurements and Model Evaluation Remote Sens. 8 1024 Online:
http://www.mdpi.com/2072-4292/8/12/1024

Brodzik M J, Billingsley B, Haran T, Raup B and Savoie M H 2012 EASE-Grid 2.0: Incremental but
Significant Improvements for Earth-Gridded Data Sets ISPRS Int. J. Geo-Information 1 32—
45 Online: http://www.mdpi.com/2220-9964/1/1/32

Cobb AR, Dommain RR, Tan F, Heng N H E H and Harvey C F 2020 Carbon storage capacity of
tropical peatlands in natural and artificial drainage networks Environ. Res. Lett. 15 23-5

Cobb A R and Harvey C F 2019 Scalar Simulation and Parameterization of Water Table Dynamics
in Tropical Peatlands Water Resour. Res. 55 9351-77

Cobb AR, Hoyt A M, Gandois L, Eri J, Dommain R, Abu Salim K, Kai F M, Haji Su’ut N S and
Harvey C F 2017 How temporal patterns in rainfall determine the geomorphology and
carbon fluxes of tropical peatlands Proc. Natl. Acad. Sci. 114 Online:
http://www.ncbi.nlm.nih.gov/pubmed/28607068

Dadap N C, Cobb AR, Hoyt A M, Harvey C F and Konings A G 2019 Satellite soil moisture
observations predict burned area in Southeast Asian peatlands Environ. Res. Lett. 14

Dadap N C, Hoyt A M, Cobb AR, Oner D, Kozinski M, Fua P V, Rao K, Harvey C F and Konings A G
2021 Drainage Canals in Southeast Asian Peatlands Increase Carbon Emissions AGU Adv. 2
1-14

Dommain R, Couwenberg J and Joosten H 2010 Hydrological self-regulation of domed peatlands
in south-east Asia and consequences for conservation and restoration Mires Peat 6 1-17

Entekhabi D, Njoku E G, O’Neill P E, Kellogg K H, Crow W T, Edelstein W N, Entin J K, Goodman S
D, Jackson T J, Johnson J, Kimball J, Piepmeier J R, Koster R D, Martin N, McDonald K C,
Moghaddam M, Moran S, Reichle R, ShiJ C, Spencer M W, Thurman S W, Tsang L and Van

14



469
470
471
472
473
474
475
476
477
478
479
480
481
482
483
484
485
486
487
488
489
490
491
492
493
494
495
496
497
498
499
500
501
502
503
504
505
506
507
508
509
510
511
512

Zyl J 2010 The Soil Moisture Active Passive (SMAP) Mission Proc. IEEE 98 704—16 Online:
http://ieeexplore.ieee.org/document/5460980/

Fan Y, Meijide A, Lawrence D M, Roupsard O, Carlson K M, Chen H-YY, R6ll A, Niu F and Knohl A
2019 Reconciling Canopy Interception Parameterization and Rainfall Forcing Frequency in
the Community Land Model for Simulating Evapotranspiration of Rainforests and Qil Palm
Plantations in Indonesia J. Adv. Model. Earth Syst. 11 732-51 Online:
https://agupubs.onlinelibrary.wiley.com/doi/pdf/10.1029/2018 MS001490

Feldman A F, Konings A G, Piles M and Entekhabi D 2021 The Multi-Temporal Dual Channel
Algorithm (MT-DCA) (Version 4)

Feng X, Porporato A and Rodriguez-lturbe 1 2013 Changes in rainfall seasonality in the tropics
Nat. Clim. Chang. 3 811-5

Field R D, van der Werf G R, Fanin T, Fetzer E J, Fuller R, Jethva H, Levy R, Livesey N J, Luo M,
Torres O and Worden H M 2016 Indonesian fire activity and smoke pollution in 2015 show
persistent nonlinear sensitivity to El Nifio-induced drought Proc. Natl. Acad. Sci. 113 9204—
9 Online: http://www.pnas.org/lookup/doi/10.1073/pnas.1524888113

Field R D, Van Der Werf G R and Shen S S P P 2009 Human amplification of drought-induced
biomass burning in Indonesia since 1960 Nat. Geosci. 2 185—8 Online:
http://www.nature.com/doifinder/10.1038/ngeo443

Frandsen W H 1997 Ignition probability of organic soils Can. J. For. Res. 27 14717 Online:
http://www.nrcresearchpress.com/doi/10.1139/x97-106

Giorgi F, Coppola E, Jacob D, Teichmann C, Abba Omar S, Ashfag M, Ban N, Biilow K, Bukovsky
M, Buntemeyer L, Cavazos T, Ciarlo’ J, Da Rocha R P, Das S, di Sante F, Evans J P, Gao X,
Giuliani G, Glazer R H, Hoffmann P, Im E-S, Langendijk G, Lierhammer L, Llopart M, Mueller
S, Luna-Nino R, Nogherotto R, Pichelli E, Raffaele F, Reboita M, Rechid D, Remedio A,
Remke T, Sawadogo W, Sieck K, Torres-Alavez J A and Weber T 2021 The CORDEX-CORE
EXP-I initiative: Description and highlight results from the initial analysis Bull. Am.
Meteorol. Soc. 1-52 Online: https://journals.ametsoc.org/view/journals/bams/aop/BAMS-
D-21-0119.1/BAMS-D-21-0119.1.xml

Goldammer J G, Seibert B and Kehutanan F 1989 Natural Rain Forest Fires in Eastern Borneo
During the Pleistocene and Holocene Naturwissenschaften 76 518-20 Online:
https://link.springer.com/content/pdf/10.1007%2FBF00374124.pdf

Goldstein A, Turner W R, Spawn S A, Anderson-Teixeira K J, Cook-Patton S, Fargione J, Gibbs H
K, Griscom B, Hewson J H, Howard J F, Ledezma J C, Page S, Koh L P, Rockstrém J,
Sanderman J and Hole D G 2020 Protecting irrecoverable carbon in Earth’s ecosystems
Nat. Clim. Chang. 10 287-95 Online: http://dx.doi.org/10.1038/s41558-020-0738-8

Hersbach H, Bell B, Berrisford P, Biavati G, Horanyi A, Mufioz Sabater J, Nicolas J, Peubey C,
Radu R, Rozum |, Schepers D, Simmons A, Soci C, Dee D and Thépaut J-N 2019 ERA5
monthly averaged data on single levels from 1979 to present

Hirano T, Jauhiainen J, Inoue T and Takahashi H 2009 Controls on the carbon balance of tropical
peatlands Ecosystems 12 873—87 Online: http://link.springer.com/10.1007/s10021-008-
9209-1

Hirano T, Kusin K, Limin S and Osaki M 2014 Carbon dioxide emissions through oxidative peat
decomposition on a burnt tropical peatland Glob. Chang. Biol. 20 555—65 Online:
http://doi.wiley.com/10.1111/gcb.12296

15



513
514
515
516
517
518
519
520
521
522
523
524
525
526
527
528
529
530
531
532
533
534
535
536
537
538
539
540
541
542
543
544
545
546
547
548
549
550
551
552
553
554
555
556

Hirano T, Kusin K, Limin S and Osaki M 2015 Evapotranspiration of tropical peat swamp forests
Glob. Chang. Biol. 21 1914-27 Online: http://doi.wiley.com/10.1111/gcb.12653

Hooijer A, Page S, Jauhiainen J, Lee W A, Lu X X, Idris A and Anshari G 2012 Subsidence and
carbon loss in drained tropical peatlands Biogeosciences 9 1053-71

Hoyt A M, Chaussard E, Seppalainen S and Harvey C 2020 Widespread Subsidence and Carbon
Emissions across Southeast Asia Peatlands Nat. Geosci. 13 435—-40 Online:
http://dx.doi.org/10.1038/s41561-020-0575-4

Humpendoder F, Karstens K, Lotze-Campen H, Leifeld J, Menichetti L, Barthelmes A and Popp A
2020 Peatland protection and restoration are key for climate change mitigation Environ.
Res. Lett. 15 104093 Online: https://doi.org/10.1088/1748-9326/abae2a

Im E S and Eltahir E A B 2018 Simulation of the diurnal variation of rainfall over the western
Maritime Continent using a regional climate model Clim. Dyn. 51 73—88 Online:
http://dx.doi.org/10.1007/s00382-017-3907-3

Im E S, Thanh N X, Qiu L, Ashfag M, Gao X, Yao T, Torma C, Adeniyi M O, Das S, Giuliani G,
Coppola E and Giorgi F 2021 Emergence of robust anthropogenic increase of heat stress-
related variables projected from CORDEX-CORE climate simulations Clim. Dyn. 57 1629-44
Online: https://doi.org/10.1007/s00382-020-05398-w

Jaenicke J, Wosten H, Budiman A and Siegert F 2010 Planning hydrological restoration of
peatlands in Indonesia to mitigate carbon dioxide emissions Mitig. Adapt. Strateg. Glob.
Chang. 15 223-39 Online: http://link.springer.com/10.1007/s11027-010-9214-5

Jauhiainen J, Hooijer A and Page S E 2012 Carbon dioxide emissions from an Acacia plantation
on peatland in Sumatra, Indonesia Biogeosciences 9 617-30 Online:
www.biogeosciences.net/9/617/2012/

Kang S, Im E S and Eltahir E A B 2019 Future climate change enhances rainfall seasonality in a
regional model of western Maritime Continent Clim. Dyn. 52 747—-64 Online:
http://dx.doi.org/10.1007/s00382-018-4164-9

Konings A G, Piles M, Rotzer K, McColl K A, Chan S K and Entekhabi D 2016 Vegetation optical
depth and scattering albedo retrieval using time series of dual-polarized L-band
radiometer observations Remote Sens. Environ. 172 178—-89 Online:
http://dx.doi.org/10.1016/j.rse.2015.11.009

Konings A G, Williams A P and Gentine P 2017 Sensitivity of grassland productivity to aridity
controlled by stomatal and xylem regulation Nat. Geosci. 10 284—8

Kurum M, O’Neill P E, Lang R H, Cosh M H, Joseph AT and Jackson TJ 2012 Impact of conifer
forest litter on microwave emission at L-band /EEE Trans. Geosci. Remote Sens. 50 1071-84

Leifeld J and Menichetti L 2018 The underappreciated potential of peatlands in global climate
change mitigation strategies Nat. Commun. 9 1071 Online:
http://www.nature.com/articles/s41467-018-03406-6

Li W, Dickinson R E, Fu R, Niu G-Y Y, Yang Z-L L and Canadell J G 2007 Future precipitation
changes and their implications for tropical peatlands Geophys. Res. Lett. 34 L01403 Online:
http://doi.wiley.com/10.1029/2006GL028364

Lim K H, Lim S S, Parish F and Suharto R 2012 RSPO Manual on Best Management Practices
(BMPs) for Existing Oil Palm Cultivation on Peat (Kuala Lumpur, Malaysia: RSPO)

Manoli G, Meijide A, Huth N, Knohl A, Kosugi Y, Burlando P, Ghazoul J and Fatichi S 2018
Ecohydrological changes after tropical forest conversion to oil palm Environ. Res. Lett. 13

16



557
558
559
560
561
562
563
564
565
566
567
568
569
570
571
572
573
574
575
576
577
578
579
580
581
582
583
584
585
586
587
588
589
590
591
592
593
594
595
596
597
598
599
600

Online: http://iopscience.iop.org/article/10.1088/1748-9326/aac54e/meta

McColl K A, Alemohammad S H, Akbar R, Konings A G, Yueh S and Entekhabi D 2017 The global
distribution and dynamics of surface soil moisture Nat. Geosci. 10 100—4 Online:
http://www.nature.com/articles/ngeo2868

Meinshausen M, Smith S J, Calvin K, Daniel J S, Kainuma M L T, Lamarque J, Matsumoto K,
Montzka S A, Raper S C B, Riahi K, Thomson A, Velders G J M and van Vuuren D P P 2011
The RCP greenhouse gas concentrations and their extensions from 1765 to 2300 Clim.
Change 109 213-41

Mezbahuddin M, Grant R F and Hirano T 2015 How hydrology determines seasonal and
interannual variations in water table depth, surface energy exchange, and water stress in a
tropical peatland: Modeling versus measurements J. Geophys. Res. Biogeosciences 120
2132-57 Online: http://doi.wiley.com/10.1002/2015JG003005

Miettinen J, Hooijer A, Vernimmen R, Liew S C and Page S E 2017 From carbon sink to carbon
source: Extensive peat oxidation in insular Southeast Asia since 1990 Environ. Res. Lett. 12
024014

Miettinen J, Shi C and Liew S C 2016 Land cover distribution in the peatlands of Peninsular
Malaysia, Sumatra and Borneo in 2015 with changes since 1990 Glob. Ecol. Conserv. 6 67—
78

Mironov V L, Dobson M C, Kaupp V H, Komarov S A and Kleshchenko V N 2004 Generalized
refractive mixing dielectric model for moist soils IEEE Trans. Geosci. Remote Sens. 42 773—
85

Ohkubo S, Hirano T and Kusin K 2021 Influence of fire and drainage on evapotranspiration in a
degraded peat swamp forest in Central Kalimantan, Indonesia J. Hydrol. 603 126906
Online: https://doi.org/10.1016/j.jhydrol.2021.126906

Page S E and Hooijer A 2016 In the line of fire: the peatlands of Southeast Asia Philos. Trans. R.
Soc. London B Biol. Sci. 371 Online:
http://rstb.royalsocietypublishing.org/content/371/1696/20150176

Page S E, Rieley J O and Banks CJ 2011 Global and regional importance of the tropical peatland
carbon pool Glob. Chang. Biol. 17 798-818 Online: http://doi.wiley.com/10.1111/j.1365-
2486.2010.02279.x

Page S E, Siegert F, Rieley J O, Boehm H-D V., Jaya A and Limin S 2002 The amount of carbon
released from peat and forest fires in Indonesia during 1997 Nature 420 61-5 Online:
http://www.nature.com/articles/nature01131

Page S, Hoscito A, Wosten H, Jauhiainen J, Silvius M, Rieley J, Ritzema H, Tansey K, Graham L,
Vasander H and Limin S 2009 Restoration ecology of lowland tropical peatlands in
Southeast Asia: Current knowledge and future research directions Ecosystems 12 888—905

Perdana L R, Ratnasari N G, Ramadhan M L, Palamba P, Nasruddin and Nugroho Y S 2018
Hydrophilic and hydrophobic characteristics of dry peat /OP Conf. Ser. Earth Environ. Sci.
105

Sakabe A, Itoh M, Hirano T and Kusin K 2018 Ecosystem-scale methane flux in tropical peat
swamp forest in Indonesia Glob. Chang. Biol. 24 5123—-36 Online:
http://doi.wiley.com/10.1111/gcb.14410

Schoneveld G C, Ekowati D, Andrianto A and Van Der Haar S 2019 Modeling peat- and
forestland conversion by oil palm smallholders in Indonesian Borneo Environ. Res. Lett. 14

17



601
602
603
604
605
606
607
608
609
610
611
612
613
614
615
616
617
618
619
620
621
622
623
624
625
626
627
628
629
630
631
632
633
634
635
636
637
638
639
640
641
642
643
644

Online: https://creativecommons.org/licences/by/3.0

Short Gianotti D J, Akbar R, Feldman A F, Salvucci G D and Entekhabi D 2020 Terrestrial
Evaporation and Moisture Drainage in a Warmer Climate Geophys. Res. Lett. 47 1-12

Siegert F, Ruecker G, Hinrichs A and Hoffmann A A 2001 Increased damage from fires in logged
forests during droughts caused by El Nifio Nature 414 437—-40 Online:
https://www.nature.com/nature/journal/v414/n6862/pdf/414437a0.pdf

Sinclair AL, Graham L L B, Putra E |, Saharjo B H, Applegate G, Grover S P and Cochrane M A
2020 Effects of distance from canal and degradation history on peat bulk density in a
degraded tropical peatland Sci. Total Environ. 699 134199 Online:
https://doi.org/10.1016/j.scitotenv.2019.134199

Suwarno A, van Noordwijk M, Weikard H P and Suyamto D 2018 Indonesia’s forest conversion
moratorium assessed with an agent-based model of Land-Use Change and Ecosystem
Services (LUCES) Mitig. Adapt. Strateg. Glob. Chang. 23 211-29

Tangang F, Chung J X, Juneng L, Supari, Salimun E, Ngai ST, Jamaluddin AF, Mohd M S F, Cruz F,
Narisma G, Santisirisomboon J, Ngo-Duc T, Van Tan P, Singhruck P, Gunawan D, Aldrian E,
Sopaheluwakan A, Grigory N, Remedio AR C, Sein D V., Hein-Griggs D, McGregor J L, Yang
H, Sasaki H and Kumar P 2020 Projected future changes in rainfall in Southeast Asia based
on CORDEX-SEA multi-model simulations Clim. Dyn. 55 1247-67 Online:
https://doi.org/10.1007/s00382-020-05322-2

Taufik M, Minasny B, McBratney A B, Van Dam J, Jones P and Van Lanen H 2020 Human-
induced changes in Indonesia peatlands increase drought severity Environ. Res. Lett.

Taufik M, Torfs P J J F, Uijlenhoet R, Jones P D, Murdiyarso D and Van Lanen H A J 2017
Amplification of wildfire area burnt by hydrological drought in the humid tropics Nat. Clim.
Chang. 7 428-31

Warren M, Hergoualc’h K, Kauffman J B, Murdiyarso D and Kolka R 2017 An appraisal of
Indonesia’s immense peat carbon stock using national peatland maps: Uncertainties and
potential losses from conversion Carbon Balance Manag. 12

Van Der Werf G R, Randerson J T, Giglio L, Gobron N and Dolman A J 2008 Climate controls on
the variability of fires in the tropics and subtropics Global Biogeochem. Cycles 22 n/a-n/a
Online: http://doi.wiley.com/10.1029/2007GB003122

Woésten J H M, Clymans E, Page S E, Rieley J O and Limin S H 2008 Peat-water interrelationships
in a tropical peatland ecosystem in Southeast Asia Catena 73 212-24 Online:
http://180.235.150.225/iccc/media/documents/Paper3.pdf

Yin Y, Ciais P, Chevallier F, van der Werf G R, Fanin T, Broquet G, Boesch H, Cozic A,
Hauglustaine D, Szopa S and Wang Y 2016 Variability of fire carbon emissions in equatorial
Asia and its nonlinear sensitivity to El Niflo Geophys. Res. Lett. 43 10,472-10,479 Online:
http://doi.wiley.com/10.1002/2016GL070971

Zhou S, Park Williams A, Berg A M, Cook B |, Zhang Y, Hagemann S, Lorenz R, Seneviratne S | and
Gentine P 2019 Land—atmosphere feedbacks exacerbate concurrent soil drought and
atmospheric aridity Proc. Natl. Acad. Sci. U. S. A. 116 18848-53

Supporting Info References

18



645
646
647
648
649
650
651
652
653
654
655
656
657
658
659
660
661
662
663
664
665
666
667
668
669
670
671
672
673
674
675
676
677
678
679
680
681
682
683
684
685
686
687
688

Anderegg W R L, Konings A G, Trugman AT, Yu K, Bowling D R, Gabbitas R, Karp D S, Pacala S,
Sperry J S, Sulman B N and Zenes N 2018 Hydraulic diversity of forests regulates ecosystem
resilience during drought Nature 1 Online: http://www.nature.com/articles/s41586-018-
0539-7

Anshari G, Peter Kershaw A and Van Der Kaars S 2001 A Late Pleistocene and Holocene pollen
and charcoal record from peat swamp forest, Lake Sentarum wildlife reserve, West
Kalimantan, Indonesia Palaeogeogr. Palaeoclimatol. Palaeoecol. 171 213-28

Ashfaq M, Cavazos T, Reboita M S, Torres-Alavez J A, Im E S, Olusegun CF, Alves L, Key K,
Adeniyi M O, Tall M, Sylla M B, Mehmood S, Zafar Q, Das S, Diallo |, Coppola E and Giorgi F
2020 Robust late twenty-first century shift in the regional monsoons in RegCM-CORDEX
simulations Clim. Dyn. Online: https://doi.org/10.1007/s00382-020-05306-2

Baird A J, Low R, Young D, Swindles G T, Lopez O R and Page S 2017 High permeability explains
the vulnerability of the carbon store in drained tropical peatlands Geophys. Res. Lett. 44
1333-9 Online: http://doi.wiley.com/10.1002/2016GL072245

Bechtold M, Dettmann U, W6h! L, Durner W, Piayda A and Tiemeyer B 2018 Comparing
Methods for Measuring Water Retention of Peat Near Permanent Wilting Point Soil Sci.
Soc. Am. J. 82 601-5

Bircher S, Demontoux F, Razafindratsima S, Zakharova E, Drusch M, Wigneron J and Kerr Y H
2016 L-Band Relative Permittivity of Organic Soil Surface Layers — A New Dataset of
Resonant Cavity Measurements and Model Evaluation Remote Sens. 8 1024 Online:
http://www.mdpi.com/2072-4292/8/12/1024

Brodzik M J, Billingsley B, Haran T, Raup B and Savoie M H 2012 EASE-Grid 2.0: Incremental but
Significant Improvements for Earth-Gridded Data Sets ISPRS Int. J. Geo-Information 1 32—
45 Online: http://www.mdpi.com/2220-9964/1/1/32

Cobb AR, Dommain RR, Tan F, Heng N H E H and Harvey C F 2020 Carbon storage capacity of
tropical peatlands in natural and artificial drainage networks Environ. Res. Lett. 15 23-5

Cobb A R and Harvey C F 2019 Scalar Simulation and Parameterization of Water Table Dynamics
in Tropical Peatlands Water Resour. Res. 55 9351-77

Cobb AR, Hoyt A M, Gandois L, Eri J, Dommain R, Abu Salim K, Kai F M, Haji Su’ut N S and
Harvey C F 2017 How temporal patterns in rainfall determine the geomorphology and
carbon fluxes of tropical peatlands Proc. Natl. Acad. Sci. 114 Online:
http://www.ncbi.nlm.nih.gov/pubmed/28607068

Dadap N C, Cobb AR, Hoyt A M, Harvey C F and Konings A G 2019 Satellite soil moisture
observations predict burned area in Southeast Asian peatlands Environ. Res. Lett. 14

Dadap N C, Hoyt A M, Cobb AR, Oner D, Kozinski M, Fua P V, Rao K, Harvey C F and Konings A G
2021 Drainage Canals in Southeast Asian Peatlands Increase Carbon Emissions AGU Adv. 2
1-14

Dommain R, Couwenberg J and Joosten H 2010 Hydrological self-regulation of domed peatlands
in south-east Asia and consequences for conservation and restoration Mires Peat 6 1-17

Entekhabi D, Njoku E G, O’Neill P E, Kellogg K H, Crow W T, Edelstein W N, Entin J K, Goodman S
D, Jackson T J, Johnson J, Kimball J, Piepmeier J R, Koster R D, Martin N, McDonald K C,
Moghaddam M, Moran S, Reichle R, ShiJ C, Spencer M W, Thurman S W, Tsang L and Van
Zyl ) 2010 The Soil Moisture Active Passive (SMAP) Mission Proc. IEEE 98 704-16 Online:
http://ieeexplore.ieee.org/document/5460980/

19



689
690
691
692
693
694
695
696
697
698
699
700
701
702
703
704
705
706
707
708
709
710
711
712
713
714
715
716
717
718
719
720
721
722
723
724
725
726
727
728
729
730
731
732

Fan Y, Meijide A, Lawrence D M, Roupsard O, Carlson K M, Chen H-YY, R6ll A, Niu F and Knohl A
2019 Reconciling Canopy Interception Parameterization and Rainfall Forcing Frequency in
the Community Land Model for Simulating Evapotranspiration of Rainforests and Qil Palm
Plantations in Indonesia J. Adv. Model. Earth Syst. 11 732-51 Online:
https://agupubs.onlinelibrary.wiley.com/doi/pdf/10.1029/2018MS001490

Feldman A F, Konings A G, Piles M and Entekhabi D 2021 The Multi-Temporal Dual Channel
Algorithm (MT-DCA) (Version 4)

Feng X, Porporato A and Rodriguez-Iturbe 1 2013 Changes in rainfall seasonality in the tropics
Nat. Clim. Chang. 3 811-5

Field R D, van der Werf G R, Fanin T, Fetzer E J, Fuller R, Jethva H, Levy R, Livesey N J, Luo M,
Torres O and Worden H M 2016 Indonesian fire activity and smoke pollution in 2015 show
persistent nonlinear sensitivity to El Nifio-induced drought Proc. Natl. Acad. Sci. 113 9204—
9 Online: http://www.pnas.org/lookup/doi/10.1073/pnas.1524888113

Field R D, Van Der Werf G R and Shen S S P P 2009 Human amplification of drought-induced
biomass burning in Indonesia since 1960 Nat. Geosci. 2 185—8 Online:
http://www.nature.com/doifinder/10.1038/ngeo443

Frandsen W H 1997 Ignition probability of organic soils Can. J. For. Res. 27 14717 Online:
http://www.nrcresearchpress.com/doi/10.1139/x97-106

Giorgi F, Coppola E, Jacob D, Teichmann C, Abba Omar S, Ashfag M, Ban N, Biilow K, Bukovsky
M, Buntemeyer L, Cavazos T, Ciarlo’ J, Da Rocha R P, Das S, di Sante F, Evans J P, Gao X,
Giuliani G, Glazer R H, Hoffmann P, Im E-S, Langendijk G, Lierhammer L, Llopart M, Mueller
S, Luna-Nino R, Nogherotto R, Pichelli E, Raffaele F, Reboita M, Rechid D, Remedio A,
Remke T, Sawadogo W, Sieck K, Torres-Alavez J A and Weber T 2021 The CORDEX-CORE
EXP-I initiative: Description and highlight results from the initial analysis Bull. Am.
Meteorol. Soc. 1-52 Online: https://journals.ametsoc.org/view/journals/bams/aop/BAMS-
D-21-0119.1/BAMS-D-21-0119.1.xml

Goldammer J G, Seibert B and Kehutanan F 1989 Natural Rain Forest Fires in Eastern Borneo
During the Pleistocene and Holocene Naturwissenschaften 76 518-20 Online:
https://link.springer.com/content/pdf/10.1007%2FBF00374124.pdf

Goldstein A, Turner W R, Spawn S A, Anderson-Teixeira K J, Cook-Patton S, Fargione J, Gibbs H
K, Griscom B, Hewson J H, Howard J F, Ledezma J C, Page S, Koh L P, Rockstrém J,
Sanderman J and Hole D G 2020 Protecting irrecoverable carbon in Earth’s ecosystems
Nat. Clim. Chang. 10 287-95 Online: http://dx.doi.org/10.1038/s41558-020-0738-8

Hersbach H, Bell B, Berrisford P, Biavati G, Horanyi A, Mufioz Sabater J, Nicolas J, Peubey C,
Radu R, Rozum |, Schepers D, Simmons A, Soci C, Dee D and Thépaut J-N 2019 ERAS5
monthly averaged data on single levels from 1979 to present

Hirano T, Jauhiainen J, Inoue T and Takahashi H 2009 Controls on the carbon balance of tropical
peatlands Ecosystems 12 873—87 Online: http://link.springer.com/10.1007/s10021-008-
9209-1

Hirano T, Kusin K, Limin S and Osaki M 2014 Carbon dioxide emissions through oxidative peat
decomposition on a burnt tropical peatland Glob. Chang. Biol. 20 555—65 Online:
http://doi.wiley.com/10.1111/gcb.12296

Hirano T, Kusin K, Limin S and Osaki M 2015 Evapotranspiration of tropical peat swamp forests
Glob. Chang. Biol. 21 1914-27 Online: http://doi.wiley.com/10.1111/gcb.12653

20



733
734
735
736
737
738
739
740
741
742
743
744
745
746
747
748
749
750
751
752
753
754
755
756
757
758
759
760
761
762
763
764
765
766
767
768
769
770
771
772
773
774
775
776

Hooijer A, Page S, Jauhiainen J, Lee W A, Lu X X, Idris A and Anshari G 2012 Subsidence and
carbon loss in drained tropical peatlands Biogeosciences 9 1053-71

Hoyt A M, Chaussard E, Seppalainen S and Harvey C 2020 Widespread Subsidence and Carbon
Emissions across Southeast Asia Peatlands Nat. Geosci. 13 435—-40 Online:
http://dx.doi.org/10.1038/s41561-020-0575-4

Humpendoder F, Karstens K, Lotze-Campen H, Leifeld J, Menichetti L, Barthelmes A and Popp A
2020 Peatland protection and restoration are key for climate change mitigation Environ.
Res. Lett. 15 104093 Online: https://doi.org/10.1088/1748-9326/abae2a

Im E S and Eltahir E A B 2018 Simulation of the diurnal variation of rainfall over the western
Maritime Continent using a regional climate model Clim. Dyn. 51 73—-88 Online:
http://dx.doi.org/10.1007/s00382-017-3907-3

Im E S, Thanh N X, Qiu L, Ashfag M, Gao X, Yao T, Torma C, Adeniyi M O, Das S, Giuliani G,
Coppola E and Giorgi F 2021 Emergence of robust anthropogenic increase of heat stress-
related variables projected from CORDEX-CORE climate simulations Clim. Dyn. 57 1629-44
Online: https://doi.org/10.1007/s00382-020-05398-w

Jaenicke J, Wosten H, Budiman A and Siegert F 2010 Planning hydrological restoration of
peatlands in Indonesia to mitigate carbon dioxide emissions Mitig. Adapt. Strateg. Glob.
Chang. 15 223-39 Online: http://link.springer.com/10.1007/s11027-010-9214-5

Jauhiainen J, Hooijer A and Page S E 2012 Carbon dioxide emissions from an Acacia plantation
on peatland in Sumatra, Indonesia Biogeosciences 9 617-30 Online:
www.biogeosciences.net/9/617/2012/

Kang S, Im E S and Eltahir E A B 2019 Future climate change enhances rainfall seasonality in a
regional model of western Maritime Continent Clim. Dyn. 52 747—-64 Online:
http://dx.doi.org/10.1007/s00382-018-4164-9

Konings A G, Piles M, Rotzer K, McColl K A, Chan S K and Entekhabi D 2016 Vegetation optical
depth and scattering albedo retrieval using time series of dual-polarized L-band
radiometer observations Remote Sens. Environ. 172 178—89 Online:
http://dx.doi.org/10.1016/j.rse.2015.11.009

Konings A G, Williams A P and Gentine P 2017 Sensitivity of grassland productivity to aridity
controlled by stomatal and xylem regulation Nat. Geosci. 10 284—8

Kurum M, O’Neill P E, Lang R H, Cosh M H, Joseph AT and Jackson TJ 2012 Impact of conifer
forest litter on microwave emission at L-band /EEE Trans. Geosci. Remote Sens. 50 1071-84

Leifeld J and Menichetti L 2018 The underappreciated potential of peatlands in global climate
change mitigation strategies Nat. Commun. 9 1071 Online:
http://www.nature.com/articles/s41467-018-03406-6

Li W, Dickinson R E, Fu R, Niu G-YY, Yang Z-L L and Canadell J G 2007 Future precipitation
changes and their implications for tropical peatlands Geophys. Res. Lett. 34 L01403 Online:
http://doi.wiley.com/10.1029/2006GL028364

Lim K H, Lim S S, Parish F and Suharto R 2012 RSPO Manual on Best Management Practices
(BMPs) for Existing Oil Palm Cultivation on Peat (Kuala Lumpur, Malaysia: RSPO)

Manoli G, Meijide A, Huth N, Knohl A, Kosugi Y, Burlando P, Ghazoul J and Fatichi S 2018
Ecohydrological changes after tropical forest conversion to oil palm Environ. Res. Lett. 13
Online: http://iopscience.iop.org/article/10.1088/1748-9326/aac54e/meta

McColl K A, Alemohammad S H, Akbar R, Konings A G, Yueh S and Entekhabi D 2017 The global

21



777
778
779
780
781
782
783
784
785
786
787
788
789
790
791
792
793
794
795
796
797
798
799
800
801
802
803
804
805
806
807
808
809
810
811
812
813
814
815
816
817
818
819
820

distribution and dynamics of surface soil moisture Nat. Geosci. 10 100—4 Online:
http://www.nature.com/articles/ngeo2868

Meinshausen M, Smith S J, Calvin K, Daniel J S, Kainuma M L T, Lamarque J, Matsumoto K,
Montzka S A, Raper S C B, Riahi K, Thomson A, Velders G J M and van Vuuren D P P 2011
The RCP greenhouse gas concentrations and their extensions from 1765 to 2300 Clim.
Change 109 213-41

Mezbahuddin M, Grant R F and Hirano T 2015 How hydrology determines seasonal and
interannual variations in water table depth, surface energy exchange, and water stress in a
tropical peatland: Modeling versus measurements J. Geophys. Res. Biogeosciences 120
2132-57 Online: http://doi.wiley.com/10.1002/2015JG003005

Miettinen J, Hooijer A, Vernimmen R, Liew S C and Page S E 2017 From carbon sink to carbon
source: Extensive peat oxidation in insular Southeast Asia since 1990 Environ. Res. Lett. 12
024014

Miettinen J, Shi C and Liew S C 2016 Land cover distribution in the peatlands of Peninsular
Malaysia, Sumatra and Borneo in 2015 with changes since 1990 Glob. Ecol. Conserv. 6 67—
78

Mironov V L, Dobson M C, Kaupp V H, Komarov S A and Kleshchenko V N 2004 Generalized
refractive mixing dielectric model for moist soils I[EEE Trans. Geosci. Remote Sens. 42 773—
85

Ohkubo S, Hirano T and Kusin K 2021 Influence of fire and drainage on evapotranspiration in a
degraded peat swamp forest in Central Kalimantan, Indonesia J. Hydrol. 603 126906
Online: https://doi.org/10.1016/j.jhydrol.2021.126906

Page S E and Hooijer A 2016 In the line of fire: the peatlands of Southeast Asia Philos. Trans. R.
Soc. London B Biol. Sci. 371 Online:
http://rstb.royalsocietypublishing.org/content/371/1696/20150176

Page S E, Rieley J O and Banks CJ 2011 Global and regional importance of the tropical peatland
carbon pool Glob. Chang. Biol. 17 798-818 Online: http://doi.wiley.com/10.1111/j.1365-
2486.2010.02279.x

Page S E, Siegert F, Rieley J O, Boehm H-D V., Jaya A and Limin S 2002 The amount of carbon
released from peat and forest fires in Indonesia during 1997 Nature 420 61-5 Online:
http://www.nature.com/articles/nature01131

Page S, Hoscito A, Wosten H, Jauhiainen J, Silvius M, Rieley J, Ritzema H, Tansey K, Graham L,
Vasander H and Limin S 2009 Restoration ecology of lowland tropical peatlands in
Southeast Asia: Current knowledge and future research directions Ecosystems 12 888—905

Perdana L R, Ratnasari N G, Ramadhan M L, Palamba P, Nasruddin and Nugroho Y S 2018
Hydrophilic and hydrophobic characteristics of dry peat /OP Conf. Ser. Earth Environ. Sci.
105

Sakabe A, Itoh M, Hirano T and Kusin K 2018 Ecosystem-scale methane flux in tropical peat
swamp forest in Indonesia Glob. Chang. Biol. 24 5123—-36 Online:
http://doi.wiley.com/10.1111/gcb.14410

Schoneveld G C, Ekowati D, Andrianto A and Van Der Haar S 2019 Modeling peat- and
forestland conversion by oil palm smallholders in Indonesian Borneo Environ. Res. Lett. 14
Online: https://creativecommons.org/licences/by/3.0

Short Gianotti D J, Akbar R, Feldman A F, Salvucci G D and Entekhabi D 2020 Terrestrial

22



821
822
823
824
825
826
827
828
829
830
831
832
833
834
835
836
837
838
839
840
841
842
843
844
845
846
847
848
849
850
851
852
853
854
855
856
857
858
859

Evaporation and Moisture Drainage in a Warmer Climate Geophys. Res. Lett. 47 1-12

Siegert F, Ruecker G, Hinrichs A and Hoffmann A A 2001 Increased damage from fires in logged
forests during droughts caused by El Nifio Nature 414 437—-40 Online:
https://www.nature.com/nature/journal/v414/n6862/pdf/414437a0.pdf

Sinclair AL, Graham L L B, Putra E |, Saharjo B H, Applegate G, Grover S P and Cochrane M A
2020 Effects of distance from canal and degradation history on peat bulk density in a
degraded tropical peatland Sci. Total Environ. 699 134199 Online:
https://doi.org/10.1016/j.scitotenv.2019.134199

Suwarno A, van Noordwijk M, Weikard H P and Suyamto D 2018 Indonesia’s forest conversion
moratorium assessed with an agent-based model of Land-Use Change and Ecosystem
Services (LUCES) Mitig. Adapt. Strateg. Glob. Chang. 23 211-29

Tangang F, Chung J X, Juneng L, Supari, Salimun E, Ngai ST, Jamaluddin AF, Mohd M S F, Cruz F,
Narisma G, Santisirisomboon J, Ngo-Duc T, Van Tan P, Singhruck P, Gunawan D, Aldrian E,
Sopaheluwakan A, Grigory N, Remedio AR C, Sein D V., Hein-Griggs D, McGregor J L, Yang
H, Sasaki H and Kumar P 2020 Projected future changes in rainfall in Southeast Asia based
on CORDEX-SEA multi-model simulations Clim. Dyn. 55 1247-67 Online:
https://doi.org/10.1007/s00382-020-05322-2

Taufik M, Minasny B, McBratney A B, Van Dam J, Jones P and Van Lanen H 2020 Human-
induced changes in Indonesia peatlands increase drought severity Environ. Res. Lett.

Taufik M, Torfs P JJ F, Uijlenhoet R, Jones P D, Murdiyarso D and Van Lanen H A J 2017
Amplification of wildfire area burnt by hydrological drought in the humid tropics Nat. Clim.
Chang. 7 428-31

Warren M, Hergoualc’h K, Kauffman J B, Murdiyarso D and Kolka R 2017 An appraisal of
Indonesia’s immense peat carbon stock using national peatland maps: Uncertainties and
potential losses from conversion Carbon Balance Manag. 12

Van Der Werf G R, Randerson J T, Giglio L, Gobron N and Dolman A J 2008 Climate controls on
the variability of fires in the tropics and subtropics Global Biogeochem. Cycles 22 n/a-n/a
Online: http://doi.wiley.com/10.1029/2007GB003122

Woésten J H M, Clymans E, Page S E, Rieley J O and Limin S H 2008 Peat-water interrelationships
in a tropical peatland ecosystem in Southeast Asia Catena 73 212-24 Online:
http://180.235.150.225/iccc/media/documents/Paper3.pdf

Yin Y, Ciais P, Chevallier F, van der Werf G R, Fanin T, Broquet G, Boesch H, Cozic A,
Hauglustaine D, Szopa S and Wang Y 2016 Variability of fire carbon emissions in equatorial
Asia and its nonlinear sensitivity to El Niflo Geophys. Res. Lett. 43 10,472-10,479 Online:
http://doi.wiley.com/10.1002/2016GL070971

Zhou S, Park Williams A, Berg A M, Cook B I, Zhang Y, Hagemann S, Lorenz R, Seneviratne S | and
Gentine P 2019 Land—atmosphere feedbacks exacerbate concurrent soil drought and
atmospheric aridity Proc. Natl. Acad. Sci. U. S. A. 116 18848-53

23



O 00N O Ul A WN P

N R R R R R R RRR R
O OO NOULL D WN KL O

Supplementary Materials for “Climate change-induced peatland drying in Southeast Asia”

Authors
Nathan C. Dadap?, Alexander R. Cobb?, Alison M. Hoyt?, Charles F. Harvey3, Andrew F.
Feldman?, Eun-Soon Im>, Alexandra G. Konings?

Affiliations

! Department of Earth System Science, Stanford University, Stanford, CA

2 Center for Environmental Sensing and Modeling, Singapore-MIT Alliance for Research and
Technology, Singapore, Singapore

3 Department of Civil and Environmental Engineering, Massachusetts Institute of Technology,
Cambridge, MA

4 NASA Goddard Space Flight Center

> Department of Civil and Environmental Engineering, Hong Kong University of Science and
Technology

Corresponding author: Nathan C. Dadap (ndadap@stanford.edu)



21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60
61
62
63
64
65
66
67
68

Supplementary Text I: Neural network model information

Input feature information

Predictor features for the neural networks include data on climate, degradation, and location.
Descriptions of the climate features are included in Section 2.2.1 of the main text. As noted in that
section, degradation features used in the neural network model included percent of different land use
types, tree cover fraction, drainage canal density, fire area, and fire count. Land use categories used
included pristine forest, degraded forests, open/undeveloped areas, and smallholder and industrial
plantations, following categorization by (Miettinen et al 2017). Land use data was derived from 2015
maps by (Miettinen et al 2016), who visually interpreted Landsat images at 30 m. Analysis was limited to
9x9 km pixels with at least 50% land use of one type. Tree cover fraction data was from the Global
Forest Cover Change 2015 dataset (Townshend 2016). Tree cover fraction captures the extent of
deforestation, and can affect soil moisture by altering a number of variables such as transpiration,
shading, interception, etc. Drainage canal density, a measure of drainage canals length per unit area,
was obtained from 2017 maps (Dadap et al 2021). Fire area and fire count were from 2012-2015 and
calculated from the Visible Infrared Imaging Radiometer Suite (VIIRS) active fire product (Schroeder et a/
2014). Fire count includes the same spatial areas as the fire area variable, but also accounts for repeated
fires. Fires are both a cause and effect of peatland degradation, since they can burn layers of peat and
also clear aboveground vegetation. Together, these data constituted the degradation features
(Supplementary Table 1).

Location information including latitude, longitude, region, and distance from the edge of the peat
boundary were also included as predictors. Use of latitude and longitude in deep learning models is a
common practice (e.g., Wang et al 2015, Yang et al 2018, Shatnawi and Abu Qdais 2019, etc) that
enables accounting for possible spatial autocorrelation in unaccounted-for factors affecting soil
moisture, such as land use history, peat physical properties, and land management practices (e.g.,
maintenance of water level, mechanical compaction, etc). The use of region as an input feature serves a
similar purpose and refers to four geographic areas: Northwest (Peninsular Malaysia and Sumatra north
of the equator), Northeast (northern Borneo), Southwest (southern Sumatra), and Southeast (southern
Borneo). Distance from peat edge refers to the distance from the center of a given pixel to the edge of
the peatlands defined in Miettinen et a/ (2016). It is a proxy for distance from the nearest river/stream
and depth of peat (Hoyt et al 2020).

Dry season definition

There are two dominant climate regimes in the study area (Aldrian and Dwi Susanto 2003). Southern
Sumatra, Central Kalimantan, and Northwest Borneo experience one dry season from June-October.
North Sumatra, Peninsular Malaysia, West Kalimantan, and Northeast Borneo experience two dry
seasons in February and June-August. To account for such geographic differences, the dry season was
defined independently for each pixel based on the monthly precipitation climatology obtained from
1979-2020 ERAS reference reanalysis data. Here, the dry season was defined to include any months with
monthly average precipitation within the lower third of the annual range, following (Myneni et al 2007).
Dry season months were not required to be contiguous.

Neural network structure

To train and validate the neural network, a random hyperparameter search was performed to optimize
the learning rate, number of layers, number of neurons per layer, and dropout rate of each network. For
the smary season NEUral network, the learning rate = 0.001, number of layers = 8, and number of neurons
per layer = 55. For the pctiowsm Neural network, the learning rate = 0.001, number of layers = 19, number
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of neurons per layer = 45. The dropout was 0 for both neural networks. The models were then trained
for 300 epochs which was sufficient to approach convergence for model accuracy.

To test the ability of the trained neural network to predict smgry season and pctiowsm 0N future years
without soil moisture observations, cross-validation was performed by holding out one year of data at a
time for the test set, and training on the other years. For example, the data would be trained on 2015-
2019 data and evaluated on unseen 2020 data. This was then repeated for all six years of data. To train
the models such that data from all years were incorporated into training, we separately performed
random five-fold cross validation across all pixel-times. For both variables of interest, the best
performing model from the five-fold cross validation was selected.

Climate Data

The downscaled global circulation models used were the Norwegian Earth System Model (NorESM1-M,
Bentsen et al 2013), the Max Planck Institute for Meteorology Earth System Model-Mixed Resolution
(MPI-ESM-ER, Stevens et al 2013), and the Met Office Hadley Centre Earth System model (HadGEM2-ES,
Jones et al 2011), which are representative of low, medium, and high climate sensitivity to greenhouse
gas forcing, respectively, and have been shown to perform well in the study domain (Giorgi et al 2021).
PET was calculated from temperature and net radiation using the Priestley-Taylor method.

Feature importance

Feature importance was calculated by randomly shuffling one feature at a time and calculating the
change in root-mean-squared-error (RMSE) of the neural network’s predictions. Larger increases in root
mean squared error when shuffling a given feature implies higher importance of that feature.
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Supplementary Figure 1. Example SMAP soil moisture time series from Central Kalimantan. Low

soil moisture threshold of 0.2 cm3/ cm3 is shown as dashed line.



Variable Category Source Native resolution

Annual precipitation Climate ERA5, RCM 25 km, 30 km

Dry season Climate ERA5, RCM 25 km, 30 km

precipitation

Dry season PET Climate ERA5, RCM 25 km, 30 km

Precipitation entropy | Climate ERA5, RCM 25 km, 30 km

Tree cover fraction Degradation Global Forest Cover Change 2015 30m
(GFCC30TCv003)

Drainage canal Degradation Dadap et al 2021 5m

density

Fire area Degradation VIIRS Active Fire 375m

Fire count Degradation VIIRS Active Fire 375m

Land use type Degradation Miettinen et al 2016 30m

Distance from peat Location Calculated from peatland map, N/A

edge Miettinen et al 2016

Latitude Location EASE Grid 2.0 N/A

Longitude Location EASE Grid 2.0 N/A

Region Location Determined from Lat/Lon N/A

Supplementary Table 1. Predictor features
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116
117  Supplementary Figure 4. Feature importance for a) Smdry season and b) pctiow sm. These were

118  calculated by comparing the relative increases in cross-validation error when randomly

119  shuffling a given predictor feature. Higher resulting error corresponds to higher importance.
120  Values are normalized to sum to one.
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Supplementary Figure 5: In situ surface soil measurements from literature (Supplementary
Table 2). Where applicable, range of values is denoted by whiskers.
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Supplementary Table 2. In situ soil moisture (SM) measurements from literature, during the

dry season.
Paper Land Use Low | High Mean | Where Time Depth | Setting
SM | SM SM Avg (cm)
Hirano et al Degraded 0.22 | 0.3 0.25 Block C, ex- Monthly | 0-20 Tree vegetation, lots of
2007 Forest Mega Rice leaf litter, drainage
Project area canal present
Jauhiainen et | Open 0.16 | 0.17 0.165 ex-Mega Rice Yes 0-10 Clear felled, large
al 2014 Undeveloped Project area drainage canals, surface
compacted
Jauhiainen et | Smallholder 0.16 | 0.17 0.165 ex-Mega Rice Yes 0-10 Usually drained to 30-
al 2014 Plantation Project area 50 cm, raised, fallow,
surface compacted
Hergoualc’h Smallholder 0.56 Central Yes 0-10 Oil palm
et al 2017 Plantation Kalimantan
Hergoualc’h Pristine 0.56 Tanjung Yes 0-10 National park
et al 2017 Forest Puting, Central
Kalimantan
Matysek et al | Industrial 0.12 | 0.25 0.2 South Selangor | Monthly | 5-8
2018 Plantation
Kénonen et al | Pristine 0.81 Sabangau, Yes 0-5 Selective logging and
2018 Forest Central small ditches prior to
Kalimantan 1997
Kénonen et al | Degraded 0.63 Sabangau, Yes 0-5 Reforested drained site
2018 Forest Central 3-4 m deep canal
Kalimantan
Kénoénen et al | Open 0.19 Sabangau, Yes 0-5 Drained site 3-4 m deep
2018 Undeveloped Central canal
Kalimantan
Kénonen et al | Smallholder 0.34 Sabangau, Yes 0-5
2018 Plantation Central
Kalimantan
Sakabe et al Pristine 0.06 | 0.54 0.31 Palangkaraya, Yes 0-20 Hummock is low
2018 Forest Central number, hollow is high
Kalimantan number. Hollow covers
65-80 % of area
Wong et al Pristine 0.1 0.5 0.4 Maludam Monthly | 0-30
2018 Forest National Park,
Sarawak
Manning et al | Industrial 0.32 Sarawak Yes 0-10 Highly variable values
2019 Plantation depending on location
(0.14-0.64 cm3/cm3)
Marwanto et | Industrial 0.5 0.75 0.61 Riau No 0-10
al 2019 Plantation
Swails et al Smallholder 0.65 Tanjung 0-5
2019 Plantation Puting, Central
Kalimantan
Swails et al Pristine 0.82 Tanjung 0-5
2019 Forest Puting, Central
Kalimantan
Tang et al Pristine 0.05 | 0.5 0.33 Maludam Yes 0-30 SM probes averaged
2020 Forest National Park, over flat and hummock
Sarawak terrain
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Supplementary Figure 6: Relationship between change in a) dry season soil moisture (smary
season) and b) percent low soil moisture (pctiow sm) With tree cover fraction. Equations show best
fit linear regression line with p<<0.01 for the regression slope for both variables. Background
shows binned density of the two variables. Data is clipped on the y-axis to show the 2nd-98th
percentile range of the soil moisture variables.
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