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Abstract

Short-rotation woody plantations (SRWPs) play a major role in climate change mitigation
and adaptation plans, because of their high yields of woody biomass and fast carbon stor-
age. However, their benefits, trade-offs and growing-success are heavily location-depend-
ent. Therefore, spatial data on the distribution of SRWPs are indispensable for assess-
ing current distribution, trade-offs with other uses and potential contributions to climate
mitigation. As current global datasets lack reliable information on SRWPs and full global
mapping is difficult, we provide a consistent and systematic approach to estimate the spa-
tial distribution of SRWPs in (sub-)tropical biomes under current and future climate. We
combined three advanced methods (maximum entropy, random forest and multinomial
regression) to evaluate spatially explicit probabilities of SRWPs. As inputs served a large
empirical dataset on SRWP observations and 17 predictor variables, covering biophysical
and socio-economic conditions. SRWP probabilities varied strongly between regions, and
might not be feasible in major parts of (sub-)tropical biomes, challenging the feasibility of
global mitigation plans that over-rely on tree plantations. Due to future climatic changes,
SRWP probabilities decreased in many areas, particularly pronounced in higher emission
scenarios. This indicates a negative feedback with higher emissions resulting in less miti-
gation potential. Less suitable land for SRWPs in the future could also result in fewer wood
resources from these plantations, enhancing pressure on natural forests and hampering sus-
tainability initiatives that use wood-based alternatives. Our results can help adding a more
nuanced treatment of mitigation options and forest management in research on biodiversity
and land use change.

Keywords Tree plantations - Forest management - Land-based climate change mitigation -
Spatial probability mapping - Land use modelling

1 Introduction

Planting forests is among the most widely proposed, but also heavily debated, nature-based

solutions for climate change mitigation (Seddon et al. 2021), with 45% of all restoration and
carbon removal commitments being represented by forest plantations (Lewis et al. 2019).
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As opposed to the steadily decreasing global forest cover, the area of planted forests has
more than doubled in the last decade (FAO & UNEP 2020). About half of the global plan-
tations extent thereby consists of intensively managed plantations (FAO & UNEP 2020),
which includes short-rotation woody plantations (SRWPs), also known as industrial planta-
tions, short rotation coppice or short rotation woody crops. SRWPs are characterised by
dense rows of often one fast growing species, usually eucalyptus, acacia, poplar or willow,
which are clear-cut after very short rotation times (1-15 years) (Dickmann 2006). They are
often planted for the production of pulp and paper, wood pellets for bioenergy production
and lumber aiming to reduce the harvest pressure on (semi-)natural forests (Pirard et al.
2016). Because of increasing demands for biofuel and other wood-based products, coupled
with rising timber prices and tighter harvest restrictions for natural forests, planted forests
are expected to increase in area, at least for the next four decades (Korhonen et al. 2020).
It has been estimated that SRWPs will expand by 2% annually, to a total extent of 91 Mha
in 2050 (Barua et al. 2014). International conflicts can cause demands for woody biofuel
to increase even more than expected, as a result of rising gas and petrol prices, as well as
diverting food crops planted for biofuel (Page 2022).

Besides being a quick and efficient way for wood production, SRWPs can provide numer-
ous co-benefits. Planting trees has particularly received a lot of attention as a rather straight-
forward and effective measure to mitigate climate change (Bastin et al. 2019). Due to their
high yield, carbon sequestration in SRWPs can be high, making them a cost-efficient climate
change mitigation measure. However, when SRWPs are used for biofuel purposes, these car-
bon benefits are very limited (Kalt et al. 2019). Furthermore, establishing SRWPs can be
attractive as they can increase land value of marginal agricultural areas due to their higher
economic returns (Griffiths et al. 2018; Pirard et al. 2016). They can have benefits for ecosys-
tems and biodiversity, if they are structurally diverse and sustainably managed (FAO & UNEP
2020; Zitzmann et al. 2021) and can support overall diversity by providing habitat for shrub-
favouring species in forest dominated landscapes (Riffell et al. 2011).

Most of the benefits, however, come with trade-offs, which are often heavily location-
dependent. Carbon benefits not only depend on the use of harvested wood, but also where
plantations are established, i.e. what prior land use they are replacing (Waring et al. 2020).
Large-scale tree planting in the wrong place can destroy valuable grassland and savannah
ecosystems (Veldman et al. 2015) and deplete water resources (Jackson et al. 2005). Fur-
thermore, if trees are planted in former grassland areas, they might be more fire suscepti-
ble, which can result in carbon emissions through vegetation loss (Waring et al. 2020). If
SRWPs replace native forests, they can result in carbon losses of up to 50% (Manrique &
Franco 2020). Therefore, the suitability of tree plantations as a climate change mitigation
measure, especially of non-native, short rotation and/or mono-species is widely contested
(Bond et al. 2019; Friedlingstein et al. 2019; Hua et al. 2022). Without careful planning of
the location and proper management, they can have a detrimental impact on the local liveli-
hoods and environmental conditions (Malkamaiki et al. 2018; Fleischman et al. 2020), lead-
ing to conflicts with the local population (Coleman et al. 2021) and can result in the loss
of land rights of indigenous people (Swanson et al. 2021). Additionally, it has been chal-
lenged whether marginal land is actually suitable for SRWPs (Shortall 2013). SRWPs are,
furthermore, often considered ‘green deserts’, due to their lacking understory and composi-
tion of one or two tree species, which hamper their ability to provide habitats in the same
manner as natural forests, especially if they replace forests with high conservation value
(Brockerhoft et al. 2017; Brockerhoff et al. 2008; Riffell et al. 2011). As they commonly
rely on intensive techniques, including weed control, irrigation and/or fertilisation, they
can cause negative impacts on the surrounding environment, for example, by deteriorating
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water quality and availability (Bryan et al. 2015; Dickmann 2006; Griffiths et al. 2018).
Impacts on the water cycle can go even far beyond the catchment area of where they have
been established (Ellison et al. 2017).

Next to the location dependence of the benefit and trade-offs of SRWPs (Griffiths et al.
2018), also growing success and yields are largely driven by location factors, including soil
and climatic conditions (Stolarski et al. 2014). In addition, socio-economic conditions, such
as market accessibility, likely restrict the occurrence of SRWPs. As future climate change
will cause alterations in precipitation patterns and temperatures, habitat suitability is expected
to shift for many tree species, including those that are commonly planted in SRWPs (Butt
et al. 2013). Therefore, insight in the occurrence of SRWPs under current conditions and esti-
mating future probabilities of their locations can facilitate the understanding of benefits and
trade-offs of SRWPs and in turn support sustainable natural resource management, land-use
planning and global commitments (Bloomfield & Pearson 2000).

Previous research has identified SRWPs based on remote sensing, but has so far been
usually restricted to single countries or regions (e.g. Brazil (le Maire et al. 2014), Spain
(Oliveira et al. 2020), Guangxi province, China (Deng et al. 2020)). An exception is the
Spatial Database of Planted Trees (Harris et al. 2021), a comprehensive collection of loca-
tions of woody and agricultural tree crop plantations, including many countries of the
world. The dataset is derived from supervised classification and manual polygon deline-
ation of satellite imagery and is obtained from different sources, including national gov-
ernments, non-governmental organisations and researchers. While this dataset provides an
impressive number of locations, due to the different data sources and collection bias, some
inconsistencies in terms of definitions, temporal and spatial extent cannot be avoided (Har-
ris et al. 2021).

The aim of this study is to provide a systematic and consistent approach to estimate
at which locations there is a high probability of SRWP occurrence under current condi-
tions and how these location probabilities will be affected by future climatic changes. We
thereby do not aim to predict the occurrence of future SRWPs, but explore an experimental
pathway in which socio-economic and political condition remain the same and only cli-
matic conditions change. Due to the use of absence data sampled within forest and crop-
land locations and by accounting for socioeconomic variables, we go beyond biophysical
suitability and present the probabilities that arise from land users’ decision-making, as a
result of competition and compromise with other land use (such as agriculture) and oppor-
tunity in terms of favourable growing conditions, infrastructure and work force.

1.1 Study area

Our study is focused on the Pan-Tropics, i.e. tropical and sub-tropical biomes of both hemi-
spheres in the Americas, Africa and Asia, reaching roughly from 35° North to 35° South.
SRWPs are rapidly expanding in the Tropics, substantially driven by land acquisitions and
foreign investments due to low opportunity costs (Overbeek et al. 2012; Davis et al. 2020;
Favero et al. 2020). SRWPs have been found to be among the most deforestation-inducing
land investments next to oil palm and other tree plantations (Davis et al. 2020). Tropical
forests have the highest biodiversity of all global ecosystems and are among the main ter-
restrial carbon sinks (Sullivan et al 2017). Their increasing destruction and degradation
are hence major contributors to the regional, as well as global biodiversity and climate
crisis, and affect local communities that depend on the forest (Edwards et al. 2019). Due
to climatic changes with increasing temperatures, tropical forests are already experiencing
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structural changes of ecosystems and shifts of species ranges (Portner et al. 2020). Future
climate change is expected to exacerbate alterations of rainfall patterns and cause surface
temperature increase in the Tropics, exceeding a 2 °C increase between 2030 and 2050
even under moderate emission scenarios (Portner et al. 2020, Corlett 2012). As for agricul-
tural crops, these climatic changes are expected to alter the suitability range of SRWPs and
taking future climatic changes into account when planning the location of SRWPs can aid
to minimise the environmental costs that would come with migration of plantations (Sloat
et al. 2020).

2 Methodology

To map spatially explicit probabilities for finding SRWPs in (sub-)tropical biomes, we
used an evidence approach with crowdsourced and expert sampled data and determined the
impact and importance of 17 different biophysical and socioeconomic variables in explain-
ing the occurrence of SRWPs. To generate a robust empirical analysis of the relations
between location factors and SRWP occurrence, three advanced methods were used and
compared: (1) maximum entropy (MaxEnt), (2) random forest classification and (3) mul-
tinomial logistic regression. All three methods have been extensively used in land cover
and use studies (see, e.g. Dou et al. 2021 and Skowronek et al. 2017 for MaxEnt; Bastin
et al. 2019 and Nguyen & Henebry 2019 for random forest and Dendoncker et al. 2006
and Schulze et al. 2019 for multinomial regression). Each of the three methods has ben-
efits and limitations and by comparing and combining them, our results can be considered
more robust. MaxEnt has its origin in the ecological modelling community for predicting
species distributions based on occurrence data only (Elith et al. 2011). Given the nature
of our observations, this method fits our study. However, it can be prone to overfitting and
can be susceptible to biases in the presence data (Devisscher et al. 2016). Random forest is
an ensemble learning approach based on machine learning techniques, in which predictor
variables without linear relationships can be included (Fox et al. 2020), thereby allowing
to account for thresholds, but hindering extrapolation outside of the data range of the input
data. Random forest models are rather insensitive to overfitting (Belgiu & Dragut, 2016)
and have become widely used in the classification of remote sensing images into land cover
classes. Multinomial logistic regression is a rather straightforward and comprehensible sta-
tistical approach. However, it can only account for linear relationships between the depend-
ent and independent variables. Compared to the former two methods, multinomial regres-
sion requires rather low computational power.

2.1 Observation data

Observation data on the occurrence of SRWPs was obtained from the training dataset
‘Human impact on forests’ (Lesiv et al. 2022). The dataset was compiled through several
crowd-sourcing campaigns using the Geo-Wiki platform (Fritz et al. 2009, 2012). Partici-
pants visually assessed satellite images of forest locations and classified these into different
types of human impact, including natural forests without management impacts, different
wood harvest, regeneration and plantation types, as well as trees outside of forest, such as
trees in urban areas. For our study, we included observations classified as ‘woody planta-
tions’, which were in the campaign defined as single-tree plantations with rotation times
of maximum 15 years in the (Sub)Tropics. In the campaign, embedded tools, in particular
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graphs of Normalized Difference Vegetation Index trends and Google Earth time series,
supported the assessment of rotation time. As the correct identification of the tree spe-
cies in a plantation is hardly possible from satellite imagery, the class woody plantations
included all species that are commonly planted in short-rotation, i.e. eucalyptus, acacia,
poplar and willow. The crowd-sourced dataset comprised in total more than 30,000 points
of all forest classes, including 2205 locations of SRWP observations, with the majority
(2070) located in the tropics. Lesiv et al. (2022), furthermore, identified additional 18,008
SRWP observations in a targeted approach, using experts’ assessment of a preliminary for-
est management map based on the crowd-sourced classifications and remotely sensed data
of different vegetation indices. While the forest classes were classified within 100 x 100 m?,
most predictor variables used in our study (see section further below) were available at a
1x 1 km? resolution. Therefore, we converted the SRWP training dataset points to a pres-
ence raster at this resolution, ensuring that as soon as within the larger pixel an SRWP was
observed this was reflected in the aggregated dataset. All locations that did not fall within
the subtropical and tropical ecoregions (Olson et al. 2001) were excluded. In total, 8556
locations of observed SRWP presence in the (Sub)Tropics were available for this study
(Supplementary Material 1.1).

2.2 Absence data

Absence data is required for the multinomial regression, the random forest algorithm, as
well as for calculation of performance estimates of the models and results. Sampling ran-
dom locations within an entire study area to derive pseudo-absence data can introduce
biases to the model. In ecological modelling, this is often the case, when presence data is
skewed towards more accessible locations and pseudo-absence is not (Phillips et al. 2009).
Since presence data were here systematically collected using satellite imagery, it can be
assumed that this bias is not present in our study. Furthermore, models’ performances can
decrease if pseudo-absence accidentally includes locations of occurrence. We avoided
this by using a (simple) random sample of cropland and forest locations, as we consid-
ered SRWPs as a likely alternative for both land uses. Forest locations included naturally
regrown forests with or without human impact and planted forests with longer rotation
periods and were sampled from the same dataset from which SRWP locations were derived
(Lesiv et al. 2022). The forest locations were masked to a raster layer with a 1x1 km?
resolution, counting occurrences of any of the three classes only once. Cropland locations
were derived from the I[IASA-IFPRI cropland map (Fritz et al. 2015), selecting areas where
cropland was the dominant land use (i.e.>50% cropland). Pseudo-absence locations that
are too far from the environmental space of presence locations can result in over-prediction
(Lobo et al. 2010). To avoid this, we ensured that absence data is generated at locations that
are comparable to the observed SRWP locations with regard to the environmental loca-
tion factors and somehow suitable to host SRWP. Therefore, the samples were restricted
to areas where all climate, soil and terrain variables (see Table 1) are within the range of
values at the SRWP locations, i.e. smaller than the maximum and larger than the minimum
values of included variables. We randomly sampled 8556 crop and forest locations each
(see Supplementary Material 1.2), i.e. the size of the SRWP presence dataset, following the
findings by Barbet-Massin et al. (2012).
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2.3 Predictor variables

To estimate location probability of SRWPs, we included in total 17 spatially explicit
predictor variables from four groups: (1) climatic conditions, (2) terrain, (3) soil proper-
ties and (4) socio-economic variables (Table 1). For the selection of predictor variables,
we followed the findings of previous research on considerable impacts on the suitability
of SRWPs and availability of suitable data. This rationale for the selection is synthe-
sised in Table 1. To avoid inflation of variance, variables had to be non-correlating.
Additional to the variables summarised in Table 1, we tested different indicators for
water availability, as this has been reported to be the most limiting factor for SRWPs
(Aust et al. 2014; Saidi et al. 2011). These included average annual precipitation, cli-
matic water balance (i.e. the difference between precipitation and evapotranspiration
(Aust et al. 2014)) and the aridity index (a function of potential evapotranspiration
(Zomer et al. 2008)). As these variables and total annual precipitation were correlating,
and either decreased (average precipitation) or only marginally increased model fit and
required additional assumptions on future behaviour (climatic water balance and aridity
index), we excluded them.

2.4 Future projections

To estimate how expected changes in future climate will affect the probability of SRWP
occurrence, we varied all climate variables (i.e. average temperature, diurnal tempera-
ture, maximum temperature in the warmest month, precipitation in the driest quarter and
annual precipitation) with projections from different climate models. We used the results
from the Coupled Model Intercomparison Project Phase 6 (CMIP6) ensemble (Eyring
et al. 2016) for 2041-2070 with midpoint in 2055. Downscaled data was derived from
the CHELSA repository, which had results for five climate models available: GFDL-
ESM4, IPSL-CM6A-LR, MPI-ESM1-2-HR, MRI-ESM2-0 and UKESM1-0-LL (Brun
et al. 2022a, b; Karger et al. 2017, 2021). The Chelsea repository hosted at the time of the
analysis the most recent spatially-explicit and globally-available climate data at a 1 km?
scale. For each model, three Representative Concentration Pathway and Shared Socio-
economic Pathway (RCP-SSP) scenarios were included: RCP2.6-SSP1, RCP7.0-SSP3
and RCP8.5-SSP5. These scenarios provide a range of different energy and resource
consumption patterns, coupled with carbon dioxide emission responses and their impact
on future climate. RCP2.6-SSP1 had the lowest consumption and emission patterns and
RCP8.5-SSP5 the highest (Riahi et al. 2017, van Vuuren et al. 2011). We averaged the
probabilities as result of the different climate models to construct for each RCP-SSP sce-
nario one spatially explicit map of future probability.

2.5 Statistical analysis

Estimating the geographical patterns of probability of SRWPs was based on three differ-
ent methods: (1) MaxEnt, (2) random forests and (3) multinomial regression. As absence
data was solely sampled in areas within the range of climate, soil and terrain conditions
under which SRWPs were found, analyses were restricted to this extent, assuming that
the probability of occurrence outside this range was minimal. All analyses were con-
ducted in R (version 4.1.0.) (R Core Team 2019) and at a 1 x 1 km? resolution. We used
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for MaxEnt the dismo package (Hijmans et al. 2020), which applies the MaxEnt distri-
bution model software (Phillips et al. 2021), and set the number of background points
to 20,000 and the default prevalence to 0.9 (i.e. the estimated proportion of background
points to be true absence), thereby accounting for potential classification mistakes in
the presence data. For the random forest approach, we used the randomForest pack-
age (Liaw & Wiener 2002) in combination with the caret package (Kuhn 2021). The
maximum number of trees was set to 125 and a tenfold cross-validation with five repeti-
tions was applied for resampling. For multinomial regression, we used the nnet pack-
age (Venables & Ripley 2002), which relies on neural networks to fit multinomial log-
linear models. Model selection was conducted by bidirectional elimination based on the
Akaike information criterion, selecting the model with the lowest value.

For all methods, 80% of the data was used for training the model and 20% for valida-
tion. Model fit was determined with help of the receiver operating curve (ROC) calculated
with the pROC package (Robin et al. 2011). ROC evaluates sensitivity (i.e. true positive
rate) against specificity (i.e. true negative rate) for different thresholds. The area under this
curve (ROC AUC) is a common index for model fit, with values ranging from 0.5 (model
fail) to 1.0 (perfect model fit). To ensure that the ROC AUC values represent an unbiased
evaluation of the model fit independent from location clusters, we separately calculated the
values for five data partitions, using each partition once for testing and the remaining four
for training the models. For each method, the ROC AUC values from the five data parti-
tions were then averaged.

To understand the impact of different variables on the model prediction and the accu-
racy of prediction, the permutation variable importance was calculated. For each variable
separately, values were permuted (shuffled) to break the link with the model. Based on
this new dataset, probability values were calculated, which were compared with the origi-
nal probabilities. A Spearman rank correlation coefficient indicated how much permuted
predictions differed from the original. The higher the coefficient, the more alike the pre-
dictions were and the less impact the variable had on the probabilities. Additionally, we
evaluated the impact of a variable on the prediction ability, i.e. the ROC AUC value, by
determining the decrease of the ROC AUC for the permuted data. Variable values were
permuted with help of the biomod2 package (Thuiller et al. 2021). Using permutation to
determine variable importance has the benefit that biases that can result from using differ-
ent models are eliminated, hence allowing the comparison of variable relevance between
different prediction methods (Altmann et al. 2010). Determining also the effect direc-
tion and extent of the included variables could deepen our understanding on their impact.
However, while in regressions the relationships between the dependent and independent
variables are linear and therefore each predictor has one effect direction, MaxEnt and ran-
dom forest allow for non-linear relationship, meaning that after certain threshold values,
the effect direction might change. An approach to determine the effect direction in a com-
parable way between the different methods is currently not available. Next to presenting
and comparing the probability maps obtained with the different methods, we also created
a final probability map in which the probability maps from the three methods were com-
bined by weighting them based on their ROC AUC values, following Ramirez-Reyes et al.
(2021). This so-called ensemble approach is commonly used to increase robustness of pre-
diction results over individual methods (Diengdoh et al. 2020). The weight of each map
was calculated by dividing the ROC AUC of a method by the sum of ROC AUC values of
all methods. For future conditions, we determined the change in probability values in rela-
tion to the current conditions, multiplied the weights of the respective method and created
future probability maps by adding the combined change to the map for present conditions.
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3 Results
3.1 Location probability for current conditions

Our final result shows that high values of SRWP probabilities are often located at and
in close vicinity of SRWP observation points, for example, in parts of the Cerrado and
the Atlantic Forest in Brazil, the Eastern Cape of South Africa and South-East China
(Fig. 1C-E). This indicates a high prediction ability of our models, as they present
the distribution of the observations. Nevertheless, high probabilities also appear in
areas where none or only few SRWP locations were observed, but with similar loca-
tion characteristics. These locations include, for example, Eastern Madagascar, North
of the Ganges Delta and the Philippines (Fig. 1A, B, F, G). This demonstrates that
our models are able to extrapolate into areas outside of the input data, where location
factors are similar to the ones from the observation locations. The resulting probabil-
ity layers are available at https://doi.org/10.34894/T3A3RM. The data package also
includes biophysical suitability layers, which exclude the socio-economic variables
and were created through MaxEnt modelling using only presence data.

Legend
Country borders
SRWP observations

"| Probability classes
I Very low (0 - 0.25)
I Low (0.25-0.5)
I High (0.5 - 0.75)
Very high (0.75 - 1)
Outside region

Fig. 1 Probability map for the occurrence of SRWPs in (sub)tropical biomes. The seven spotlight boxes
present examples of areas with high probabilities and many observations (magenta) or few observations
(purple). The same scale is used for all spotlight boxes. Note: For a better visibility, locations of SRWP
observations are solely indicated in the boxes and not in the full overview (middle). An overview of SRWP
observations in (sub)tropical biomes is provided in Supplementary Material 1.1
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3.2 Future patterns

To understand potential impacts of climate change on the probability of finding SRWPs,
probability maps were modified with future projections of temperature and precipitation.
For all climate scenarios, SRWP probabilities are projected to decrease in the majority of
locations and to increase in only very few areas. Areas with very low probabilities (< 0.25)
show generally the least impact by changing climate and probabilities generally decrease
in these locations only slightly. In areas with probabilities above (.25, the median decrease
lies around 0.1 to 0.2 depending on the climate scenario (Fig. 2). We found the differ-
ences between the magnitudes of decrease between those probability classes to be less pro-
nounced as the difference to locations with very low probability values. When comparing
the change in future probability between the scenarios, the SSP5-8.5 scenario shows over-
all the steepest decline in probabilities, followed by SSP3-7.0 and SSP1-2.6 scenario. This
indicates that climate consequences from high emission scenarios could result in a stronger
decreasing potential of plantations. The resulting layers of future probability are available
at https://doi.org/10.34894/T3A3RM.

We identified areas with high probability (>0.5), at high risk to become substantially
less suitable for SRWPs due to future climate change (> 0.2 probability decrease in 2055).
Most of these high probability-high-risk areas are located in Latin America, specifically
along the coast of Central America, in Southern Colombia (Fig. 3A) and the Atlantic For-
est in Brazil (Fig. 3B). Hotspots on the other continents include the Eastern Cape of South
Africa (Fig. 3C), Sumatra Island and Southern China, Northern Vietnam and parts of Thai-
land (Fig. 3D). Several of these high probability-high-risk hotspots are located in highly
productive paper/pulp and bioenergy production areas (le Maire et al. 2014; Overbeek et al.
2012). In other areas, SRWPs have (already) been abandoned, for example, as it is the case
for some eucalyptus plantations in Brazil (Gainsbury & Colli 2014).

0.14

0.01

S
3

Probability class

Bl Very low (<0.25)
‘ Low (>0.25)
B High (-0.5)

B3 Very high (-0.75)

Probability change
S
N

S
w

SSP126 SSP370 SSP585
SSP-RPC scenario

Fig.2 Grouped boxplots representing changes in probability separately for probability classes and follow-

ing three future scenarios for climate variables (SSP126: RCP2.6-SSP1, SSP370: RCP7.0-SSP3, SSP585:
RCP8.5-SSP5)
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Fig. 3 Areas of high probability areas (>0.5), which are at high risk of becoming substantially less suitable
(>0.2 decrease) for SRWPs due to future climate change in 2055, following the SSP3-RCP7.0 scenario.
The same scale is used in all spotlight boxes. Maps of high probability areas at high risk following SSP1-
RCP2.6 and SSP5-RCP8.5 scenarios are provided in the Supplementary Material

3.3 Comparison between methods

The models’ prediction ability, measured by the ROC AUC, is high for all three methods, with
random forest having the highest value (0.95), followed by MaxEnt (0.90) and multinomial
regression (0.83). When combining the probability maps, the ROC AUC increases to a value
of 0.97. To compare the spatial patterns of the three methods, we calculated the mean abso-
lute difference of the resulting probability maps. For current conditions, the mean difference is
rather small in most areas (Fig. 4), with some outliers especially for locations adjacent to very
high probability values (see Supplementary Material 2.4.1). Locations of very high (>0.75)
and very low probabilities (<0.25) show the smallest difference between the methods, meaning
these probability classes are the least sensitive to the choice of method (Supplementary Mate-
rial 2.4.5). The patterns resulting from future scenarios are more similar between the methods,
demonstrated by smaller mean absolute differences between the methods compared to current

8 SSP585 1+ Emm— ¥ T TTT BN}
o

§ SSP370 -+— — DR Ee ® @ o
o

g SSP126 + [ R GEERUERS ¢ ® O

o

8 Present T— CEEEEEEEEESEEEESEEEEEE 60 @D

0.1 02 03 0.4 05
Mean Difference between methods

Fig.4 Boxplots showing the distribution of absolute mean difference between the three methods for current (~2015)
conditions and future scenarios (SSP126: RCP2.6-SSP1, SSP370: RCP7.0-SSP3, SSP585: RCP8.5-SSP5)
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conditions (Fig. 4). Again, locations with very low and very high probabilities are generally the
least sensitive to the choice of method, indicated by the low standard deviation values for these
probability classes (Supplementary Material 2.4.5).

Determining the permutation variable importance shows that especially climate and
socio-economic variables are important predictors for the occurrences of SRWPs (see
Fig. 5). Maximum temperature in the warmest month, followed by elevation have on aver-
age (i.e. across the three methods), the highest contributions, with comparatively lower
impacts in the random forest model. Annual precipitation and precipitation in the driest
quarter are furthermore variables with a high impact among the different models. There
are noticeable differences between the contributions of climate variables to the different
models. Precipitation in the driest quarter and diurnal temperature rank high in their con-
tribution to the Random Forest model, but have less impact on the results of the other
two methods. These differences can be explained by similar direct and indirect impacts on
SRWP probabilities, which are also reflected in the correlation coefficients of their pair-
wise comparison (see Supplementary Material 2.5). Accessibility, measured in travel time
to major cities, and market access are further variables that have an important contribu-
tion to the predicted probability of SRWP occurrence. Overall, soil variables and terrain
conditions, except for elevation, show only a small contribution to model predictions. The
impact of the variables on prediction ability (i.e. ROC AUC, see Supplementary Material
2.6) shows similar patterns, with some minor differences in the ranking order of variables.

Max. T in warmest month

Elevation

e ——
R
R e
Annual precip. T——
Precip. in driest quarter ————————
rF
Accessibility T———
r
=
Market access ———*
F————=
Average T -.—*
Population +—*
o
-
Distance to roads +——=*
Y

Jd
Diurnal T A
o

Depth of topsoil
Category Method

Soil drainage 1 + Climate ® MaxEnt

Soil depth | + Socio-eco A Random Forest

Clay content 1 Soil ®m  Regression

Slope 1 + Terrain

Distance to water

=) ;lwl-

0.2 0.4 0.6
1 - Correlation coefficient

0

Fig.5 Contribution of predictor variables for the three methods used to predict SRWP probabilities. Varia-
ble contribution was estimated by calculating Spearman correlation coefficients for original predicted prob-
abilities and probabilities based on a permutated dataset (i.e. shuffling variable values). The less the prob-
abilities correlate, the higher the contribution of the variable (therefore 1 — correlation coefficient on the
x-axis). Variables are ranked by their average values for all three methods. Categorisation follows Table 1

@ Springer



28 Page 14 of 22 Mitig Adapt Strateg Glob Change (2023) 28:28

4 Discussion

We present the first empirical estimation of the spatial probability of SRWP distribution in
tropical and subtropical biomes, based on a comprehensive dataset of observed locations.
By combining three advanced spatial models, we increased prediction capability of our
method and minimised drawbacks inherent to each individual model, shown by a higher
ROC AUC value for the combined map as compared to the performance of the individual
methods. In the absence of complete databases of SRWPs, our map, indicating the prob-
ability of SRWP occurrence, adds additional insights to the existing body of evidence. The
probabilities for occurrence of SRWPs can be interpreted as an indication of the suitability
of these areas, based on the physical and socio-economic location characteristics consid-
ered in this study. The probabilities, however, do not necessarily present optimal suitability,
but rather the likelihood for a land user to establish an SRWP in a location. The occurrence
of SRWPs is, thereby, also a result of competition and compromise with other land uses
and depends on a locations opportunity, for example, regarding infrastructure or favourable
growing conditions.

SRWPs are one of the most important measures in global climate change mitigation
plans, for example, as part of the Paris Agreement (Hasegawa et al. 2018). Our results
show that there is a rather large variation in SRWP probability in the tropical and subtropi-
cal biomes. These variations indicate that SRWPs are not everywhere a likely or feasible
solution and it is important to account for these differences in occurrence probability, when
targeting investments. Our results clearly indicate that the probability SRWP occurrence
is constrained by elevation and climate factors, but also by accessibility constraints. These
differential likelihoods need to be accounted for. Previous studies on the suitability of plan-
tations commonly did not include socio-economic variables (see, e.g. Aust et al. 2014,
Zomer et al. 2008). However, our result shows that accessibility and market access had a
rather large impact on the predictions. Both variables are indicators for the ease of access
to processing facilities, interactions with markets and the availability of workforce, which
in turn all affect the economic profitability (Vanbeveren et al. 2017). Enhancing accessi-
bility in locations that are otherwise suitable is not always feasible and often expensive,
requires resources and might be detrimental to the environment. On the other hand, areas
that are highly accessible and hence profitable might be used for more lucrative land sys-
tems, such as crop production.

As a first to estimate the impact of future climate change on the location probability for
SRWPs, our study suggests that changing seasonality and overall climatic conditions might
cause SRWP suitability to decline in several locations in the (Sub)Tropics. This could
result in less yield, less profit and potentially abandonment, as well as less area available
for expansion of new SRWPs. This could lead to diminishing amounts of wood from (sub)
tropical SRWPs, resulting in increased harvest pressure on natural forests and consequently
more degradation (Silva et al. 2018). From a demand side perspective, less wood avail-
able from SRWPs could interfere with initiatives to reduce plastic production and waste by
switching to wood-based alternatives, or to decrease emissions from construction by using
wood instead of steel and concrete. Additionally, as countries try to make the shift to more
renewable energy sources, the use of biofuel has been encouraged as an alternative to fossil
fuels, due to its higher flexibility compared to, for example, solar and wind power (Hunkin
& Krell 2020). To achieve a future with a temperature increase below a 1.5 °C or 2 °C, bio-
energy with carbon capture and storage (i.e. BECCS) has been considered the main strat-
egy (besides reduction in energy demands) (Fuss & Johnsson 2021; Masson-Delmotte et al.
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2021). However, scarcity of land for the supply of bioenergy has been found to be the main
constraining factor (Creutzig et al. 2021; Strefler et al. 2021). Our results show that future
climate change might exacerbate this scarcity and reduce the potential of land-based miti-
gation through SRWPs and BECCS, which emphasises the necessity to include demand
side mitigation measures. Larger climate impacts reduce the potential of mitigating further
climate change by land-based mitigation. It needs to be noted that due to our focus on
(sub)tropical biomes, we do not account for potential probability increases in temperate
and boreal regions, which could be the result of higher temperatures and changing pre-
cipitation patterns, and might be able to counterbalance some of the lost land availability.
The same is true for changes in the socio-economic and political situation, which can make
areas accessible and suitable, which are currently not. The observed patterns of decreased
probabilities driven by climatic changes are also relevant for SRWPs that are used as meas-
ure against land degradation and to increase the land value of marginal agricultural areas.
In the Atlantic Forest in Brazil, for example, SRWPs have been planted on degraded grass-
land, following sustainability principles and enhancing productivity, biodiversity and eco-
nomic value of the land (FAO & UNEP 2020). Our results suggest that the opportunity to
restore land through such measures might decrease in the future and especially in scenarios
with more pronounced changes in temperature and precipitation patterns, for which land
degradation is expected to worsen (Borrelli et al. 2020).

Next to the high predictive ability of our models indicated by the ROC AUC values, our
map also shows agreement with existing datasets. When overlaying the locations of wood
fibre and eucalyptus plantations derived from the Spatial Database of Planted Trees (Harris
et al. 2021) with our probability map, we found that these plantations were more often in
locations with high and very high SRWP probabilities, as compared to a random sampled
(see Supplementary Material 3.1).

Although our study differs in its approach to previous studies on the location factors of
SRWPs, our ranking of variable importance shows similarity. Previous studies have also
identified temperature and water availability as most important location factors and soil
conditions to have a smaller impact (Aust et al. 2014; Saidi et al. 2011). For two of our
three methods, temperature had a larger impact than precipitation, which can be explained
by reduced photosynthesis due to more cloud cover when precipitation increases (McMa-
hon & Jackson 2019). Similarly, cloud cover and lower temperatures are likely the main
reasons why elevation had a rather high importance for the predictions of all models.
While irrigation has been suggested as a measure to overcome water limitations in coppice
plantations in dry Mediterranean areas (Oliveira et al. 2020), the small contribution of the
distance to fresh water resources found in this study indicates that irrigation currently only
plays an overall minor role in (sub)tropical SRWPs. It is likely that this will change in the
future with more frequent droughts and land scarcity due to competing demands (Stenzel
et al. 2019).

There are several limitations attached to our method. Misclassification of SRWP
locations is possible, due to the way the data was collected. Generally, this was avoided,
by including only locations, where at least three citizen scientists agreed. The target
approach enabled a relatively fast collection of a large number of points, but gener-
ally classifications of one expert might be less reliable due to lacking quality control
(Schepaschenko et al. 2017). While it is possible to address potential errors in classifica-
tions with MaxEnt, it is not possible to address these with the other methods applied.
However, the large similarity between the results of MaxEnt and the other two methods
indicates a low sensitivity to potential classification mistakes. Empirical approaches,
especially on a large scale, are always a generalisation of the actual dynamics that
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occur on the ground. By using statistical models over several continents, we ignored
relationships potentially resulting from national politics that dictate the allocation of
SRWPs. Our study did not include future scenarios of socio-economic development as
this would require additional assumptions and their effect would be difficult to disen-
tangle from the impacts of climate change. Future studies could build upon our analysis
and also include socio-economic scenarios, to identify how those will impact the prob-
ability of SRWP occurrence. We furthermore generalised over different tree species that
are used in SRWPs. Acacia and eucalyptus, for example, have different requirements
for soil conditions (Saidi et al. 2011). Additionally, pine plantations were not included
in the observation data, even though some studies determine rotation periods of these
plantations to be below 15 years (Fagan et al. 2018). While we did update climate vari-
ables, we only considered proxies for climate extremes, such as droughts, which might
not fully present potential increases of tree mortality or pests, or aggravated competition
with agricultural land.

Despite the limitations, the results of this study can have several applications, most
notably leading to more realistic plans and assessments of land-based climate change
mitigation. First, they can be used to account for potential future changes in suitability
when planning the location of new plantations. Second, the probability maps can be
used to downscale national statistics on SRWPs and spatially-explicitly allocate their
occurrence. While a global dataset on the exact amounts of SRWPs is currently lack-
ing, better estimates might become available in the future for many countries with the
increasing importance of SRWPs. Using national or regional data on the actual extent
of SRWPs could help overcome the lack of political drivers in our study. Third, the
results could be used in models of future land use changes, thereby providing more
nuance on forest cover and planted forests (Bahar et al. 2020). Explicitly accounting for
SRWPs goes beyond earlier studies accounting for forest management (Doelman et al.
2018; Schipper et al. 2020; Schulze et al. 2020). This can have implications for global
assessment results in providing refined assessments of biodiversity, land degradation or
changes in the water cycle resulting from SRWPs. Finally, our results can support and
refine estimates of the potential future availability of wood fibre for biomass, paper and
pulp (Roe et al. 2021). Our method goes beyond previous estimates on the suitability of
locations, by including socio-economic variables (for current conditions) and relying on
an empirical approach. These improved estimates can support policy recommendations,
for example, on the potential of SRWPs as a climate mitigation option and refined iden-
tification of trade-offs and synergies of SRWPs, which would lead to more sustainable
SRWPs.

Supplementary Information The online version contains supplementary material available at https://doi.
org/10.1007/s11027-023-10066-5.

Acknowledgements K.S., Z.M. and P.V. would like to thank the European Commission for funding through
the European Research Council under the European Union’s Seventh Framework Programme project ID
311819 (GLOLAND). Part of the research was conducted during the Young Scientist Summer Program at
the International Institute for Applied Systems Analysis. We gratefully acknowledge financial support from
the German IIASA association. Additionally, we would like to thank Olga Danylo for the help with the
machine learning approach and all ITASA researchers that gave feedback during the YSSP and at the final
YSSP colloquium.

Funding K.S., Z.M., P.V.: European Commission through the European Research Council under the Euro-

pean Union’s Seventh Framework Programme project ID 311819 (GLOLAND); Financial support from
German ITASA association during Young Scientist Summer Program.

@ Springer


https://doi.org/10.1007/s11027-023-10066-5
https://doi.org/10.1007/s11027-023-10066-5

Mitig Adapt Strateg Glob Change (2023) 28:28 Page 170f22 28

Data availability All spatial layers produced in this study are openly accessible at https://doi.org/10.34894/
T3A3RM. Statistical results are provided in the Supplementary Material. All input data is available from the
respective references. The R-scripts can be requested from the lead author.

Declarations
Conflict of interests The authors declare no competing interests.

Open Access This article is licensed under a Creative Commons Attribution 4.0 International License,
which permits use, sharing, adaptation, distribution and reproduction in any medium or format, as long
as you give appropriate credit to the original author(s) and the source, provide a link to the Creative Com-
mons licence, and indicate if changes were made. The images or other third party material in this article
are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the
material. If material is not included in the article’s Creative Commons licence and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly
from the copyright holder. To view a copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

References

Altmann A, Tolosi L, Sander O, Lengauer T (2010) Permutation importance: a corrected feature importance
measure. Bioinformatics 26(10):1340-1347. https://doi.org/10.1093/bioinformatics/btq134

Aust C, Schweier J, Brodbeck F, Sauter UH, Becker G, Schnitzler J-P (2014) Land availability and poten-
tial biomass production with poplar and willow short rotation coppices in Germany. GCB Bioenergy
6(5):521-533. https://doi.org/10.1111/gcbb.12083

Bahar NHA, Lo M, Sanjaya M, Van Vianen J, Alexander P, Ickowitz A, Sunderland T (2020) Meeting the
food security challenge for nine billion people in 2050: what impact on forests? Glob Environ Chang
62. https://doi.org/10.1016/j.gloenvcha.2020.102056

Barbet-Massin M, Jiguet F, Albert CH, Thuiller W (2012) Selecting pseudo-absences for species distribu-
tion models: how, where and how many?: how to use pseudo-absences in niche modelling? Methods
Ecol Evol 3:327-338. https://doi.org/10.1111/.2041-210X.2011.00172.x

Barua SK, Lehtonen P, Pahkasalo T (2014) Plantation vision: potentials, challenges and policy options for
global industrial forest plantation development. Int for Rev 16(2):117-127. https://doi.org/10.1505/
146554814811724801

Bastin JF, Finegold Y, Garcia C, Mollicone D, Rezende M, Routh D, . . . Crowther TW (2019) The global
tree restoration potential. Science 365 (6448):76-79. https://doi.org/10.1126/science.aax0848

Belgiu M, Drigut L (2016) Random forest in remote sensing: a review of applications and future directions.
ISPRS J Photogramm Remote Sens 114:24-31. https://doi.org/10.1016/j.isprsjprs.2016.01.011

Bloomfield J, Pearson HL (2000) Land use, land-use change, forestry, and agricultural activities in the
clean development mechanism: estimates of greenhouse gas offset potential. Mitig Adapt Strat Glob
Change 5(1):9-24. https://doi.org/10.1023/A:1009671527821

Bond WIJ, Stevens N, Midgley GF, Lehmann CER (2019) The trouble with trees: afforestation plans for
Africa. Trends Ecol Evol 34(11):963-965. https://doi.org/10.1016/j.tree.2019.08.003

Borrelli P, Robinson DA, Panagos P, Lugato E, Yang JE, Alewell C, . . . Ballabio C (2020) Land use and
climate change impacts on global soil erosion by water (2015-2070). Proc Natl Acad Sci USA
117(36):21994-22001. https://doi.org/10.1073/pnas.2001403117

Brockerhoff EG, Jactel H, Parrotta JA, Quine CP, Sayer J (2008) Plantation forests and biodiversity: oxymo-
ron or opportunity? Biodivers Conserv 17(5):925-951. https://doi.org/10.1007/s10531-008-9380-x

Brockerhoff EG, Barbaro L, Castagneyrol B, Forrester DI, Gardiner B, Gonzalez-Olabarria JR, . . . Jactel H
(2017) Forest biodiversity, ecosystem functioning and the provision of ecosystem services. Biodiver-
sity Conserv 26(13):3005-3035. https://doi.org/10.1007/s10531-017-1453-2

Brun P, Zimmermann NE, Hari C, Pellissier L, Karger DN (2022) Global climate-related predictors at kilo-
metre resolution for the past and future [Preprint]. ESSD Land/Biogeosci Biodiversity. https://doi.org/
10.5194/essd-2022-212

Brun P, Zimmermann NE, Hari C, Pellissier L, Karger DN (2022a) CHELSA-BIOCLIM+ A novel set
of global climate-related predictors at kilometre-resolution [Geotiff, PDF]. In EnviDat (1.0, p. KB,
308715 bytes. https://doi.org/10.16904/ENVIDAT.332

@ Springer


https://doi.org/10.34894/T3A3RM
https://doi.org/10.34894/T3A3RM
http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1093/bioinformatics/btq134
https://doi.org/10.1111/gcbb.12083
https://doi.org/10.1016/j.gloenvcha.2020.102056
https://doi.org/10.1111/j.2041-210X.2011.00172.x
https://doi.org/10.1505/146554814811724801
https://doi.org/10.1505/146554814811724801
https://doi.org/10.1126/science.aax0848
https://doi.org/10.1016/j.isprsjprs.2016.01.011
https://doi.org/10.1023/A:1009671527821
https://doi.org/10.1016/j.tree.2019.08.003
https://doi.org/10.1073/pnas.2001403117
https://doi.org/10.1007/s10531-008-9380-x
https://doi.org/10.1007/s10531-017-1453-2
https://doi.org/10.5194/essd-2022-212
https://doi.org/10.5194/essd-2022-212
https://doi.org/10.16904/ENVIDAT.332

28 Page 18 of 22 Mitig Adapt Strateg Glob Change (2023) 28:28

Bryan BA, Crossman ND, Nolan M, Li J, Navarro J, Connor JD (2015) Land use efficiency: anticipating future
demand for land-sector greenhouse gas emissions abatement and managing trade-offs with agriculture,
water, and biodiversity. Glob Chang Biol 21(11):4098—4114. https://doi.org/10.1111/gcb.13020

Butt N, Pollock LJ, McAlpine CA (2013) Eucalypts face increasing climate stress. Ecol Evol 3(15):5011—
5022. https://doi.org/10.1002/ece3.873

Carrea L, Embury O, Merchant CJ (2015) GloboLakes: high-resolution global limnology data. Retrieved
from: http://catalogue.ceda.ac.uk/uuid/06cef537c5bl4a2e871a333b9bc0b482

Coleman EA, Schultz B, Ramprasad V, Fischer H, Rana P, Filippi AM, . . . Fleischman F (2021) Limited
effects of tree planting on forest canopy cover and rural livelihoods in Northern India. Nat Sustain
4(11):997-1004. https://doi.org/10.1038/s41893-021-00761-z

Corlett RT (2012) Climate change in the tropics: the end of the world as we know it? Biol Cons 151(1):22—
25. https://doi.org/10.1016/j.biocon.2011.11.027

Creutzig F, Erb KH, Haberl H, Hof C, Hunsberger C, Roe S (2021) Considering sustainability thresholds
for BECCS in IPCC and biodiversity assessments. GCB Bioenergy 13(4):510-515. https://doi.org/10.
1111/gcbb.12798

Davis KF, Koo HI, Dell’Angelo J, D’Odorico P, Estes L, Kehoe LJ, Kharratzadeh M, Kuemmerle T,
Machava D, de Pais AJR, Ribeiro N, Rulli MC, Tatlhego M (2020) Tropical forest loss enhanced
by large-scale land acquisitions. Nature Geoscience 13(7):482-488. https://doi.org/10.1038/
s41561-020-0592-3

Dendoncker N, Bogaert P, Rounsevell M (2006) A statistical method to downscale aggregated land use data
and scenarios. J Land Use Sci 1(2—4):63-82. https://doi.org/10.1080/17474230601058302

Deng X, Guo S, Sun L, Chen J (2020) Identification of short-rotation eucalyptus plantation at large scale
using multi-satellite imageries and cloud computing platform. Remote Sens 12(13). https://doi.org/10.
3390/rs12132153

Devisscher T, Anderson LO, Aragao LE, Galvan L, Malhi Y (2016) Increased wildfire risk driven by cli-
mate and development interactions in the Bolivian Chiquitania Southern Amazonia. PLoS One
11(9):e0161323. https://doi.org/10.1371/journal.pone.0161323

Dickmann D (2006) Silviculture and biology of short-rotation woody crops in temperate regions: then and
now. Biomass Bioenerg 30(8-9):696—705. https://doi.org/10.1016/j.biombioe.2005.02.008

Diengdoh VL, Ondei S, Hunt M, Brook BW (2020) A validated ensemble method for multinomial land-
cover classification. Ecol Inform 56:101065. https://doi.org/10.1016/j.ecoinf.2020.101065

Doelman JC, Stehfest E, Tabeau A, van Meijl H, Lassaletta L, Gernaat DEHJ, . . . van Vuuren DP (2018)
Exploring SSP land-use dynamics using the IMAGE model: regional and gridded scenarios of land-
use change and land-based climate change mitigation. Glob Environ Change 48:119—135. https://doi.
org/10.1016/j.gloenvcha.2017.11.014

Dou Y, Cosentino F, Malek Z, Maiorano L, Thuiller W, Verburg PH (2021) A new European land systems
representation accounting for landscape characteristics. Landscape Ecol 36(8):2215-2234. https://doi.
org/10.1007/s10980-021-01227-5

Edwards DP, Socolar JB, Mills SC, Burivalova Z, Koh LP, Wilcove DS (2019) Conservation of tropical for-
ests in the Anthropocene. Curr Biol 29(19):R1008-R1020. https://doi.org/10.1016/j.cub.2019.08.026

Elith J, Phillips SJ, Hastie T, Dudik M, Chee YE, Yates CJ (2011) A statistical explanation of MaxEnt for
ecologists. Divers Distrib 17(1):43-57. https://doi.org/10.1111/j.1472-4642.2010.00725.x

Ellison D, Morris CE, Locatelli B, Sheil D, Cohen J, Murdiyarso D, . . . Sullivan CA (2017) Trees, forests
and water: cool insights for a hot world. Glob Environ Change, 43, 51-61. https://doi.org/10.1016/j.
gloenvcha.2017.01.002

Eyring V, Bony S, Meehl GA, Senior CA, Stevens B, Stouffer RJ, Taylor KE (2016) Overview of the Cou-
pled Model Intercomparison Project Phase 6 (CMIP6) experimental design and organization. Geosci
Model Develop 9(5):1937-1958. https://doi.org/10.5194/gmd-9-1937-2016

Fagan ME, Morton DC, Cook BD, Masek J, Zhao F, Nelson RF, Huang C (2018) Mapping pine plantations
in the southeastern U.S. using structural, spectral, and temporal remote sensing data. Remote Sens
Environ 216:415-426. https://doi.org/10.1016/j.rse.2018.07.007

Favero A, Daigneault A, Sohngen B (2020) Forests: carbon sequestration, biomass energy, or both? Sci Adv
6(13):eaay6792. https://doi.org/10.1126/sciadv.aay6792

Fleischman F, Basant S, Chhatre A, Coleman EA, Fischer HW, Gupta D, . . . Veldman JW (2020) Pitfalls
of tree planting show why we need people-centered natural climate solutions. BioScience. https://doi.
org/10.1093/biosci/biaa094

Food and Agriculture Organization of the United Nations [FAO], & United Nations Environmental Pro-
gramme [UNEP] (2020) The State of the World’s Forests 2020. Forests, biodiversity and people.
Retrieved from Rome, Italy: https://www.unep.org/resources/state-worlds-forests-forests-biodiversi
ty-and-people

@ Springer


https://doi.org/10.1111/gcb.13020
https://doi.org/10.1002/ece3.873
http://catalogue.ceda.ac.uk/uuid/06cef537c5b14a2e871a333b9bc0b482
https://doi.org/10.1038/s41893-021-00761-z
https://doi.org/10.1016/j.biocon.2011.11.027
https://doi.org/10.1111/gcbb.12798
https://doi.org/10.1111/gcbb.12798
https://doi.org/10.1038/s41561-020-0592-3
https://doi.org/10.1038/s41561-020-0592-3
https://doi.org/10.1080/17474230601058302
https://doi.org/10.3390/rs12132153
https://doi.org/10.3390/rs12132153
https://doi.org/10.1371/journal.pone.0161323
https://doi.org/10.1016/j.biombioe.2005.02.008
https://doi.org/10.1016/j.ecoinf.2020.101065
https://doi.org/10.1016/j.gloenvcha.2017.11.014
https://doi.org/10.1016/j.gloenvcha.2017.11.014
https://doi.org/10.1007/s10980-021-01227-5
https://doi.org/10.1007/s10980-021-01227-5
https://doi.org/10.1016/j.cub.2019.08.026
https://doi.org/10.1111/j.1472-4642.2010.00725.x
https://doi.org/10.1016/j.gloenvcha.2017.01.002
https://doi.org/10.1016/j.gloenvcha.2017.01.002
https://doi.org/10.5194/gmd-9-1937-2016
https://doi.org/10.1016/j.rse.2018.07.007
https://doi.org/10.1126/sciadv.aay6792
https://doi.org/10.1093/biosci/biaa094
https://doi.org/10.1093/biosci/biaa094
https://www.unep.org/resources/state-worlds-forests-forests-biodiversity-and-people
https://www.unep.org/resources/state-worlds-forests-forests-biodiversity-and-people

Mitig Adapt Strateg Glob Change (2023) 28:28 Page 190f22 28

Fox EW, Ver Hoef JM, Olsen AR (2020) Comparing spatial regression to random forests for large environ-
mental data sets. PLoS One 15(3):0229509. https://doi.org/10.1371/journal.pone.0229509

Freire S, Schiavina M, Florczyk AJ, MacManus K, Pesaresi M, Corbane C, . . . Sliuzas R (2018) Enhanced
data and methods for improving open and free global population grids: putting ‘leaving no one
behind’ into practice. Int J Dig Earth 13(1):61-77. https://doi.org/10.1080/17538947.2018.1548656

Friedlingstein P, Allen M, Canadell JG, Peters GP, Seneviratne SI (2019) Comment on “The global tree res-
toration potential”. Science 366(6463). https://doi.org/10.1126/science.aay8060

Fritz S, McCallum I, Schill C, Perger C, Grillmayer R, Achard F, . . . Obersteiner M (2009) Geo-Wiki.Org:
the use of crowdsourcing to improve global land cover. Remote Sens 1(3):345-354. https://doi.org/10.
3390/rs1030345

Fritz S, McCallum I, Schill C, Perger C, See L, Schepaschenko D, . . . Obersteiner M (2012) Geo-Wiki: an
online platform for improving global land cover. Environ Model Software 31:110-123. https://doi.
org/10.1016/j.envsoft.2011.11.015

Fritz S, See L, McCallum I, You L, Bun A, Moltchanova E, . . . Obersteiner M (2015) Mapping global crop-
land and field size. Glob Chang Biol 21(5):1980-1992. https://doi.org/10.1111/gcb.12838

Fuss S, Johnsson F (2021) The BECCS implementation gap—a Swedish case study. Front Energy Res 8.
https://doi.org/10.3389/fenrg.2020.553400

Gainsbury AM, Colli GR (2014) Effects of abandoned Eucalyptus plantations on lizard communities in the
Brazilian Cerrado. Biodivers Conserv 23(13):3155-3170. https://doi.org/10.1007/s10531-014-0771-x

Griffiths NA, Rau BM, Vaché KB, Starr G, Bitew MM., Aubrey DP, . . . Jackson CR (2018) Environmental
effects of short-rotation woody crops for bioenergy: what is and isn’t known. GCB Bioenergy 11
(4):554-572. https://doi.org/10.1111/gcbb.12536

Harris N, Goldman E, Gibbes S (2021) Spatial database of planted trees (SDPT) version 1.0. Retrieved from
www.globalforestwatch.org

Hasegawa T, Fujimori S, Havlik P, Valin H, Bodirsky BL, Doelman JC, . . . Witzke P (2018) Risk of
increased food insecurity under stringent global climate change mitigation policy. Nat Clim Change
8(8):699-703. https://doi.org/10.1038/s41558-018-0230-x

Hengl T, de Jesus JM, MacMillan RA, Batjes NH, Heuvelink GB, Ribeiro E, . . . Gonzalez MR (2014) Soil-
Grids1km--global soil information based on automated mapping. PLoS One 9(8):¢105992. https://
doi.org/10.1371/journal.pone.0105992

Hijmans RJ, Phillips S, Leathwick J, Elith J (2020) dismo: species distribution modeling (Version 1.3-3) [R
package]. Retrieved from https://CRAN.R-project.org/package=dismo

Hua F, Bruijnzeel LA, Meli P, Martin PA, Zhang J, Nakagawa S, . . . Balmford A (2022) The biodiver-
sity and ecosystem service contributions and trade-offs of forest restoration approaches. Science
:eabl4649. https://doi.org/10.1126/science.abl4649

Hunkin S, Krell K (2020) Supporting local bioenergy development. A Policy Brief from the Policy Learn-
ing Platform on Low-carbon economy. Retrieved from Lille, France: https://www.interregeurope.eu/
fileadmin/user_upload/plp_uploads/policy_briefs/Policy_brief_-_Supporting_bioenergy.PDF

Jackson RB, Jobbagy EG, Avissar R, Roy SB, Barrett DJ, Cook CW, . . . Murray BC (2005) Trading water
for carbon with biological carbon sequestration. Science 310(5756):1944-1947. https://doi.org/10.
1126/science.1119282

Jing M, Zhu L, Liu S et al (2022) Warming-induced drought leads to tree growth decline in subtropics: evi-
dence from tree rings in central China. Front Plant Sci 13:964400. https://doi.org/10.3389/fpls.2022.
964400

Kalt G, Mayer A, Theurl MC, Lauk C, Erb KH, Haberl H (2019) Natural climate solutions versus bioen-
ergy: can carbon benefits of natural succession compete with bioenergy from short rotation coppice?
GCB Bioenergy 11(11):1283-1297. https://doi.org/10.1111/gcbb.12626

Karger DN, Conrad O, Bohner J, Kawohl T, Kreft H, Soria-Auza RW, . . . Kessler M (2017) Climatologies
at high resolution for the earth’s land surface areas. Sci Data 4:170122. https://doi.org/10.1038/sdata.
2017.122

Karger DN, Conrad O, Bohner J, Kawohl T, Kreft H, Soria-Auza RW, Zimmermann NE, Linder HP, Kessler
M (2021) Climatologies at high resolution for the earth’s land surface areas CHELSA V2.1 (current)
[Geotiff]. In: EnviDat (21, p. 2.1 KB). https://doi.org/10.16904/ENVIDAT.228.V2.1

Korhonen J, Nepal P, Prestemon JP, Cubbage FW (2020) Projecting global and regional outlooks for planted
forests under the shared socio-economic pathways. New Forest 52(2):197-216. https://doi.org/10.
1007/s11056-020-09789-z

Kuhn M (2021) Caret: classification and regression training (Version 6.0-88) [R package]. Retrieved from
https://CRAN.R-project.org/package=caret

@ Springer


https://doi.org/10.1371/journal.pone.0229509
https://doi.org/10.1080/17538947.2018.1548656
https://doi.org/10.1126/science.aay8060
https://doi.org/10.3390/rs1030345
https://doi.org/10.3390/rs1030345
https://doi.org/10.1016/j.envsoft.2011.11.015
https://doi.org/10.1016/j.envsoft.2011.11.015
https://doi.org/10.1111/gcb.12838
https://doi.org/10.3389/fenrg.2020.553400
https://doi.org/10.1007/s10531-014-0771-x
https://doi.org/10.1111/gcbb.12536
http://www.globalforestwatch.org
https://doi.org/10.1038/s41558-018-0230-x
https://doi.org/10.1371/journal.pone.0105992
https://doi.org/10.1371/journal.pone.0105992
https://CRAN.R-project.org/package=dismo
https://doi.org/10.1126/science.abl4649
https://www.interregeurope.eu/fileadmin/user_upload/plp_uploads/policy_briefs/Policy_brief_-_Supporting_bioenergy.PDF
https://www.interregeurope.eu/fileadmin/user_upload/plp_uploads/policy_briefs/Policy_brief_-_Supporting_bioenergy.PDF
https://doi.org/10.1126/science.1119282
https://doi.org/10.1126/science.1119282
https://doi.org/10.3389/fpls.2022.964400
https://doi.org/10.3389/fpls.2022.964400
https://doi.org/10.1111/gcbb.12626
https://doi.org/10.1038/sdata.2017.122
https://doi.org/10.1038/sdata.2017.122
https://doi.org/10.16904/ENVIDAT.228.V2.1
https://doi.org/10.1007/s11056-020-09789-z
https://doi.org/10.1007/s11056-020-09789-z
https://CRAN.R-project.org/package=caret

28 Page 20 of 22 Mitig Adapt Strateg Glob Change (2023) 28:28

le Maire G, Dupuy S, Nouvellon Y, Loos RA, Hakamada R (2014) Mapping short-rotation plantations at
regional scale using MODIS time series: case of eucalypt plantations in Brazil. Remote Sens Environ
152:136-149. https://doi.org/10.1016/j.rse.2014.05.015

Lesiv M, Schepaschenko D, Buchhorn M, See L, Diirauer M, Georgieva I, Jung M, Hofhansl F, Schulze K,
Bilous A, Blyshchyk V, Mukhortova L, Brene CLM, Krivobokov L, Ntie S, Tsogt K, Pietsch SA, Tik-
honova E, Kim M,. . . Fritz S (2022) Global forest management data for 2015 at a 100 m resolution.
Sci Data 9(1):199. https://doi.org/10.1038/s41597-022-01332-3

Lewis SL, Wheeler CE, Mitchard ETA, Koch A (2019) Restoring natural forests is the best way to remove
atmospheric carbon. Nature 568(7750):25-28. https://doi.org/10.1038/d41586-019-01026-8

Liaw A, Wiener M (2002) Classification and Regression by randomForest. R News 2(3):18-22.
Retrieved from https://CRAN.R-project.org/doc/Rnews/

Lobo JM, Jiménez-Valverde A, Hortal J (2010) The uncertain nature of absences and their importance in
species distribution modelling. Ecography 33:103—114. https://doi.org/10.1111/j.1600-0587.2009.
06039.x

Malkaméki A, D’Amato D, Hogarth NJ, Kanninen M, Pirard R, Toppinen A, Zhou W (2018) A system-
atic review of the socio-economic impacts of large-scale tree plantations, worldwide. Glob Envi-
ron Chang 53:90-103. https://doi.org/10.1016/j.gloenvcha.2018.09.001

Manrique SM, Franco J (2020) Tree cover increase mitigation strategy: implications of the “replace-
ment approach” in carbon storage of a subtropical ecosystem. Mitig Adapt Strat Glob Change
25(8):1481-1508. https://doi.org/10.1007/s11027-020-09930-5

Masson-Delmotte V, Zhai P, Pirani A, Connors SL, Péan C, Berger S, . . . Zhou B (2021) Climate change
2021: the physical science basis. Contribution of Working Group I to the Sixth Assessment Report
of the Intergovernmental Panel on Climate Change Retrieved from Cambridge, UK: https://www.
ipcc.ch/report/ar6/wgl/

McMahon DE, Jackson RB (2019) Management intensification maintains wood production over multiple
harvests in tropical Eucalyptus plantations. Ecol Appl 29(4):e01879. https://doi.org/10.1002/eap.
1879

National Geospatial Intelligence Agency [NGIA] (2015) VMap0. Retrieved from: http://gis-lab.info/qa/
vmap0-eng.html

Nelson A (2008) Estimated travel time to the nearest city of 50,000 or more people in year 2000.
Retrieved from: https://forobs.jrc.ec.europa.eu/products/gam/

Nguyen LH, Henebry GM (2019) Characterizing land use/land cover using multi-sensor time series
from the perspective of land surface phenology. Remote Sens 11(14). https://doi.org/10.3390/
rs11141677

Oliveira N, Pérez-Cruzado C, Caiiellas I, Rodriguez-Soalleiro R, Sixto H (2020) Poplar short rotation
coppice plantations under Mediterranean conditions: the case of Spain. Forests 11(12). https://doi.
org/10.3390/f11121352

Olson DM, Dinerstein E, Wikramanayake ED, Burgess ND, Powell GVN, Underwood EC, . . . Kassem
KR (2001) Terrestrial ecoregions of the world: a new map of life on earth. BioScience 51(11).
https://doi.org/10.1641/0006-3568(2001)051[0933:Teotwa]2.0.Co;2

Overbeek W, Kroger M, Gerber J (2012) An overview of industrial tree plantation conflicts in the global
South: conflicts, trends, and resistance struggles. Retrieved from http://hdl.handle.net/1765/95586

Page ML (2022) Cutting biofuels can help avoid global food shock from Ukraine war. New Scientist.
Retrieved from https://www.newscientist.com/article/2312151-cutting-biofuels-can-help-avoid-global-
food-shock-from-ukraine-war/

Phillips SJ, Dudik M, Elith J et al (2009) Sample selection bias and presence-only distribution models:
implications for background and pseudo-absence data. Ecol Appl 19:181-197. https://doi.org/10.
1890/07-2153.1

Phillips SJ, Dudik M, Schapire RE (2021) Maxent software for modeling species niches and distributions
(Version 3.4.1). Retrieved from https://biodiversityinformatics.amnh.org/open_source/maxent/

Pirard R, Dal Secco L, Warman R (2016) Do timber plantations contribute to forest conservation? Envi-
ron Sci Policy 57:122-130. https://doi.org/10.1016/j.envsci.2015.12.010

Portner HO, Roberts DC, Tignor M, Poloczanska ES, Mintenbeck K, Alegria A, Craig M, Langsdorf S,
Loschke S, Moller V, Okem A, Rama B (2022) Climate change 2022: impacts, adaptation and vulner-
ability. Contribution of Working Group II to the Sixth Assessment Report of the Intergovernmental
Panel on Climate Change. Cambridge University Press. https://www.ipcc.ch/report/ar6/wg2/

R Core Team (2019) R: a language and environment for statistical computing (Version 4.1.0). Vienna,
Austria: R Foundation for Statistical Computing. Retrieved from https://www.R-project.org/

@ Springer


https://doi.org/10.1016/j.rse.2014.05.015
https://doi.org/10.1038/s41597-022-01332-3
https://doi.org/10.1038/d41586-019-01026-8
https://CRAN.R-project.org/doc/Rnews/
https://doi.org/10.1111/j.1600-0587.2009.06039.x
https://doi.org/10.1111/j.1600-0587.2009.06039.x
https://doi.org/10.1016/j.gloenvcha.2018.09.001
https://doi.org/10.1007/s11027-020-09930-5
https://www.ipcc.ch/report/ar6/wg1/
https://www.ipcc.ch/report/ar6/wg1/
https://doi.org/10.1002/eap.1879
https://doi.org/10.1002/eap.1879
http://gis-lab.info/qa/vmap0-eng.html
http://gis-lab.info/qa/vmap0-eng.html
https://forobs.jrc.ec.europa.eu/products/gam/
https://doi.org/10.3390/rs11141677
https://doi.org/10.3390/rs11141677
https://doi.org/10.3390/f11121352
https://doi.org/10.3390/f11121352
https://doi.org/10.1641/0006-3568(2001)051[0933:Teotwa]2.0.Co;2
http://hdl.handle.net/1765/95586
https://www.newscientist.com/article/2312151-cutting-biofuels-can-help-avoid-global-food-shock-from-ukraine-war/
https://www.newscientist.com/article/2312151-cutting-biofuels-can-help-avoid-global-food-shock-from-ukraine-war/
https://doi.org/10.1890/07-2153.1
https://doi.org/10.1890/07-2153.1
https://biodiversityinformatics.amnh.org/open_source/maxent/
https://doi.org/10.1016/j.envsci.2015.12.010
https://www.ipcc.ch/report/ar6/wg2/
https://www.R-project.org/

Mitig Adapt Strateg Glob Change (2023) 28:28 Page210f22 28

Ramirez-Reyes C, Street G, Vilella FJ, Jones-Farrand DT, Wiggers MS, Evans KO (2021) Ensemble spe-
cies distribution model identifies survey opportunities for at-risk bearded beaksedge (Rhynchospora
crinipes) in the Southeastern United States. Nat Areas J 41(1). https://doi.org/10.3375/043.041.0108

Riahi K, van Vuuren DP, Kriegler E, Edmonds J, O’Neill BC, Fujimori S, . . . Tavoni M (2017) The Shared
Socioeconomic Pathways and their energy, land use, and greenhouse gas emissions implications: an
overview. Glob Environ Change 42:153-168. https://doi.org/10.1016/j.gloenvcha.2016.05.009

Riffell SAM, Verschuyl J, Miller D, Wigley TB (2011) A meta-analysis of bird and mammal response to
short-rotation woody crops. GCB Bioenergy 3(4):313-321. https://doi.org/10.1111/j.1757-1707.
2010.01089.x

Robin X, Turck N, Hainard A, Tiberti N, Lisacek F, Sanchez JC, Muller M (2011) pROC: an open-source
package for R and S+ to analyze and compare ROC curves. BMC Bioinformatics 12:77. https://doi.
org/10.1186/1471-2105-12-77

Roe S, Streck C, Beach R, Busch J, Chapman M, Daioglou V, . . . Lawrence D (2021) Land-based measures
to mitigate climate change: potential and feasibility by country. Glob Chang Biol 27(23):6025-6058.
https://doi.org/10.1111/gcb.15873

Saidi S, Gazull L, Fallot A, Burnod P, Trébuchon J-F (2011) Mapping land suitability at worldwide scale for
fuelwood plantations. Bois Et Foréts Des Tropiques 309(3):77-89

Schepaschenko D, Fritz S, See L, Laso Bayas JC, Lesiv M, Kraxner F, Obersteiner M (2017) Comment on
“The extent of forest in dryland biomes”. Science 358(6362). https://doi.org/10.1126/science.aao0166

Schipper AM, Hilbers JP, Meijer JR, Antao LH, Benitez-Lopez A, de Jonge MMJ, . . . Huijbregts MAJ
(2020) Projecting terrestrial biodiversity intactness with GLOBIO 4. Glob Chang Biol 26(2):760-771.
https://doi.org/10.1111/gcb.14848

Schulze K, Malek Z, Verburg PH (2019) Towards better mapping of forest management patterns: a global
allocation approach. For Ecol Manage 432:776-785. https://doi.org/10.1016/j.foreco.2018.10.001

Schulze K, Malek Z, Verburg PH (2020) The impact of accounting for future wood production in global
vertebrate biodiversity assessments. Environ Manage 66(3):460—475. https://doi.org/10.1007/
$00267-020-01322-4

Seddon N, Smith A, Smith P, Key I, Chausson A, Girardin C, . . . Turner B (2021) Getting the message right
on nature-based solutions to climate change. Glob Chang Biol 27(8):1518-1546. https://doi.org/10.
1111/gcb.15513

Shortall OK (2013) “Marginal land” for energy crops: exploring definitions and embedded assumptions.
Energy Policy 62:19-27. https://doi.org/10.1016/j.enpol.2013.07.048

Silva LN, Freer-Smith P, Madsen P (2018) Production, restoration, mitigation: a new generation of planta-
tions. New Forest 50(2):153-168. https://doi.org/10.1007/s11056-018-9644-6

Skowronek S, Asner GP, Feilhauer H (2017) Performance of one-class classifiers for invasive species map-
ping using airborne imaging spectroscopy. Eco Inform 37:66-76. https://doi.org/10.1016/j.ecoinf.
2016.11.005

Sloat LL, Davis SJ, Gerber JS, Moore FC, Ray DK, West PC, Mueller ND (2020) Climate adaptation by
crop migration. Nat Commun 11(1):1243. https://doi.org/10.1038/s41467-020-15076-4

Stenzel F, Gerten D, Werner C, Jagermeyr J (2019) Freshwater requirements of large-scale bioenergy plan-
tations for limiting global warming to 1.5 °C. Environ Res Lett 14(8). https://doi.org/10.1088/1748-
9326/ab2b4b

Stolarski MJ, Krzyzaniak M, Szczukowski S, Tworkowski J, Bieniek A (2014) Short rotation woody crops
grown on marginal soil for biomass energy. Pol J Environ Stud 23(5):1727-1739

Stoorvogel JJ, Bakkenes M, Temme AJAM, Batjes NH, Brink BJE (2016) S-World: a global soil map for
environmental modelling. Land Degrad Dev 28(1):22-33. https://doi.org/10.1002/1dr.2656

Strefler J, Bauer N, Humpendder F, Klein D, Popp A, Kriegler E (2021) Carbon dioxide removal technolo-
gies are not born equal. Environ Res Lett 16(7). https://doi.org/10.1088/1748-9326/acOal 1

Sullivan MJP, Talbot J, Lewis SL, Phillips OL, Qie L, Begne SK, Chave J, Cuni-Sanchez A, Hubau W,
Lopez-Gonzalez G, Miles L, Monteagudo-Mendoza A, Sonké B, Sunderland T, ter Steege H., White
LIJT, Affum-Baffoe K, Aiba S, de Almeida EC, ... Zemagho L (2017) Diversity and carbon storage
across the tropical forest biome. Sci Rep 7(1):39102. https://doi.org/10.1038/srep39102

Swanson HA, Svenning J-C, Saxena A, Muscarella R, Franklin J, Garbelotto M, . . . Tsing AL (2021) His-
tory as grounds for interdisciplinarity: promoting sustainable woodlands via an integrative ecological
and socio-cultural perspective. One Earth 4(2):226-237. https://doi.org/10.1016/j.oneear.2021.01.006

Thuiller W, Georges D, Gueguen M, Engler R, Breiner F (2021) biomod2: ensemble platform for species
distribution modeling (Version 3.5.1). Retrieved from https://CRAN.R-project.org/package=biomod2

United States Geological Survey’s Center for Earth Resources Observation and Science [USGS EROS]
(1996) Global 30 Arc-Second Elevation (GTOPO30). Retrieved from https://lta.cr.usgs.gov/GTOPO30

@ Springer


https://doi.org/10.3375/043.041.0108
https://doi.org/10.1016/j.gloenvcha.2016.05.009
https://doi.org/10.1111/j.1757-1707.2010.01089.x
https://doi.org/10.1111/j.1757-1707.2010.01089.x
https://doi.org/10.1186/1471-2105-12-77
https://doi.org/10.1186/1471-2105-12-77
https://doi.org/10.1111/gcb.15873
https://doi.org/10.1126/science.aao0166
https://doi.org/10.1111/gcb.14848
https://doi.org/10.1016/j.foreco.2018.10.001
https://doi.org/10.1007/s00267-020-01322-4
https://doi.org/10.1007/s00267-020-01322-4
https://doi.org/10.1111/gcb.15513
https://doi.org/10.1111/gcb.15513
https://doi.org/10.1016/j.enpol.2013.07.048
https://doi.org/10.1007/s11056-018-9644-6
https://doi.org/10.1016/j.ecoinf.2016.11.005
https://doi.org/10.1016/j.ecoinf.2016.11.005
https://doi.org/10.1038/s41467-020-15076-4
https://doi.org/10.1088/1748-9326/ab2b4b
https://doi.org/10.1088/1748-9326/ab2b4b
https://doi.org/10.1002/ldr.2656
https://doi.org/10.1088/1748-9326/ac0a11
https://doi.org/10.1038/srep39102
https://doi.org/10.1016/j.oneear.2021.01.006
https://CRAN.R-project.org/package=biomod2
https://lta.cr.usgs.gov/GTOPO30

28 Page 22 of 22 Mitig Adapt Strateg Glob Change (2023) 28:28

van Vuuren DP, Edmonds J, Kainuma M, Riahi K, Thomson A, Hibbard K, . . . Rose SK (2011) The repre-
sentative concentration pathways: an overview. Clim Change 109(1-2): 5-31. https://doi.org/10.1007/
$10584-011-0148-z

Vanbeveren SPP, Spinelli R, Eisenbies M, Schweier J, Mola-Yudego B, Magagnotti N, . . . Ceulemans R
(2017) Mechanised harvesting of short-rotation coppices. Renew Sustain Energy Rev 76:90-104.
https://doi.org/10.1016/j.rser.2017.02.059

Veldman JW, Overbeck GE, Negreiros D, Mahy G, Le Stradic S, Fernandes GW, . . . Bond WJ (2015)
Where tree planting and forest expansion are bad for biodiversity and ecosystem services. BioScience
65(10) 1011-1018. https://doi.org/10.1093/biosci/biv118

Venables WN, Ripley BD (2002) Modern Applied Statistics with S, 4th edn. Springer, New York

Verburg PH, Ellis EC, Letourneau A (2011) A global assessment of market accessibility and market influ-
ence for global environmental change studies. Environ Res Lett 6(3). https://doi.org/10.1088/1748-
9326/6/3/034019

Waring B, Neumann M, Prentice IC, Adams M, Smith P, Siegert M (2020) Forests and decarbonization — roles of
natural and planted forests. Front Forests Glob Change 3. https://doi.org/10.3389/ffgc.2020.00058

Zhao M, Heinsch FA, Nemani RR, Running SW (2005) Improvements of the MODIS terrestrial gross and
net primary production global data set. Remote Sens Environ 95(2):164—176. https://doi.org/10.
1016/j.rse.2004.12.011

Zitzmann F, Reich M, Schaarschmidt F (2021) Potential of small-scale and structurally diverse short-
rotation coppice as habitat for large and medium-sized mammals. Biologia. https://doi.org/10.1007/
s11756-021-00686-0

Zomer RJ, Trabucco A, Bossio DA, Verchot LV (2008) Climate change mitigation: a spatial analysis of
global land suitability for clean development mechanism afforestation and reforestation. Agr Ecosyst
Environ 126(1-2):67-80. https://doi.org/10.1016/j.agee.2008.01.014

Publisher’s Note Springer Nature remains neutral with regard to jurisdictional claims in published maps and
institutional affiliations.

Authors and Affiliations

Katharina Schulze'® - Ziga Malek’ - Dmitry Schepaschenko? - Myroslava Lesiv? -
Steffen Fritz2 - Peter H. Verburg'?

D4 Katharina Schulze
k.schulze.env@gmail.com

2iga Malek
z.malek@vu.nl

Dmitry Schepaschenko
schepd @iiasa.ac.at

Myroslava Lesiv
lesiv@iiasa.ac.at

Steffen Fritz
fritz@iiasa.ac.at

Peter H. Verburg

peter.verburg @vu.nl

Environmental Geography Department, Institute for Environmental Studies, Vrije Universiteit
Amsterdam, De Boelelaan 1111, 1081HV Amsterdam, The Netherlands

International Institute for Applied Systems Analysis (ITASA), ESM, Schlossplatz 1,
2361 Laxenburg, Austria

Snow and Landscape Research (WSL), Swiss Federal Institute for Forest, Ziircherstrasse 111,
8903 Birmensdorf, Switzerland

@ Springer


https://doi.org/10.1007/s10584-011-0148-z
https://doi.org/10.1007/s10584-011-0148-z
https://doi.org/10.1016/j.rser.2017.02.059
https://doi.org/10.1093/biosci/biv118
https://doi.org/10.1088/1748-9326/6/3/034019
https://doi.org/10.1088/1748-9326/6/3/034019
https://doi.org/10.3389/ffgc.2020.00058
https://doi.org/10.1016/j.rse.2004.12.011
https://doi.org/10.1016/j.rse.2004.12.011
https://doi.org/10.1007/s11756-021-00686-0
https://doi.org/10.1007/s11756-021-00686-0
https://doi.org/10.1016/j.agee.2008.01.014
http://orcid.org/0000-0002-2070-5046

	Pantropical distribution of short-rotation woody plantations: spatial probabilities under current and future climate
	Abstract
	1 Introduction
	1.1 Study area

	2 Methodology
	2.1 Observation data
	2.2 Absence data
	2.3 Predictor variables
	2.4 Future projections
	2.5 Statistical analysis

	3 Results
	3.1 Location probability for current conditions
	3.2 Future patterns
	3.3 Comparison between methods

	4 Discussion
	Anchor 16
	Acknowledgements 
	References


