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Text S1: Landscape classification

The global map with landscape classes is based on the water table depth data of Fan et al. (2017). On this datasets two

filters were applied; a mean (µ) and a standard deviation (σ) kernel with a window size of 5 grid cells. These two maps were

combined with the decision tree as shown in Figure S7. Wetlands (and open water) are classified according to the threshold

chosen by Fan et al. (2013). The other classes are separated based on the local standard deviation with the following rational.5

(1) Water table depth mirrors altitude, especially in hilly and mountainous areas. (2) The standard deviation is a measure of

the slope of the terrain. (3) Even in the Himalayas, every window of 5 by 5 grid cells contains a cell with surface water;

with the rule that the maximum range should be 6 times the standard deviation, the highest class (High mountainous) should

cover both surface water and a mountain of at least a 900 meters high. It is a relatively rough classification but it is visually

acceptable when compared to global maps of wetlands and digital elevation models. Changing the thresholds in the decision10

tree did not substantially change the main conclusions of the paper. The final map with landscape classes is shown in Figure S6.

1



References

Beck, H., Zimmermann, N., McVicar, T. R., Vergopolan, N., Berg, A., and Wood, E. F.: Present and future Köppen-Geiger climate classifica-

tion maps at 1-km resolution, Scientific Data, 5, 1–12, https://doi.org/10.1038/sdata.2018.214, http://dx.doi.org/10.1038/sdata.2018.214,15

2018.

Fan, Y., Li, H., and Miguez-Macho, G.: Global Patterns of Groundwater Table Depth, Science, 339, 940–943,

https://doi.org/10.1126/science.1229881, http://www.sciencemag.org/cgi/doi/10.1126/science.1229881, 2013.

Fan, Y., Miguez-Macho, G., Jobbágy, E. G., Jackson, R. B., and Otero-Casal, C.: Hydrologic regulation of plant rooting depth, Proceedings of

the National Academy of Sciences, 114, 10 572—-10 577, https://doi.org/10.1073/pnas.1712381114, https://www.pnas.org/content/114/20

40/10572, 2017.

Fick, S. E. and Hijmans, R. J.: WorldClim 2: new 1-km spatial resolution climate surfaces for global land areas, International Journal of

Climatology, 37, 4302–4315, https://doi.org/10.1002/joc.5086, http://doi.wiley.com/10.1002/joc.5086, 2017.

Myneni, R., Knyazikhin, Y., and Park, T.: MCD15A3H MODIS/Terra+Aqua Leaf Area Index/FPAR 4-day L4 Global 500m SIN Grid V006

[Data set], https://doi.org/10.5067/MODIS/MCD15A2H.006, 2015.25

Simard, M., Pinto, N., Fisher, J. B., and Baccini, A.: Mapping forest canopy height globally with spaceborne lidar, Journal of Geophysical

Research, 116, 4021, https://doi.org/10.1029/2011JG001708, https://agupubs.onlinelibrary.wiley.com/doi/full/10.1029/2011JG001708,

2011.

2

https://doi.org/10.1038/sdata.2018.214
http://dx.doi.org/10.1038/sdata.2018.214
https://doi.org/10.1126/science.1229881
http://www.sciencemag.org/cgi/doi/10.1126/science.1229881
https://doi.org/10.1073/pnas.1712381114
https://www.pnas.org/content/114/40/10572
https://www.pnas.org/content/114/40/10572
https://www.pnas.org/content/114/40/10572
https://doi.org/10.1002/joc.5086
http://doi.wiley.com/10.1002/joc.5086
https://doi.org/10.5067/MODIS/MCD15A2H.006
https://doi.org/10.1029/2011JG001708
https://agupubs.onlinelibrary.wiley.com/doi/full/10.1029/2011JG001708


Fi
gu

re
S1

.G
lo

ba
ld

is
tr

ib
ut

io
n

of
th

e
fr

ac
tio

n
of

ab
so

rb
ed

ph
ot

os
yn

th
et

ic
al

ly
ac

tiv
e

ra
di

at
io

n
(f

A
PA

R
)M

yn
en

ie
ta

l.
(2

01
5)

3



Fi
gu

re
S2

.G
lo

ba
ld

is
tr

ib
ut

io
n

of
tr

ee
he

ig
ht

Si
m

ar
d

et
al

.(
20

11
)

4



Fi
gu

re
S3

.G
lo

ba
ld

is
tr

ib
ut

io
n

of
w

at
er

ta
bl

e
de

pt
h

Fa
n

et
al

.(
20

17
)

5



Fi
gu

re
S4

.G
lo

ba
ld

is
tr

ib
ut

io
n

of
pr

ec
ip

ita
tio

n
Fi

ck
an

d
H

ijm
an

s
(2

01
7)

6



Fi
gu

re
S5

.G
lo

ba
ld

is
tr

ib
ut

io
n

of
K

öp
pe

n-
G

ei
ge

rc
lim

at
e

cl
as

se
s

B
ec

k
et

al
.(

20
18

)

7



Fi
gu

re
S6

.G
lo

ba
ld

is
tr

ib
ut

io
n

of
la

nd
sc

ap
e

cl
as

se
s

(s
ee

Te
xt

S1
an

d
Fi

gu
re

S7
)f

or
de

ta
ile

d
ex

pl
an

at
io

n.

8



Figure S7. Decision tree used to create global landscape classes as depicted in Figure S6. The building blocks µ and σ are two datasets

created by applying a sliding windows on the dataset of water table depth depicted in Figure S3. µ corresponds with a mean kernel, σ with a

standard deviation kernel.
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Figure S13. These maps depict the Mississippi river valley on the left and the southern part of the American East Coast on the right. For the

interpretation of these figures see the main text.
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Figure S14. These maps depict South-Eastern Europe with the Alps. For the interpretation of these figures see the main text.
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Figure S15. These maps depict the Congo river basin. For the interpretation of these figures see the main text.

17



Figure S16. These maps depict Eastern Australia. For the interpretation of these figures see the main text.
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Figure S17. Subset of the data at their original resolution of 30 arc-seconds. The map depicts a part of the State of Amazonas in the west of

Brazil. It displays a part of Figure 4 of the main paper of section 3.2, where the patterns displayed here are discussed.
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Figure S18. Subset of the data at their original resolution of 30 arc-seconds. The map depict a part of India, a subset of the maps displayed

in Figure 5 of the main paper. In section 3.2 the patterns displayed here are discussed.
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Figure S19. Mean fAPAR in different climate and landscape positions. White signifies that the combination of landscape and climate did

not appear in the data.

Figure S20. Mean fAPAR in different climate and landscape positions. White signifies that the combination of landscape and climate did

not appear in the data.
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Figure S21. Prevalent class in different climate and landscape positions. For an explanation of the different classes see Figure 1 of the main

text. White signifies that the combination of landscape and climate did not appear in the data or two classes are present in equal amounts.
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