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Tree size and climatic water deficit
control root to shoot ratio in
individual trees globally

Plants acquire carbon from the atmosphere and allocate it among
different organs in response to environmental and developmental
constraints (Hodge, 2004; Poorter ezal, 2012). One classic
example of differential allocation is the relative investment into
aboveground vs belowground organs, captured by the root : shoot
ratio (R:S; Cairns etal, 1997). Optimal partitioning theory
suggests that plants allocate more resources to the organ that
acquires the most limiting resource (Reynolds & Thornley, 1982;
Johnson & Thornley, 1987). Accordingly, plants would allocate
more carbon to roots if the limiting resources are belowground, that
is water and nutrients, and would allocate more carbon above-
ground when the limiting resource is light or CO,. This theory has
been supported by recent research showing that the R: S of an
individual plant is modulated by environmental factors (Poorter
etal., 2012; Fatichi eral, 2014). However, understanding the
mechanisms underpinning plant allocation and its response to
environmental factors is an active field of research (Delpierre ez al.,
2016; Paul ez al., 2016), and it is likely that plant size and species
composition have an effect on R : S. Accounting for these sources of
variation is an important challenge for modelling (Franklin ez 4/,
2012).

The hypothesis that aridity controls R:S is supported by
experiments on tree seedlings, which report higher R : § values in
response to simulated drought treatments (Lambers ez al., 2008;
Poorter eral., 2012). This hypothesis is also consistent with the
observation that trees in arid environments tend to allocate
proportionally more biomass to roots, which may improve access to
soil water (Nepstad ez al., 1994) and act as a protected reservoir of
stored carbohydrates to facilitate rapid regrowth following distur-
bances such as fire that are common in arid regions (Ryan ezal.,
2011). However, previous meta-analyses have led to contradictory
results regarding the causes of stand-level variation in R : . Mokany
etal. (2006) found precipitation was the main control on R:S§
values; by contrast, Reich ez al. (2014) suggested that temperature
was the main driver, with R:S§ largely unrelated to aridity. Yet,
previous studies used either data from soil cores (Reich ez a/.,2014),
or a limited amount of data on root biomass from individually
excavated trees (Cairns et al., 1997; Mokany et al., 2006), making it
impossible to explore individual patterns of R:S variation in
response to tree size and environmental conditions.

Using the largest global dataset of its kind, here we provide the
first analysis of global patterns of variation in individual-tree R : S.
We hypothesized that individual R: S varies with environmental
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conditions, namely climate and management type, and is also
determined by intrinsic factors, namely tree size and species. We
also aimed to rank the relative contribution of these factors to R : §
variation. The global dataset of individual R : Svalues was compiled
from whole-tree harvesting studies (Supporting Information Notes
S1 and Fig. S1), the BAAD among them (Falster ez al., 2015)
[correction added after online publication 23 October 2017: the
reference Falster ez 2/ (2015) has been inserted here and in the
References section]. The dataset encompasses 409 sites and a total
0f 3416 trees of 212 species with oven dry weight measurements of
both aboveground and belowground biomass, from which we
computed the R:S (Fig.1). The destructively-sampled trees
included in the database had diameter-at-breast height (DBH)
values ranging from 0.6 to 128 cm (more details in Fig. S1). We
fitted linear regression models, using the natural logarithm of R : S,
log.(R:S), as the response variable to reduce heteroscedasticity.
The explanatory variables that we analysed were tree size, tree
species, wood specific gravity, phenology (evergreen, deciduous),
and clade (gymnosperm, dicotangiosperm or monocot angiosperm,
i.e. palm). Additional factors in the models were bioclimatic region
(tropical dry, tropical wet, non-tropical), temperature, precipita-
tion, whether the tree was growing in a natural forest or plantation,
and climatic water deficit (MWD, for mean water deficit, in
mmyr '), which is the deficit between monthly rainfall and
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Fig. 1 Plot of individual root : shoot (R : S) ratios against tree diameter-at-
breast height (DBH, in centimetres), including trees with DBHup to 1 m, fora
better display. Each grey point corresponds to an individual value. The dark
green line is the mean value of R : S at that particular DBH, and the green
shading illustrates + SE.
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potential evapotranspiration (Aragao eral, 2007). Additional
details about the explanatory variables and methods are in Methods
S1. We carried out a stepwise regression analysis, retaining the
variables significant at 95%, and selected the best model based on
Akaike information criterion (AIC) values. The conditional and
marginal variances, R*Giav values, for the final model and
variances for each component were calculated using the method
proposed by Nakagawa & Schielzeth (2013). All statistical analyses
were conducted in R (code reproduced in Notes S2).

The following model, with species as a random effect, explained
62% of the variance of the data (R2G1avic values):

log (R :S)
—1.2312 — 0.0215 DBH + 0.0002 DBH? — 0.0007
- MWD — 0.1631 plantation + |Species|

where DBH is in centimetres, MWD is in millimetres, plantation is
a binary 1/0 dummy variable and Species is a species specific
random term.

The mostimportant factor explaining global tree R : Svalues was
tree size: DBH and DBH? jointly accounted for 33% of the
variance. Mean R : S values decreased with tree size for trees with
DBH up to 1 m. For instance, saplings <2 cm DBH had a mean
R :Sof0.43, while trees with DBH 25-30 cm had a value of 0.28.
For trees with DBH larger than 1 m, R: S did not vary much (but
the sample size for these was small, only 42 trees). Saplings and
small trees presumably invest more biomass belowground to take
up nutrients and water for fast growth and survival (Poorter ez al.,
2012). The decline in R : S with increasing DBH is also consistent

with the fact that as trees age, and DBH increases, nonconductive
xylem accumulates disproportionately in aboveground tree parts.
MWD accounted for 17% of the variance, and R : S declined with
decreasing MWD (Fig. 2). This suggests that plants experiencing
water shortage allocate more biomass belowground, in agreement
with Mokany etal. (2006) and observations from experiments
(Hodge, 2004; Lambers ez al., 2008; Poorter et al., 2012), but not
with Reich ez al. (2014). When MWD was included in the model,
both precipitation and temperature became nonsignificant. MWD
also explained more variance than precipitation or temperature
when these variables were fitted separately in single-factor models
(Methods S1). Importantly, the relationship between R:S and
both DBH and MWD was nonlinear, as has been observed
previously (Mugasha ez al., 2013).

Many of the tested effects were not statistically significant,
presumably because in some instances large variances precluded
detection of true differences, and in others because of the absence
of an effect. Our analysis does suggest that, after accounting for
MWD, variation in R : § did not differ across bioclimatic regions.
We detected no correlation or significant interaction between tree
size and MWD, which suggests that the effects of these two
variables are independent (Methods S1). This is an interesting
contrast with the findings of Bennett efal (2015), who
determined that larger trees are more vulnerable to drought than
smaller trees: the influence of chronic water deficit (as expressed by
MWD) on R : Sapparently does not translate to ability to respond
to episodic drought. Species identity accounted for only 11% of
the variance in R: S, and contrary to previous studies (Mokany
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Fig. 2 Plot of log. of individual root : shoot 3 =3
ratio (R : S) against the mean water deficit
(MWD), where each point corresponds to an
individual value. The green line is the linear
trend and the green shading illustrates + SE.
Please note this is not the actual fitted curve. —4 3
Inset right: plot of log.(R : S) against MWD,
where the red points and line correspond to o
natural forest and the blue ones to plantations.
Inset left: plot of loge(R : S) against MWD,
=5
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diameter classes (diameter-at-breast height
(DBH) in centimetres) (see colour codes in the
graph).
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etal., 2006; Reich et al., 2014), groupings of species by phenology
or clade did not explain any additional variation in R : S (Fig. S2),
except that monocotyledons (palms) invest comparatively less
biomass in roots. Species can have widely different root architec-
tures (Lynch, 1995), therefore differences in R:S values across
species are not surprising. After accounting for species, wood
specific gravity was not a significant predictor of R : S. Finally, trees
in plantations had lower R:S than trees in natural forests
(Fig. S2b), although this effect explained only 2% of the variance
in R:S. Plantations are sometimes fertilized, which may result in
lower biomass allocation in belowground tissues in response to the
greater nutrient availability. Moreover, species in plantations are
typically fast-growing and selected for their capacity to produce
aboveground biomass quickly. Finally, plantation trees may be
more sheltered and the structural support of the roots is less
necessary. The remaining 38% of variance that was unexplained
may be due in part to soil fertility, which is known to influence
R :S (Reynolds & D’Antonio, 1996; Poorter et al., 2012). Other
possible sources of variance, not considered due to a lack of data
here, include differences in micro-topography, soil properties,
particular individual conditions like resprouting, and community
structure. Further, differences in methodology for collecting root
data (see Fig. S1(2.3)) among studies may account for some of the
variance.

The main novel finding of this study is that globally, variation in
individual tree R: S is largely dominated by two effects: tree size
and MWD, which largely support our hypothesis. The increase in
R:S in response to increasing climatic water deficit occurs
independently of the size dependence in R:S, which supports
the hypothesis that moisture availability drives global variation in
R:S. With greater aridity, trees invest comparatively more
resources to acquire soil water as it becomes a more limiting
resource for growth and survival, and to provide a belowground
reservoir of stored carbon for rapid regrowth following distur-
bance. Plasticity in R:S has major implications for our under-
standing of the contribution of vegetation to the global carbon
cycle and responses to climatic change. Some parts of the globe are
predicted to experience drying trends, including longer dry seasons,
and an increase in the frequency of extreme events and distur-
bances, while other regions may become wetter or less seasonal
(Moss et al., 2010; Intergovernmental Panel on Climate Change
(IPCC), 2014). Our new results suggest that any change in water
deficit, or in the relative abundance of smaller trees, may result in
shifts in biomass allocation, with far-reaching consequences for the

global carbon budget.

Acknowledgements

The authors thank the many collaborators involved in data
collection, in particular Grahame Applegate, John Larmour,
Anthony O’Grady, Peter Ritson, and Tivi Theiveyanthan. The
authors acknowledge the bodies that funded part of the data
acquisition, including Australia’s Department of the Environment
and Energy, Alterra Ltd, Fares Rural Pty Ltd. This study was
supported by the FP7-PEOPLE-2013-IEF Marie-Curie Action —
SPATFOREST and the NERC project (NE/N017854/1). The

New Phytologist (2018) 217: 8-11
www.newphytologist.com

New
Phytologist

authors acknowledge Investissement d’Avenir grants of the Agence
Nationale de la Recherche (CEBA: ANR-10-LABX-25-01, TULIP:
ANR-10-LABX-0041; ANAEE-France: ANR-11-INBS-0001).

Author contributions

A.L.andJ. Chave initiated the study; A.L. analysed the data and J.
Chave compiled the dataset; A.L., J. Chave, K.I.P. and D.F.R.P.B.
designed the study and wrote the manuscrip; A.L., K.I.P.,
D.F.RP.B, J.J.E, C.B., M.B., K.B., J. Chave, T.H.E., ].RE.,
AF., ]J., MM.,, KD.M., GM., W.AM., EP,, S.R., CM.R,
R.R-P., S.S., AS., D.W., C.W., A.Z. and J. Carter contributed
ideas, provided written input, and/or data.

Alicia Ledo'*, Keryn L. Paul?, David F. R. P. Burslem?,
John]J. Ewel®, Craig Barton4, Michael Battagliaz,

Kim Brooksbanlk’, Jennifer Cartch, Tron Haakon Eid’,
Jacqueline R. England®, Anthony Fitzgerald®,

. ,10 .. . 11,12
Justin ]onson9 , Maurizio Mencuccini ,

Kelvin D. Montaguls, Gregorio Montero 1>,
Wilson Ancelm Mugasha16, Elizabeth Pinkard?,

Stephen Roxburgh?, Casey M. Ryan'’,

Ricardo Ruiz-Peinado'%'>, Stan Sochacki'®,

Alison Specht'®?, Daniel Wildy*', Christian Wirth?>2324,

Ayalsew Zerihun®® and Jérome Chave®®

'School of Biological Sciences, University of Aberdeen, Aberdeen,
AB24 3UU, UK;

*CSIRO Agriculture and CSIRO Land and Water,

GPO Box 1700, Canberra, ACT 2601, Australia;

3University of Florida, Gainesville, FL 32615, USA;
*Hawkesbury Institute for the Environment, Western Sydney
University, Penrith, NSW 2753, Australia;

’Department of Agriculture and Food, Government of Western
Australia, South Perth, WA 6151, Australia;

®CSIRO, Private Bag 5, Wembley, WA 6913, Australia [correction
added after online publication 23 October 2017; author affiliation
details have been corrected];

"Department of Ecology and Natural Resource Management,
Norwegian University of Life Science, PO Box 5003,

As 1432, Norway;

8Alterra Ltd, Suite 1, 25 Walters Drive, Osborne Park,

WA 6017, Australia;

“Threshold Environmental Pty Ltd, PO Box 1124, Albany,

WA 6331, Australia;

10Centre of Excellence in Natural Resource Management,

The University of Western Australia, UWA Science Building,
Level 3, 33-35 Stirling Terrace, Albany, WA 6330, Australia;
""CREAF, Campus de Bellaterra (UAB) Edifici C, 08193
Cerdanyola del Valles, Spain;

12ICREA, Passeig Lluis Companys 23, Barcelona 08010, Spain;
3Colo Consulting, 11 Killara Crescent, Winmalee, NSW

2777, Australia;

“Department of Silviculture and Forest Systems Management,
INIA-CIFOR Forest Research Centre, Ctra. de la Coruna km. 7,5,
28040 Madrid, Spain;

© 2017 The Authors
New Phytologist © 2017 New Phytologist Trust



New
Phytologist

iuFOR, Sustainable Forest Management Research Institute
UVa-INIA, Av. de Madrid, 503, Palencia 34004, Spain;
1GDepartment of Forest Resources Assessment and Management,
Sokoine University of Agriculture, Box 3000, Chuo Kikuu,
Morogoro, Tanzania;

'7School of GeoSciences, University of Edinburgh, Crew Building,
King’s Buildings, Alexander Crum Brown Road, Edinburgh,
EH9 3FF, UK;

18School of Environmental Science, Murdoch University,

90 South St, Murdoch, WA 6150, Australia;

?School of Geography Planning and Environmental Manage-
ment, University of Queensland, St Lucia, Qld 4072, Australia;
29CESAB, Fondation pour la Recherche sur la Biodiversite,
Immeuble Henri Poincare, 2eme etage Domaine du Petit Arbois,
Avenue Louis Philibert, 13100 Aix-en-Provence, France;

*'Fares Rural Pty Ltd, PO Box 526, Wembley,

WA 6913, Australia;

*’Department of Systematic Botany and Functional Biodiversity,
Institute of Biology, Leipzig University, Johannisallee 21-23,
Leipzig 04103, Germany;

23German Centre for Integrative Biodiversity Research (iDiv)
Halle-Jena-Leipzig, Deutscher Platz 5E, Leipzig 04103, Germany;
2*Max-Planck-Institute for Biogeochemistry, Hans-Knoll-Str. 10,
Jena 07743, Germany;

*Centre for Crop and Disease Management, Department of
Environment and Agriculture, Curtin University,

GPO Box U1987, Perth, WA 6845, Australia;

*Laboratoire Evolution et Diversite Biologique UMR 5174,
CNRS, Universite Paul Sabatier, 118 route de Narbonne,
Toulouse 31062, France

(*Author for correspondence: tel +44 01224 274257;

email alicialedo@gmail.com)

References

Aragao LE, Malhi Y, Roman-Cuesta RM, Saatchi S, Anderson LO, Shimabukuro
YE. 2007. Spatial patterns and fire response of recent Amazonian droughts.
Geophysical Research Letrers 34: L07701.

Bennett AC, McDowell NG, Allen CD, Anderson-Teixeira KJ. 2015. Larger trees
suffer most during drought in forests worldwide. Nature Plants 1: 15139.

Cairns MA, Brown S, Helmer EH, Baumgardner GA. 1997. Root biomass
allocation in the world’s upland forests. Oecologia 111: 1-11.

Delpierre N, Vitasse Y, Chuine I, Guillemot J, Bazot S, Rathgeber CB. 2016.
Temperate and boreal forest tree phenology: from organ-scale processes to
terrestrial ecosystem models. Annals of Forest Science 73: 5-25.

Fatichi S, Leuzinger S, Korner C. 2014. Moving beyond photosynthesis: from
carbon source to sink-driven vegetation modeling. New Phytologist 201:
1086-1095.

Falster DS, Duursma RA, Baltzer JL, Baraloto C, Battaglia M, Battles JJ, Bond-
Lamberty B, van Breugel M, Camac J, Claveau Y, Coll L ez 2l. 2015. BAAD: a
Biomass And Allometry Database for woody plants. Ecology 96: 1445.

Franklin O, Johansson J, Dewar RC, Dieckmann U, McMurtrie RE, Brannstrom
A, Dybzinski R. 2012. Modeling carbon allocation in trees: a search for principles.
Tree Physiology 32: 648—666.

Hodge A. 2004. The plastic plant: root responses to heterogeneous supplies of
nutrients. New Phytologist 162: 9-24.

Intergovernmental Panel on Climate Change (IPCC). 2014. RKP Core Writing
Team, and LAM, eds. Climate Change 2014: Synthesis report. Contribution of
Working Groups I, 11 and 111 to the Fifth Assessment Report of the Intergovernmental
Panel on Climate Change. Geneva, Switzerland: IPCC.

© 2017 The Authors
New Phytologist © 2017 New Phytologist Trust

Johnson I, Thornley J. 1987. A model of shoot: root partitioning with optimal
growth. Annals of Botany 60: 133-142.

Lambers H, Chapin III FS, Pons TL. 2008. Plant physiological ecology. New York,
NY, USA: Springer-Verlag.

Lynch]. 1995. Rootarchitecture and plant productivity. Plant Physiology109: 7—13.

Mokany K, Raison R, Prokushkin AS. 2006. Critical analysis of root : shoot ratios in
terrestrial biomes. Global Change Biology 12: 84-96.

Moss RH, Edmonds JA, Hibbard KA, Manning MR, Rose SK, Van Vuuren DP,
Carter TR, Emori S, Kainuma M, Kram T ez al. 2010. The next generation of
scenarios for climate change research and assessment. Nature 463: 747-756.

Mugasha WA, Eid T, Bollandsas OM, Malimbwi RE, Chamshama SA, Zahabu E,
Katani JZ. 2013. Allometric models for prediction of above-and belowground
biomass of trees in the miombo woodlands of Tanzania. Forest Ecology and
Management310: 87—101.

Nakagawa S, Schielzeth H. 2013. A general and simple method for obtaining R?
from generalized linear mixed-effects models. Methods in Ecology and Evolution 4:
133-142.

Nepstad DC, de Carvalho CR, Davidson EA, Jipp PH, Lefebvre PA, Negreiros
GH, da Silva ED, Stone TA, Trumbore SE, Vieira S. 1994. The role of deep roots
in the hydrological and carbon cycles of Amazonian forests and pastures. Nature
372: 666-669.

Paul K, Roxburgh SH, Chave J, England JE, Zerihun A, Specht A, Lewis T,
Bennett LT, Baker TG, Adams MA ez al. 2016. Testing the generality of below-
ground biomass allometry across plant functional types at the continent scale.
Global Change Biology 22: 2106-2124.

Poorter H, Niklas KJ, Reich PB, Oleksyn J, Poot P, Mommer L. 2012. Biomass
allocation to leaves, stems and roots: meta-analyses of interspecific variation and
environmental control. New Phytologist 193: 30-50.

Reich PB, Luo Y, Bradford JB, Poorter H, Perry CH, Oleksyn J. 2014. Temperature
drives global patterns in forest biomass distribution in leaves, stems, and roots.
Proceedings of the National Academy of Sciences, USA 111: 13721-13726.

Reynolds HL, D’Antonio C. 1996. The ecological significance of plasticity in root
weight ratio in response to nitrogen : opinion. Plant and Soil 185: 75-97.

Reynolds J, Thornley J. 1982. A shoot : root partitioning model. Annals of Botany
49: 585-597.

Ryan CM, Williams M, Grace J. 2011. Above-and belowground carbon stocks in a
miombo woodland landscape of Mozambique. Biotropica 43: 423—432.

Supporting Information
Additional Supporting Information may be found online in the
Supporting Information tab for this article:

Fig. S1 World map with data plots and details on the dataset.
Fig. S2 Boxplot of R : S values for inter-group comparisons.

Methods S1 Extended description of methods, fitted models and
model diagnosis

Notes S1 Dataset used in the study: tree-by-tree root:shoot
dataset; also available in the Figshare achieve doi: 10.6084/m9.f
igshare.5144164.

Notes S2 R code used in the analyses.

Please note: Wiley Blackwell are not responsible for the content or
functionality of any Supporting Information supplied by the
authors. Any queries (other than missing material) should be
directed to the New Phytologist Central Office.

Key words: aboveground biomass, aridity hypothesis, belowground biomass,
carbon allocation, forest, plant biomass, trees.

New Phytologist (2018) 217: 8-11
www.newphytologist.com


https://doi.org/10.6084/m9.figshare.5144164
https://doi.org/10.6084/m9.figshare.5144164

New Phytologist Supporting Information

Article title: Tree size and climatic water deficit control root to shoot ratio in individual trees globally

Authors: Alicia Ledo, Keryn I. Paul, David F.R.P. Burslem, John J Ewel, Craig Barton, Michael
Battaglia, Kim Brooksbank, Jennifer Carter, Tron Haakon Eid, Jacqueline R. England, Anthony
Fitzgerald, Justin Jonson, Maurizio Mencuccini, Kelvin D. Montagu, Gregorio Montero, Wilson
Ancelm Mugasha, Elizabeth Pinkard, Stephen Roxburgh, Casey M. Ryan, Ricardo Ruiz-Peinado, Stan
Sochacki, Alison Specht, Daniel Wildy, Christian Wirth, Ayalsew Zerihun, Jéréme Chave

Article acceptance date: 26 September 2017

The following Supporting Information is available for this article:

Figure S1 World map with data plots and details on the dataset.

Figure S2 Boxplot of R : S values for inter-group comparisons.

Methods S1 Extended description of methods, fitted models and model diagnosis.

Notes S1 Dataset used in the study: tree-by-tree root : shoot dataset; also available in the figshare achieve doi:
10.6084/m9.figshare. 5144164.

Notes S2 R code used in the analyses.



Figure S1: World map with sampling locations and details of the dataset
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FS1.2: Details of the dataset
FS1.2.1. Database compilation

We compiled data on harvested trees that included the biomass of excavated roots from 409 sites
distributed in forested biomes across much of the globe (Figure S1.1 above). For each individual tree,
oven dry weight of both above ground biomass (AGB, or shoot, S) and below ground biomass (BGB,
or roots, R) was directly assessed by destructive harvesting. The required data were available for
3,433 trees. Seventeen trees with R:S values greater than the mean for the entire dataset plus four
times the standard deviation were considered as outliers and excluded, which left 3,416 trees

available for analysis. The dataset is reproduced in Notes S1.

For each individual for which we had measurements of below ground biomass (BGB), we also
compiled data on (i) above ground biomass (AGB), (ii) tree height (H), (iii) diameter at breast height
(DBH), (iv) wood density (p), (v) species identity, (vi) biogeographical origin (defined as either
temperate-plus-boreal, tropical dry or tropical wet), (vii) management type (either plantation or
natural forest), phenology (evergreen, deciduous), clade (gymnosperm, dicot angiosperm or
monocot angiosperm, i.e. palm), and geographical coordinates and the associated climatic data of
this location (see below). For multi-stemmed individuals, a single, pooled DBH estimate was
obtained from the quadratic mean diameter (= diameter of stem of mean basal area) of all stems in
clump (Chojnacky and Milton 2008). When wood density was not present in the original database,

we used the values from the Global Wood Density Database (Chave et al. 2009, Zanne et al. 2010).

Average climate data for the period 1950-2000 were acquired from the WorldClim dataset
interpolated at a 2.5 arc min resolution (Hijmans et al. 2005). We selected the 19 available
bioclimatic variables, which includes 11 variables related to temperature and eight related to
precipitation, in both cases including annual values and those related to seasonality. Additionally, we
downloaded the climatic water deficit parameter at 2.5 arc sec resolution (Chave et al. 2014).
Climatic water deficit was computed by summing the difference between monthly rainfall from
the Worldclim database, and monthly potential evapotranspiration (ET), from the FAO database

at a 10 arc min resolution (http://www.fao.org/geonetwork/srv/en/main.home).

FS1.2.2. Characteristics of the dataset

After removing outliers, the dataset comprised 3,416 trees with DBH values ranging from 0.6 to 128
cm. The total number of species was 212, and 88% of the species had fewer than 20 individuals
(Notes S1). Of the total number of trees, 60% of were from temperate and boreal regions and 40%

from



the tropics; 30% from natural forests and 70% were planted. Of the trees with DBH >50 cm (n = 87)
57% of individuals were derived from temperate and boreal forests and the remainder from tropical
forests. Most of these large trees (90%) were from natural forests and the remaining 10% were
growing in plantations (Notes S1). The mean log(R:S) value of the dataset was -1.26058 (+0.6578964

2
sd), meaning that mean(R: §) = e~126058+%0578%%/, _ 4 3511 4 0.0669 sd.

FS1.2.3. Comments and caveats on the dataset

There were inevitable errors (mostly under-estimates) in the BGB dataset because the
process of excavating and removing roots is generally incomplete, particularly for relatively large
trees. In addition, data were derived from more than 400 studies (Notes S1), and there were
methodological differences among studies that we could not control, such as whether the stump
of the stem was included in the roots, methods for correcting measured fresh weights to dry
weights (i.e. sub-sampling and drying temperature), minimum size of fine roots considered,
and the depth or extent of excavation. There may be additional factors governing carbon
allocation in plants that were not tested in this study due to a lack of data. These include soil

nutrient availability, stand conditions such as mean stand DBH, and inter-tree competition.
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FIGURE S2: Boxplot of Root:Shoot (R:S) values for inter-group comparisons. The black lines of the middle of the boxes are
the median values for each group, the boxes are the upper and lower 25 and 75 quantiles respectively, and the whiskers
represent the extremes of the data, considered to be 1.5 times the interquartile range.

Figure S2a: including all the measured trees. Figure S2b: including only trees with DBH from 10 to 50 cm and excluding
plantations in panels a, b, c to account for differences in tree size and
management differences.
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Methods S1: Extended description of methods, fitted models and model

diagnosis

Contains:
MS.1.1 Extended description of methods
MS.1.2 Model diagnosis
MS.1.3 List of fitted models

MS.1.4 References

MS.1.1 Extended description of methods

We fitted a series of models including different combinations of the available covariates (see Figure
S1 for more details on the dataset and covariates and Section S.1.3 in this document for the list of
fitted models). We added species as a random effect, to account for inter-specific differences.
Therefore we fitted a series of General Linear Mixed Models (GLMM) with random intercepts:

n
log(R: S) = +Z[>’l-F +Vsp T €

=1

where « was the intercept, f5; were the coefficients of the explanatory variables (fixed effects, F), ys
was the random intercept that varied with species and € was the error term, assumed to follow a
normal distribution N (0, 52). We used the Ime function from the nime package (Pinheiro et al. 2017)
in the R statistical platform (R-Development-Core-Team 2008). We used restricted maximum
likelihood (REML) to fit the models to our data. Although not all the species had the same number of
individuals, techniques used in the Ime function for parameter estimation nonetheless produce robust
maximum likelihood estimation from unbalanced data (Pinheiro and Bates 2000).

The efficiency of the fitted model was checked and compared with nested models using the
Akaike Information Criterion (AIC), which is given as an output by the Ime function. The AIC gives
information on the fit of alternative nested models given a dataset where lower AIC values are
indicative of a more parsimonious model.

For model diagnosis, we checked the residuals for (i) absence of pattern, (ii) normality and (iii)
whether they were centered (details in S1.3 in this document).

We calculated the conditional and marginal R%.wm values for the final model (the best model
in terms of AIC), using the method proposed by Nakagawa and Schielzeth (2013). The marginal R? (R2,)



gives the variance explained by the fixed factors and the conditional R? (R?) the variance explained by
the entire model, including both fixed and random effects (Vonesh et al. 1996).

2

R, =—" __ and R?=
m 0'/3+0'r2+aez+0'§ ¢

of+0}

of+at+ai+a}

where afz is the variance of the fixed effects components, ;2 is the variance of the random effect (the

species), o2 is the additive dispersion and g3 the is the distribution specific variance (Nakagawa and
Schielzeth 2013).

In order to evaluate the contribution of each fixed effect to explained variance, we calculated
the marginal R2, values including sequentially the variance of each fixed component:

2
O'fi

R%. =
mi af2+arz+aez+0§

where afzi is the variance of each fixed effect.

To obtain the values of the explained variance we used the Imer function from the “Ime4” package.
(Bates et al. 2015).

MS.1.2 Model diagnosis

Residuals versus fitted values: Residuals normality and outliers test:

| | | | Normal Q-Q Plot

o 0

Standardized residuals
Sample Quantiles

-2.0 -1.5 -1.0 -0.5

Fitted values Theoretical Quantiles

Values of residuals agains fitted are around zero (left). No particular problems arose in the Q-Q plot
(right), despite random effect models are very sensitive to outliers (Faraway, 2005)



MS.1.3 List of fitted models

The included covariates where: Diameter at breast height (DBH) and its quadratic form (DBH?), tree
species, wood specific gravity (p), mean climate water deficit (MWD), phenology (Phen), clade,
bioclimatic region (BCR), temperature (bio 1-11 following the worldClim classification,
http://www.worldclim.org/bioclim), precipitation (bio 12-19 following the worldClim classification),
whether the tree was growing in a natural forest or plantation (PlantYES).Additional details about the
explanatory variables and methods are in the main document and in Methods S1. The selected model
is highlighted in green.

Model Ran'dom Fixed Variable(s) Significant at 0.95 AIC BIC logLik
Variable

1 species - 5244.1 5262.51 -2619.1
2 species DBH DBH 3540.15 3563.18 -1766.1
3 species P o) 5090.85 5115.23 -2541.4
4 species clade - 5249.71 5292.64 -2617.9
5 species DBH+DBH? DBH, DBH? 3498.34 3527.13 -1744.2
6 species p+ P - 5090.21 5120.69 -2540.1
7 species Phen -- 5221.22 5307.06 -2596.6
8 species BCR BCR 5224.14 5254.81 -2607.1
9 species PlantYES PlantYES 5250.55 5275.08 -2621.3
10 species biol biol 5252.57 5277.11 -2622.3
11 species bio2 bio2 5169.58 5194.12 -2580.8
12 species bio3 - 5256.7 5281.24 -2624.4
13 species bio4 -- 5267 5291.54 -2629.5
14 species bio5 bio5 5216.15 5240.69 -2604.1
15 species bio6 - 5259.95 5284.48 -2626
16 species bio7 bio7 5249.14 5273.68 -2620.6
17 species bio8 bio8 5246.98 5271.52 -2619.5
18 species bio9 bio9 5228.69 5253.23 -2610.3
19 species biol0 biol0 5243.67 5268.21 -2617.8
20 species bioll -- 5257.07 5281.61 -2624.5
21 species bio12 biol2 5223.01 5247.55 -2607.5
22 species biol3 biol3 5212.48 5237.01 -2602.2
23 species biol4 biol4 5215.55 5240.09 -2603.8
24 species biol5 - 5258.38 5282.92 -2625.2
25 species biol6 biol6 5216.93 5241.47 -2604.5
26 species biol7 biol7 5221.91 5246.45 -2607
27 species biol8 biol8 5237.75 5262.29 -2614.9
28 species bio19 bio19 5210.96 5235.5 -2601.5
29 species MWD MWD 5111.96 5136.49 -2552
30 species DBH+ p DBH 3395.31 3423.82 -1692.7
31 species DBH+ clade DBH 3531.55 3577.58 -1757.8
32 species DBH+ p+ /D2 DBH 3395.41 3429.62 -1691.7
33 species DBH+ BCR DBH 3470.75 3557.04 -1720.4
34 species DBH+ Phen DBH, clade 3493.96 3528.5 -1741
35 species DBH+ PlantYES DBH, PlantYES 3534.15 3562.94 -1762.1
36 species DBH+biol DBH 5252.57 5277.11 -2622.3
37 species DBH+bio2 DBH,bio2 5169.58 5194.12 -2580.8
48 species DBH+bio5 DBH,bio5 5216.15 5240.69 -2604.1
49 species DBH+bio7 DBH,bio7 5249.14 5273.68 -2620.6
40 species DBH+bio8 DBH,bio8 5246.98 5271.52 -2619.5
41 species DBH+bio9 DBH,bio9 5228.69 5253.23 -2610.3
42 species DBH+biol0 DBH,bio10 5243.67 5268.21 -2617.8
43 species DBH+bio12 DBH, bio12 5223.01 5247.55 -2607.5
44 species DBH+bio13 DBH,bio13 5212.48 5237.01 -2602.2
45 species DBH+bio14 DBH,bio14 5215.55 5240.09 -2603.8
46 species DBH+biol6 DBH,biol6 5216.93 5241.47 -2604.5
47 species DBH+biol7 DBH,bio17 5221.91 5246.45 -2607
48 species DBH+bio18 DBH,bio18 5237.75 5262.29 -2614.9
49 species DBH+bio19 DBH,bio19 5210.96 5235.5 -2601.5
50 species DBH+MWD DBH,MWD 5111.96 5136.49 -2552




Random

Model . Fixed Variable(s) Significant at 0.95 AIC BIC logLik
Variable
51 species DBH+ PlantYES+bio2 DBH, PlantYES, bio2 3467.95 3502.49 -1728
52 species DBH+ PlantYES+bio13 DBH, PlantYES, bio13 3502.81 3537.35 -1745.4
53 species DBH+ PlantYES+MWD DBH, PlantYES, MWD 3413.92 3448.46 -1701
54 species DBH+ PlantYES+bio2+bio13+MWD DBH, PlantYES, bio2, MWD 3436.18 3482.23 -1710.1
55 species DBH+ PlantYES+bio2+bio14+MWD DBH, PlantYES, bio2, MWD 3435.15 3481.2 -1709.6
56 species DBH+ PlantYES+bio2+bio16+MWD DBH, PlantYES, bio2, MWD 3438.28 3484.32 -1711.1
57 species DBH+ PlantYES+bio2+bio17+MWD DBH, PlantYES, bio2, MWD 3436.92 3482.97 -1710.5
58 species DBH+ PlantYES+bio2+bio18+MWD DBH, PlantYES, bio2, bio18, MWD 3427.67 3473.71 -1705.8
59 species DBH+ PlantYES+bio2+bio19+MWD DBH, PlantYES, bio2, bio19, MWD 3427.96 3474.01 -1706
) .
60 species DBH+ DBH+PlantYEStbio2+MWD DBH, DBH?, bio2, DBH:bio2 340052 345231  -1691.3
+DBH:bio2
) .
61 species DBH+ DBHZ+PlantYES+bio2+MWD DBH, DBHZ MWD, DBH:MWD 3407.57 345937  -1694.8
DBH:MWD
. DBH+ DBHZ+PlantYES+bio2+MWD
62 species DBH: PlantYES DBH, PlantYES 3400.89 3452.69 -1691.4
63 species DBH+ PlantYES+bio2+MWD DBH, PlantYES, bio2, MWD 3420.46 3460.75 -1703.2
64 species DBH+ DBH?+PlantYES+bio2+MWD DBH, DBH?,PlantYES, bio2, MWD 3388.46 3434.51 -1686.2
65 species DBH+ DBH2+PlantYES+bio18+MWD DBH, DBH?,PlantYES,bio18, MWD 3390.07 3436.11 -1687
DBH+DBH?+PlantYES+bio2+bio18+M DBH, DBH?,PlantYES,
66 species WD Bio2+bio18, MWD 3398.08 3449.88 -1690
67 species DBH+ PlantYES+bio2+bio18+MWD DBH,PlantYES,T,P,MWD 3427.67 3473.71 -1705.8
68 species DBH+ DBH2+PlantYES+MWD DBH+ DBH2+PlantYES+MWD 3382.41 3422.7 -1684.2
DBH+
69 species DBH?+PlantYES+bio2+bio12+MWD DBH, DBH?,PlantYES, bio2, MWD 3408.99 3460.79 -1695.5
DBH+
70 species DBH?+PlantYES+bio2+bio13+MWD DBH, DBH?,PlantYES, bio2, MWD 3402.94 3454.74 -1692.5
DBH+
71 species DBH2+PlantYES+bio2+bio14+MWD DBH, DBH?,PlantYES, bio2, MWD 3403.3 3455.1 -1692.6
DBH+
72 species DBH?+PlantYES+bio2+bio16+MWD DBH, DBH?,PlantYES, bio2, MWD 3405.16 3456.96 -1693.6
DBH+
73 species DBH?+PlantYES+bio2+bio17+MWD DBH, DBH?,PlantYES, bio2, MWD 3405.73 3457.52 -1693.9
DBH+ DBH, DBH?,PlantYES, bio2,
74 species DBHZ+PlantYES+bio2+bio19+MWD bio19,MWD 3391.25 3443.05 -1686.6
75 species DBH+ PlantYES+bio2+MWD DBH, PlantYES, bio2, MWD 3420.46 3460.75 -1703.2
76 species DBH+ DBH?+PlantYES+bio2+MWD DBH, DBH?,PlantYES, bio2, MWD 3388.46 3434.51 -1686.2
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# 1- Data reading and preparation

# 2- MODELS FITTING

# 3- MODEL DIAGNOSIS

# 4- VARIANCE EXPLAINED BY THE MODEL
# 5- Figures

library(nlme)
library(stats)
library(ggplot2)
library(gridExtra)
library(1lme4)

#HHH R S
# 1- data reading and preparation
HHHHEE AR

#read data
rsdata<-read.table("RS_DATABASE.txt",h=T)
#remove unnecesary columns from the big original dataset
rsdata<-rsdatal[, -4]

rsdata<-rsdata[,-6]

rsdata<-rsdata[,-7]

rsdata<-rsdatal,-7]

rsdata<-rsdata[,-10]

rsdata<-rsdata[,-14]

rsdata<-rsdata[,-15]

rsdata<-rsdata[,-15]

rsdata<-rsdata[,-15]

rsdata<-rsdata[,-17]

rsdata<-rsdata[,-17]

rsdata<-rsdata[,-17]

rsdata<-rsdata[,-19]
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colnames(rsdata)<-c("TreeID", "Species","Family","H","DBH", "AGB", "BGB","RS","wd","v
egtyp", "plantation”, "phenology", "phylogen", "dataset","latitude","longitude", "RECVT
" WRVT","biol","bio2","bio3", "biod", "bio5", "bio6","bio7","bio8", "bio9","biole", "bi
0l1","bio12","bio13","bio14","bio15","bio16", "biol7","bio18","bio19", "CWD")

#remove values with RS=0 (from BGB=0)
rsdata<-subset(rsdata,rsdata$rRS>0)
dim(rsdata)

#dataset

rsdat<-rsdata

#remove outliers

ourlier<-mean(rsdat$RS) + (4* sd(rsdat$RS))
rsdat<-subset(rsdat,rsdat$RS<ourlier)
dim(rsdat)

#target variable
rsdat$RES<-log(rsdat$RS)

HEH R
#2 MODELS FITTING
A

#using species as a random effect
ml<-1lme(RES~1,data=rsdat,random=~1|Species,na.action = na.omit)

#2.1 INDIVIDUAL FATORS

m2<-1me (RES~DBH, data=rsdat, random=~1|Species,na.action = na.omit)
m3<-1me (RES~wd, data=rsdat, random=~1|Species,na.action = na.omit)

m4< -1me (RES~phylogen, data=rsdat, random=~1|Species,na.action = na.omit)
rsdat$D2<-(rsdat$DBH)"2

rsdat$wd2<- (rsdat$wd)*2

m5< - 1me (RES~DBH+D2,data=rsdat,random=~1|Species,na.action = na.omit)
mé6< - Llme (RES~wd+wd2,data=rsdat,random=~1|Species,na.action = na.omit)
#2.2 STAND TYPE

m7<-1me(RES~vegtyp,data=rsdat,random=~1|Species,na.action = na.omit)

m8<-1me (RES~RECVT,data=rsdat, random=~1|Species,na.action = na.omit)
m9< -1me (RES~plantation, data=rsdat, random=~1|Species,na.action = na.omit)
#2.3 CLIMATE FATORS
m10<-1me(RES~biol,data=rsdat,random=~1|Species,na.action = na.omit)
m11<-1me(RES~bio2,data=rsdat,random=~1|Species,na.action = na.omit)
m12<-1me(RES~bio3,data=rsdat,random=~1|Species,na.action = na.omit)
m13<-1me(RES~bio4,data=rsdat,random=~1|Species,na.action = na.omit)
m14<-1me(RES~bio5,data=rsdat, random=~1|Species,na.action = na.omit)
m15<-1me(RES~bio6,data=rsdat,random=~1|Species,na.action = na.omit)
m16<-1me(RES~bio7,data=rsdat,random=~1|Species,na.action = na.omit)
m17<-1me(RES~bio8,data=rsdat,random=~1|Species,na.action = na.omit)
m18<-1me(RES~bio9,data=rsdat,random=~1|Species,na.action = na.omit)
m19<-1me(RES~biol@,data=rsdat,random=~1|Species,na.action = na.omit)
m20< -1me(RES~bioll,data=rsdat,random=~1|Species,na.action = na.omit)
m21<-1me(RES~biol2,data=rsdat,random=~1|Species,na.action = na.omit)
m22<-1me(RES~biol3,data=rsdat,random=~1|Species,na.action = na.omit)
m23<-1me(RES~biol4,data=rsdat,random=~1|Species,na.action = na.omit)
m24<-1me(RES~biol5,data=rsdat,random=~1|Species,na.action = na.omit)
m25<-1me(RES~biol6,data=rsdat,random=~1|Species,na.action = na.omit)
m26<-1me(RES~biol7,data=rsdat,random=~1|Species,na.action = na.omit)
m27<-1me(RES~biol8,data=rsdat,random=~1|Species,na.action = na.omit)
m28<-1me(RES~biol9,data=rsdat,random=~1|Species,na.action = na.omit)



m29< -1me (RES~CWD, data=rsdat, random=~1|Species,na.action = na.omit)

#2.4 DBH + others

m30< -1me (RES~DBH+wd, data=rsdat, random=~1|Species,na.action = na.omit)

m31<-1me (RES~DBH+phylogen,data=rsdat, random=~1|Species,na.action = na.omit)
m32<-1me (RES~DBH+wd+wd2,data=rsdat, random=~1|Species,na.action = na.omit)

m33<-1me (RES~DBH+vegtyp,data=rsdat, random=~1|Species,na.action = na.omit)

m34< -1me (RES~DBH+RECVT, data=rsdat, random=~1|Species,na.action = na.omit)

m35<-1me (RES~DBH+plantation,data=rsdat, random=~1|Species,na.action = na.omit)
m36<-1me (RES~DBH+biol,data=rsdat,random=~1|Species,na.action = na.omit)
m37<-1me(RES~DBH+bio2,data=rsdat, random=~1|Species,na.action = na.omit)

m38<-1me (RES~DBH+bio5,data=rsdat, random=~1|Species,na.action = na.omit)

m39<-1me (RES~DBH+bio7,data=rsdat, random=~1|Species,na.action = na.omit)

m40< - 1me (RES~DBH+bio8,data=rsdat, random=~1|Species,na.action = na.omit)

m41<-1me (RES~DBH+bio9,data=rsdat, random=~1|Species,na.action = na.omit)

m42<-1me (RES~DBH+bio1@, data=rsdat, random=~1|Species,na.action = na.omit)
m43<-1me(RES~DBH+biol2,data=rsdat, random=~1|Species,na.action = na.omit)

m44< -1me (RES~DBH+bio13, data=rsdat, random=~1|Species,na.action = na.omit)

m45< -1me (RES~DBH+bio14,data=rsdat, random=~1|Species,na.action = na.omit)

m46<-1me (RES~DBH+biol6,data=rsdat, random=~1|Species,na.action = na.omit)

m47<-1me (RES~DBH+bio1l7,data=rsdat, random=~1|Species,na.action = na.omit)

m48<-1me (RES~DBH+bio18, data=rsdat, random=~1|Species,na.action = na.omit)

m49< -1me (RES~DBH+bio19, data=rsdat, random=~1|Species,na.action = na.omit)

m50< - 1me (RES~DBH+CWD, data=rsdat, random=~1|Species,na.action = na.omit)

#2.5 DBH,plantaiton + climate

m51<-1me (RES~DBH+plantation+bio2, data=rsdat,random=~1|Species,na.action = na.omit)
m52<-1me (RES~DBH+plantation+biol3, data=rsdat, random=~1|Species,na.action = na.omit
)

m53< - lme (RES~DBH+plantation+CWD, data=rsdat, random=~1|Species,na.action = na.omit)
#2.6 ALL FACTORS

m54< - 1me (RES~DBH+plantation+bio2+bio13+CWD, data=rsdat, random=~1|Species,na.action
= na.omit)

m55< - 1me (RES~DBH+plantation+bio2+bio14+CWD, data=rsdat, random=~1|Species,na.action
= na.omit)

m56< -1me (RES~DBH+plantation+bio2+biol16+CWD, data=rsdat, random=~1|Species,na.action
= na.omit)

m57<-1me (RES~DBH+plantation+bio2+biol7+CWD, data=rsdat, random=~1|Species,na.action
= na.omit)

m58<-1me (RES~DBH+plantation+bio2+bio18+CWD, data=rsdat, random=~1|Species,na.action
= na.omit)

m59< - 1me (RES~DBH+plantation+bio2+bio19+CWD, data=rsdat, random=~1|Species,na.action
= na.omit)

#2.7 1interactions

m60< - lme (RES~DBH+D2+plantation+bio2+CWD+DBH:bio2, data=rsdat, random=~1|Species,na.a
ction = na.omit)

m61< -1me (RES~DBH+D2+plantation+bio2+CWD+DBH:CWD, data=rsdat, random=~1|Species,na.ac
tion = na.omit)

m62< -1me (RES~DBH+D2+plantation+bio2+CWD+DBH:plantation, data=rsdat,random=~1|Specie
s,na.action = na.omit)

#2.8 defining final model

m63< -1me (RES~DBH+plantation+bio2+CWD, data=rsdat, random=~1|Species,na.action = na.o
mit)

m64< - Lme (RES~DBH+D2+plantation+bio2+CWD, data=rsdat,random=~1|Species,na.action = n
a.omit)

m65< - 1me (RES~DBH+D2+plantation+biol18+CWD, data=rsdat,random=~1|Species,na.action =
na.omit)

m66< - 1me (RES~DBH+D2+plantation+bio2+biol18+CWD, data=rsdat,random=~1|Species,na.acti
on = na.omit)

m67<-1me (RES~DBH+plantation+bio2+bio18+CWD, data=rsdat, random=~1|Species,na.action
= na.omit)



m68< - 1lme (RES~DBH+D2+plantation+CWD, data=rsdat, random=~1|Species,na.action = na.omi
t) # BEST MODEL - SELECTED MODEL

m69< - 1me (RES~DBH+D2+plantation+CWD+bio2+biol2, data=rsdat, random=~1|Species,na.acti
on = na.omit)

m70<-1me (RES~DBH+D2+plantation+CWD+bio2+biol3, data=rsdat, random=~1|Species,na.acti
on = na.omit)

m71<-1me (RES~DBH+D2+plantation+CWD+bio2+biol4, data=rsdat, random=~1|Species,na.acti
on = na.omit)

m72<-1me (RES~DBH+D2+plantation+CWD+bio2+biol6,data=rsdat, random=~1|Species,na.acti
on = na.omit)

m73<-1me (RES~DBH+D2+plantation+CWD+bio2+biol7, data=rsdat, random=~1|Species,na.acti
on = na.omit)

m74<-1me (RES~DBH+D2+plantation+CWD+bio2+bio19, data=rsdat, random=~1|Species,na.acti
on = na.omit)

m75<-1me (RES~DBH+D2+plantation+CWD+DBH: CWD, data=rsdat, random=~1|Species,na.action
= na.omit)

m76<-1me (RES~DBH+D2+plantation+bio2+bio19+DBH:CWD, data=rsdat, random=~1|Species,na.
action = na.omit)

m77<-1me (RES~DBH+D2+plantation+bio2:DBH+bio19:DBH, data=rsdat, random=~1|Species,na.
action = na.omit)

m78<-1me (RES~DBH+D2+plantation+bio2:DBH+bio19, data=rsdat, random=~1|Species,na.acti
on = na.omit)

m79<-1me (RES~DBH+D2+plantation+CWD+D2:CWD, data=rsdat, random=~1|Species,na.action =
na.omit)

HHHAHAHHAHHHHEH
# 3- MODEL DIAGNOSIS - only showed here for the selected model, mé68
AR

#3.1 Residuals testing

#residuals vs fitted values
plot(m68)

#normality and outliers
ggnorm(resid(m68))

HHHHFHHHEH AR R
# 4- VARIANCE EXPLAINED BY THE MODEL
HEH R R

##VARIANCE EXPLAINED BY EACH FIX EFFECT
lengths <- function (x, use.names = TRUE) vapply(x, length, 1L, USE.NAMES = use.na
mes) #needs

#full model - best model
fullm<-1mer (RES~DBH+D2+CWD+plantation+(1|Species),data=rsdat,na.action = na.omit)

#R2 FULL MODEL
#variance random component
VarCorr(fullm)$Species[1]

#variance of each fixed
fixed full<-fixef(fullm)[2]*getME(fullm, "X")[,2]+fixef(fullm)[3]*getME(Ffullm, "X")[



,3]+fixef (fullm)[4]*getME(fullm, "X")[,4] +fixef(fullm)[5]*getME(fullm,“X")[,5]
#variance of the fixed effect
varF_null<-var(fixed_full)

# R2GLMM(m) - marginal R2GLMM #following Nakagawa & Schielzeth 2013
R2mfull<-varF_null/(varF_null+VarCorr(fullm)$Species[1]+attr(VarCorr(fullm), “sc")”
2)

# R2GLMM(c) - conditional R2GLMM for full model
R2cfull<-(varF_null+VarCorr(fullm)$Species[1])/(varF_null+VarCorr(fullm)$Species[1
]J+attr(varCorr(fullm),“sc")"2)

#variance each factor
HEHFHHHHAH R

#variance fixed exCluding

#dbh

varF_DBH<-var(fixef(fullm)[2]*getME(fullm, "X")[,2])

R2mDBH< -varF_DBH/ (varF_null+VarCorr(fullm)$Species[1]+attr(VarCorr(fullm),"sc")"2)
varF_D2<-var(fixef(fullm)[3]*getME(fullm,"X")[,3])
R2mD2<-varF_D2/(varF_null+VarCorr(fullm)$Species[1]+attr(VarCorr(fullm),"sc")*2)
#cwd

varfF_CWD<-var(fixef(fullm)[4]*getME(fullm, "X")[,4])

R2mCWD< -varF_CWD/(varF_null+VarCorr(fullm)$Species[1]+attr(VarCorr(fullm),"sc")"2)
#plant

varF_plantY<-var(fixef(fullm)[5]*getME(fullm,"X")[,5])
R2mplantY<-varF_plantY/(varF_null+VarCorr(fullm)$Species[1]+attr(VarCorr(fullm),"s
c")"2)

#plor result
R2val<-c(R2mDBH,R2mD2,R2mCWD, varF_plantY)
names(R2val)<-c("DBH", "D2", "CWD", "plantY")

#percentage variance
PVMOD< -sum(R2val) # 6.5146425

R2vp<-c(R2mDBH/PVMOD, R2mD2/PVMOD, R2mCWD/PVMOD, R2mplantY/PVMOD)
names (R2vp)<-c("DBH", "D2", "CWD", "PlantY")

TOTALVAR<-c(R2mDBH*10,R2mD2*10,R2mCWD*10,R2mplantY*10, (VarCorr(fullm)$Species[1])*
10)
names (TOTALVAR)<-c("DBH", "D2", "CwD", "PlantY","Species")

HHHAHAHHHHAHHEH AR
#5- FIGURES
HHHAHAHHAHHHHEH R H A

#FIGURE 1

plotdbh<-ggplot(rsdat, aes(DBH,RS)) + geom_point(col="grey",pch = 16) + geom_smoot
h(col=("darkgreen"),fill="green3",size=1)+ xlab("\nDBH (cm)")+ ylab("Root:Shoot\n"
)+ theme_bw() +theme(axis.line = element_line(colour = "black"),panel.grid.major
= element_blank(),panel.grid.minor = element_blank(), panel.background = element_b
lank(),axis.text = element_text(size=15),axis.title = element_text(size=20))
plot(plotdbh)



#FIGURE 2
rsdat$plantation<-as.character(rsdat$plantation)

#different DBH classes
rsdat$DBHCLASS=NA
rsdat$DBHCLASS<-as.character(rsdat$DBHCLASS)

rsdat<-subset(rsdat,rsdat$DBH!="NA", drop=T)

for (a in 1l:dim(rsdat)[1]){if (rsdat$DBH[a]<300) rsdat$DBHCLASS[a]<-"over 50"}
for (b in 1:dim(rsdat)[1]){if (rsdat$DBH[b]<50) rsdat$DBHCLASS[b]<-"under 50"}
for (c in 1:dim(rsdat)[1]){if (rsdat$DBH[c]<25) rsdat$DBHCLASS[c]<-"under 25"}
for (d in 1:dim(rsdat)[1]){if (rsdat$DBH[d]<10) rsdat$DBHCLASS[d]<-"under_ 10"}
for (e in 1:dim(rsdat)[1]){if (rsdat$DBH[e]<5) rsdat$DBHCLASS[e]<-"under_5"}
rsclass<-subset(rsdat, rsdat$DBH!="NA",drop = T)

rsclass<-subset(rsclass, rsdat$DBHCLASS!="NA",drop = T)

fig2<-ggplot(rsclass,aes(CWD,RES))+ geom_point(colour="grey",pch = 16)+geom_smoot
h(method="1m",col=("darkgreen"),fill="green3",size=1) + xlab("\nMWD")+ ylab("1ln(R
oot:Shoot)\n")+ theme_bw() +theme(axis.line = element_line(colour = "black"),pane
l.grid.major = element_blank(),panel.grid.minor = element_blank(), panel.backgroun
d = element_blank(),axis.text = element_text(size=15),axis.title = element_text(si
ze=20))

plot(fig2)

fig2Si<-ggplot(rsclass, aes(CWD,RES, colour=DBHCLASS))+ geom_point()+geom_smooth(
method="1m",se=F) + xlab("\nMWD")+ ylab("Root:Shoot\n")+ theme_bw() +theme(axis.
line = element_line(colour = "black"),panel.grid.major = element_blank(),panel.gri
d.minor = element_blank(), panel.background = element_blank(),axis.text = element_
text(size=15),axis.title = element_text(size=20))

plot(fig2s1)

fig2S2<-ggplot(rsclass, aes(CWD,RES,colour=plantation))+ geom_point()+geom_smooth
(method="1m",se=F) + xlab("\nMWD")+ ylab("Root:Shoot\n")+ theme_bw() +theme(axis
.line = element_line(colour = "black"),panel.grid.major = element_blank(),panel.gr
id.minor = element_blank(), panel.background = element_blank(),axis.text = element
_text(size=15),axis.title = element_text(size=20))

plot(fig2S2)
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