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Abstract

The vertical root distribution (VRD) in the soil remains unknown for most plant species, as
studying root systems in different pedo-climatic settings is time-consuming and
methodologically challenging. Yet, information on the VRD of different vegetation types is
essential to understand better the biogeochemical processes occurring at the soil-plant-
atmosphere continuum. The aim of this study was to describe the (VRD) of three dominant
alpine, herbaceous plants (i.e. Euphrasia minima Jacg., Leucanthemopsis alpina L., and Poa
alpina L.) on the basis of simple and easy-to-measure climate, soil, and plant attributes in order
to test the validity of existing descriptive protocols and parametric ecohydrological models.
The results showed that the VRD decreased with soil depth for the three plants and that it can

be effectively described with a negative exponential equation. Key VRD parameters, such as
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the mean rooting depth, cross-sectional area at the root collar, and root biomass, were both site
and species-specific but they were chiefly influenced by the attributes regulating the soil’s
water mass balance. The existing parametric ecohydrological models were not able to portray
successfully the VRD of the studied alpine plants but we found a strong correlation between
empirical and parametric VRD models that establish a clear direction for future research.
Future work should address the influence of the snowpack characteristics and the length of the

snow-free and frozen ground periods on the soil’s ecohydrology and VRD in alpine

ecosystems.

Keywords: root, model, ecohydrological, alpine, data mining

Abbreviations

a Mean precipitation intensity over VSD drc Soil moisture at field capacity

Al Aridity index X Gravimetric soil moisture content
ALR | Allometry ratio owp Soil moisture at wilting point

Ar Root cross-sectional area Dok Soil’s bulk density

Aro Cross-sectional area at root collar Or Root mass density

b Mean rooting depth Sa Soil’s sand content

Cl Soil’s clay content Sk Soil skeleton

CN Concave topographic curvature SOC Soil organic carbon

CS Plant’s crown spread Sp Plant’s aerial projected area

CX Convex topographic curvature Thase Optimum temperature for plant growth
Etp Potential evapotranspiration Tmn Daily minimum air temperature
FL Flat topographic curvature Tmx Daily maximum air temperature
GDD | Growing-degree day VRD | Vertical root distribution

y) Precipitation frequency over VSD VSD Vegetative season duration

Ma Aboveground biomass WAP | Water available to plants

Mr Belowground biomass z Soil depth

n Soil porosity
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1. Introduction

Knowledge of root systems of different vegetation types is essential for a better understanding
of biogeochemical processes occurring at the soil-plant-atmosphere continuum (Rodriguez-
Iturbe and Porporato, 2005). Despite relatively recent efforts in investigation and description
of plant root architecture (e.g., Waisel et al., 2002, Mickovski and Ennos 2003, Mickovski and
van Beek 2005), it remains largely unexplored for most plant species. A number of authors
have explored root system architecture of a large number of plants native to almost all
bioclimatic regions (e.g. Schenk and Jackson, 2005), and attempted prediction of rooting
depths through optimisation (van Wijk and Bouten, 2001; Kleidon, 2004) or inverse methods
(Zuo and Zhang, 2002). These approaches led to an increase in knowledge and understanding
of plant physiological processes such as water and nutrient uptake, resources competition, and
plant-soil interactions (Herbert et al., 2004; Laio et al., 2006, Preti et al., 2010; Gonzalez-
Ollauri and Mickovski, 2017a). Despite the efforts in the past decade, the comprehensive
understanding of the effect of soil and plant properties and climate conditions on root

architecture and morphology remains largely unknown.

Obtaining root information is time-consuming and methodologically challenging. The
investigation of root systems normally involves destructive and invasive sampling approaches
(Bhém, 1979), followed by detailed description and measurement of specific root traits (Stokes
et al., 2009). However, for many environmental applications related to plant-soil interactions,
knowledge of the vertical root distribution (VRD) — i.e. the pattern in which root density

biomass is distributed along the soil profile - is perhaps the most important feature to know
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because it can be used, for example, to estimate the degree of soil-root mechanical
reinforcement (Arnone et al., 2016; Gonzalez-Ollauri and Mickovski, 2016; Kokutse et al.,
2016), to estimate plant-water uptake (Jarvis, 1989; Laio, 2006; Shukla, 2014), or to gain
insight into the ability of vegetation to remove pollutants from the soil (Verma et al., 2006;
Gonzalez-Ollauri and Mickovski, 2018; Lucherini et al., 2020). For most of these applications,
VRD can be easily portrayed with asymptotic mathematical functions (Jackson et al., 1996),
which substantially simplify the process of describing the root system, as they normally require
few parameters related to the root system, such as the rooting depth or the cross-sectional area
at the root collar (Preti et al., 2010). However, standard and reproducible protocols to describe

VRD are still lacking.

The way in which roots distribute in the soil has been the scope of research for many decades
(e.g. Darwin, 1880; Laio et al., 2006). Previous research indicates that the root distribution in
the soil is mostly influenced by water availability to plants (i.e. hydrotropism; Tsutsumi et al.,
2003). This is relevant because it permits to connect VRD to climate and soil attributes
regulating the water cycle in the soil (e.g. soil porosity, soil organic matter, soil texture, etc;
Toth et al., 2015), and to set the basis for establishing cost-effective analytical approaches
describing VRD on the basis of few, easy-to-measure variables. As a result, and to the best of
our knowledge, two parametric, ecohydrological models predicting VRD have been developed
for arid or semi-arid (Laio et al., 2006; Preti et al., 2010) and for temperate-humid (Gonzalez-
Ollauri and Mickovski, 2016) ecosystems, respectively. These models incorporate plant-
specific attributes by considering the relative allocation of plant biomass between the above-
and belowground soil compartments (i.e. allometry; Cheng and Niklas. 2007) and by assuming
that the root system can take a known, simple geometrical shape, such as a cylinder, a cone, or

a hemisphere (e.g. Lynch, 1995; Kutschera and Lichtenegger, 1992; Kokutse et al., 2006). The
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ability of these models to realistically portray VRD has been successfully tested for few
herbaceous (Gonzalez-Ollauri and Mickovski, 2016) and shrub species (Preti and Giadrossich,
2009; Preti et al., 2010), but their application to the wider pool of plants, in general, and to
woody plants (e.g. Preti et al., 2010; Tron et al., 2014; Tardio et al., 2016), in particular, needs
further validation. In addition, the robustness of the model conceptualisation and the
assumptions still need to be verified against primary data showing the influence of multiple
soil and plant attributes on VRD, which could help to identify potential model improvements
including application to climates with different ecohydrological features, such as tropical or

alpine.

Alpine ecosystems are normally found above the upper limit of tree growth in mountainous
areas. They are generally characterised by cold winter temperatures, precipitation in the form
of snow, and short snow-free periods (Freppaz et al., 2019) — all of which tend to limit the
duration of the vegetative season. As a result, alpine vegetation, which mostly comprises low-
growing herbaceous perennial plants, tends to be sparse and endemic to these ecosystems, or
it may have evolved to withstand the environmental stress related to alpine climates (Germino,
2014). In addition, the growth and development of alpine plants is also constrained by the low
availability of nutrients in the soil, particularly nitrogen (e.g. Freppaz et al., 2019; Zong et al.,
2020). Still, alpine vegetation may play a crucial role in cycling carbon and nutrients in alpine
ecosystems (e.g. Iversen et al., 2014), or in protecting the soil against shallow landslides and
erosion (Preti. 2013; Burylo et al., 2014; Gonzalez-Ollauri and Mickovski, 2017b), where
poorly developed soils subjected to freezing are prone to soil mass wasting processes (e.g.
Hudek et al., 2017a). Yet, knowledge of the root systems in alpine plants is scarce (e.g. Iversen
et al., 2014) and only few studies have attempted addressing this knowledge gap (e.g. Pohl et

al., 2011; Burylo et al., 2014; Hudek et al., 2017D).
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The aim of this study is to describe the VRD of three dominant alpine plants on the basis of
simple and easy-to-measure climate, soil, and plant attributes in order to test existing
descriptive protocols and parametric ecohydrological models. The objectives of the study
include (i) selection and characterisation of three alpine sites in terms of climate and soil
attributes, (i) sampling above- and below-ground plant parts of three dominant pioneer plant
species from the three study locations to retrieve relevant plant information and to describe the
VRD, (iii) investigation of the influence of evaluated soil and plant attributes on key VRD
parameters, and (iv) testing the predictive capacity of an existing parametric ecohydrological

model for VRD using pedo-climatic and plant attributes.

2. Materials and Methods

2.1. Study area

The study area is located adjacent to Monte Rosa massif (4634 m above sea level; a.s.l.), within
the Long-Term Ecological Research (LTER) site Angelo Mosso Institute, Valle d’Aosta
Region, Northwest Italy (Fig. 1a). The climate in the study area is Alpine (ET; Koppen, 1884),
characterised by a mean annual air temperature of -2.5°C, a cumulative annual snowfall of 8.50
m, and a mean annual rainfall of 350 mm. The snowpack generally develops in late October -
early November and lasts until the onset of snowmelt in late May — early June. Soil temperature
and meteorological parameters such as air temperature, rainfall during the snow-free season,
and snowfall have been continuously recorded with a 1-minute resolution in the study area
since 2005 using one Automatic Weather Station (AWS) located at 2901 m a.s.l. (Fig. 1;

Comando Truppe Alpine - Servizio Meteomont).
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Three, high-altitude study sites located in the upper part of a glacier valley were selected within
the study area (Fig. 1a). The sites were located at different elevations and had distinct
underlaying soil types -i.e. Site 1: 2840 m a.s.| on Dystric Leptic Regosol; Site 2: 2795 m on
Dystric Lithic Leptosol ; Site 3: 2770 m on Haplic Umbrisol (IUSS Working Group WRB,
2015). Sites 1 and 2 (Figs.1b and 1c) are characterised by relatively flat topographies. The
dominant vegetation at these sites comprises nival plant species of perennial grasses (Poa laxa,
Poa alpina), together with other herbaceous species such as forbs (Leucanthemopsis alpina,
Gnaphalium supinum), cushion plants (Minuartia sedoides) and dwarf, woody plants that can
tolerate long-lasting snow cover (Salix herbacea, Loiseleuria procumbens). The topography of
Site 3 is rougher and the vegetation cover denser than at sites 1 and 2 (Fig. 1a). Alpine
grasslands dominate Site 3 with the most characteristic plant species being Carex curvula and

Euphorbia minima (Freppaz et al., 2019; Lonati et al., unpublished data).
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Figure 1 a) Locations of the study sites (1-3) and b) characteristic soil profiles for site 1, 2 and 3.

2.2.Climatic attributes

We measured four climatic attributes reported to influence plant growth and root development
(e.g. Preti et al., 2010; Gonzalez-Ollauri and Mickovski, 2016), and which are nested in the
parametric, ecohydrological VRD model to be tested herein (Section 2.6; Table 1). To this end,
we examined daily meteorological records collected with one AWS between 2005 and 2019
(Fig. 1a), which we assumed to be representative for the three study sites. The vegetative season
duration (VSD) was defined using the heuristic growing-degree days (GDD; Eq.8) approach

(e.g. McMaster and Wilhelm, 1997), which is a measure of the daily heat accumulation to
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predict plant development and phenology. We assumed that the vegetative season begun once
the cumulative GDD reached 200°C (Eq.8; Table 1), and that it ended when daily mean soil
temperature was below 4°C (i.e. root growth is inhibited under 4°C; e.g. Alvarez-Uria and
Korner, 2007). We also assumed 5°C as the optimum soil temperature for plant growth (Thase;
Eq.8; Table 1). We then calculated the aridity index (Al) of the study site as the ratio of the
total potential evapotranspiration to the total precipitation (Eg. 9; Table 1; Greve et al., 2019)
over the vegetative season. The total precipitation was considered as the sum of rainfall and
snowfall (i.e. snow water equivalent) recorded during the vegetative season of each examined
year. The total potential evapotranspiration over the vegetative season, which is in turn nested
in the VRD model (Eq.4; Table 1), was calculated with the Priestly and Taylor (1972) equation
(Eg. 10; Table 1). Subsequently, we estimated the mean precipitation depth («; mm event?)
and the frequency of precipitation events (A1) during the vegetative season (Laio et al., 2006;
Preti et al., 2010). We calculated « as the ratio of the total precipitation to the number of
precipitation events (i.e. days with precipitation > 0.2 mm) during the vegetative season
averaged for the studied time period comprised between 2005 and 2019. Rainfall lost to surface
runoff was assumed to be negligible in our study area (e.g. Tron et al., 2014). We calculated A
as the ratio of the number of precipitation events to the total vegetative season duration

averaged for the studied period.

2.3.Soil attributes

The slope gradient and aspect were measured manually with a hand-held inclinometer and with
a compass, respectively, at locations adjacent to each sampled plant individual (Section 2.4).
The terrain curvature of each sampling location was visually described as either concave (CN),

convex (CX) or flat (FL) (e.g. Gonzalez-Ollauri and Mickovski, 2017c). Undisturbed soil
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samples (N=36) from the topsoil (0 mm - 100 mm below ground level; b.g.l) were collected at
the same locations where plants were sampled using a soil core sampler. These samples were
used to determine the soil bulk density (ook; g cm3), soil porosity (n) and gravimetric moisture
content (6y; %) following standard methods (Head, 1980). The soil organic carbon (SOC; %)
and pH were determined using a portion of the collected soil materials, which was air-dried for
168 h and sieved through a 2 mm opening sieve. SOC was determined using a C/H/N analyser
(Elementar Vario EL) while soil pH was determined in soil-water suspension (soil: water =
1:2.5) following the slurry method (ASTM, 1995) and using a pH electrode (Fisher Scientific
Accumet Basic AB15). Additional soil materials in form of bulk samples of 4kg-5kg were
collected with a shovel from the topsoil (0 mm —300 mm b.g.l) at three representative locations
per study site (N=9). These representative sampling locations, which were assumed to capture
the main soil features within a study site, were within the area range covered by plant sampling,
and were less than 5 m away from any given plant individual sampled in this study. The soil
samples were stored in heavy-duty PVC bags and transported to the laboratory where they were
mixed per study site (N=3) prior to further analysis. The particle size distribution (PSD) of the
collected soil materials was determined through the dry sieving and the hydrometer methods
for the coarse (i.e. gravel and sand) and fines (i.e. silt and clay) fractions, respectively (Head,
1980). The soil skeleton (i.e. percentage of rock fragments in the soil sample; Sk; %) was
determined through dry sieving (Head, 1980). Soil moisture content at field capacity (éfc; %)
and wilting point (6wp; %) were estimated through pedotransfer functions (Egs. 11 and 12;
Table 1; Toth et al., 2015), which are nested in the VRD model and use PSD, n, and SOC as

inputs.

2.4. Plant species, plant attributes and vertical root distribution

10
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We selected three dominant, characteristic plant species for the study from sites 1, 2, and 3

(Fig.1):

(i)

(i)

(iif)

dwarf eyebright (Euphrasia minima Jacqg.), an annual, facultative root hemiparasite
(Matthies, 1998; Fig. 2a) with erect stems reaching up to 150 mm, which grows in
humid mountainous habitats between 950-3000 m a.s.l. (Asturnauta, 2020)

alpine chrysanthemum (Leucanthemopsis alpina L.), a perennial, herbaceous plant
belonging to the daisy family and specific to high alpine elevations, growing
between 1800-3500 m a.s.l. It can be an early coloniser after the retreat of glaciers,
being generally small in size (< 200 mm in height) with a root system characterised
by horizontal rhizomes (ukwildflowers.com, 2020; Fig. 2b).

alpine bluegrass (Poa alpina L.), a subartic-alpine meadow tufted grass found in
moist to dry limestone and in basaltic rock crevices and exposed heathlands. It is a
pseudoviviparous, apomictic, and fast germinating plant (Pierce et al., 2000) that
can reach up to 400 mm in height, normally has narrow leaves (2-4 mm), and its
inflorescence is pyramidal, twice as tall as wide; it also has an adventitious root
system that arises extra-vaginally through the lead-sheaths at the base of the plant

(Pierce et al., 2000; Fig. 2c).

11
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Figure 2. Selected root systems of (a) Euphrasia minima (b) Leucanthemopsis alpina (c) Poa alpina.

Plant sampling was undertaken at the height of the growing season when four individuals per
plant species were sampled at random locations within each study site (N=36; Fig. 1). The
projection area of the aerial plant parts (Sp; cm?; total plant aboveground area projected on the
ground, assuming a plant crown with a circular shape) and average crown spread (CS; cm;
mean spread diameter of the aboveground plant parts) were measured for each sampled
individual with a meter tape following the Spokes distance method (Blozan, 2006). Each plant
individual was excavated by hand before being clipped with scissors above the root collar (Fig.
3) to separate the above from the belowground part. The aboveground plant materials were
oven-dried at 60°C until constant mass to measure the aboveground biomass (Ma; g) of each
sampled individual. The belowground parts were cleaned with a water jet to separate soil
particles attached to the root system prior to being air-dried for 2 h for describing the vertical

root distribution (VRD).

VRD was measured manually as the total cross-sectional root area at a given soil depth (Fig.
3) for each sampled plant before being averaged per plant species and study site. Using a

permanent marker and a ruler, marks were drawn on the root systems at equal length intervals

12
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ranging from 5 to 20 mm and starting from the root collar (Fig. 3) to visualise the assumed
root-soil intersection planes (Fig. 3). The diameter of all the roots intersecting each plane was
measured with Vernier callipers, and their cross-sectional area (Ar(z); mm?) was calculated
with Egs. 1 and 2 (Table 1; Fig. 3), assuming all roots had circular cross-section when crossing
a given intersection plane (Fig. 3). Subsequently, Ar was averaged per intersection plane and

per plant species for a given sampling site. Then, a nonlinear least squares (nls) exponential

model of the formy = ae /b, where y is the dependent variable (i.e. root cross-sectional area;
Ar), x is the independent variable (i.e. soil depth), and a and b are fitting parameters (Eq.3;
Table 1) was fitted to the measured data resulting from the previous step. With this approach
and, for modelling purposes, it was assumed that the root biomass is distributed in the soil
following a cone shape volume (Fig. 3b; Preti et al., 2010; Gonzalez-Ollauri and Mickovski,
2016; see Supplementary Material) in which the total rooting depth (i.e. soil depth at which 95
% of roots are found; 3xb; mm; Laio et al., 2006) was the cone’s height and the cross-sectional
area of the root collar (Aro; mm?) the cone’s basal area (Fig. 3b). Accordingly, the rooting
depth (b; mm) was quantified as 1/3 of the longitudinal distance between the root collar and
the tip of the root system of each studied individual (Laio et al., 2006). It must be borne in
mind that with the former cone-shape-volume approach (Fig. 3b), we are not trying to capture
the shape of the root system per se (Fig. 2; e.g. Kostler et al., 1968) but to provide a generic
basis to model the widely-observed decrease in root biomass with soil depth (e.g. Schenk,
2005; see Supplementary Material). Finally, the root materials were oven-dried at 60°C until
constant mass to measure the root biomass (Mr; g) and the allometry ratio (ALR) as the quotient

between Mr and Ma.

13



280
281

282

Table 1. List of equations used in this study. Arid and humid ecosystems are defined on the basis of the aridity index (Al) over the growing season -i.e. Al < 1: arid; Al > 1: humid; ppu: parts-per

unit. VS: vegetative season.

Definition Equation No Parameters Units Source
Cross-sectional area of the i Ai = (dx/2)? Eq.1 | Ai: cross-sectional area of the it" root at a given | mm? Gonzalez-Ollauri and
root at a given intersection intersection plane Mickovski (2016)
plane dx: root diameter mm
Root cross-sectional area at a Ar(z;) = ZAi Eq.2 Ar(zi): cross-sectional area of all roots crossing a | mm? Gonzalez-Ollauri and
given intersection plane given intersection plane Mickovski (2016)
Vertical root distribution Ar(z) = Aro. e‘TZ Eq.3 | Ar(z): cross-sectional area of all roots along the | mm? Preti et al. (2010)
(VRD) soil profile

Aro: cross-sectional area of the plant stem above | mm?

the root collar

b: mean rooting depth mm

z: soil depth mm
Mean rooting depth in arid b= a — Eq. 4 o mean precipitation intensity per event over the | mm Laio et al. (2006)
and semi-arid ecosystems n(0fc = owp)(1 = Etp growing season event?

n: soil porosity

¢fc: volumetric soil moisture content at field | PPU

capacity

ppu

14



Awp: columetric soil moisture content at wilting

point ppu
A: frequency of precipitation events over the
growing season events
Etp: total potential evapotranspiration over the
growing season mm
Mean rooting depth in humid b= @ Eq.5 Gonzalez-Ollauri and
n(@fc — 6wp)
ecosystems Mickovski (2016)
Water available to plants in WAP = 6fc — Owp Eq. 6 WAP: water available to plants ppu
the soil
Area at the root collar Aro = Mr Eq.7 Aro: cross-sectional area of the plant stem above | mm? Preti et al. (2010)
" bpr
the root collar
Mr: plant belowground biomass g
pr: root mass density g mm3
Growing-degree day Tmx —Tmn Eq.8 Tmx: daily maximum air temperature °C McMaster and  Wilhelm

GDDi = — Thase

Tmn: daily minimum air temperature

(1997)

15



01500 = —0.024Sa + 0.487CL + 0.00650C
+0.0058a.50C
—0.013CL.SOC + 0.068Sa. Cl

+0.031

suction

n Tbase: optimum daily mean temperature for plant | °C
Z GDDi > 200°C. VS start
i=1 growth
Tsoil < 4°C VS end
i it day
Tsoil: daily mean soil temperature °C
Aridity index Al = Etp Eq. 9 PCP: total precipitation over the growing season | mm Greve et al. (2019)
"~ PCP
Potential evapotranspiration Etp = 0.00128 Rnl A Eq. 10 | Rnl: net solar radiation MJ m2 | Priestly and Taylor (1972)
p="5 583A+y
A: slope of saturation vapour pressure day?
v psychrometric constant kPa°C
kPa°C
Soil moisture at field capacity Ofc = 053 + 1,239332 —0.374655 — 0.015 Eqg. 11 | 633: soil moisture at -33 kPa of matric suction ppu Toth et al. (2015)
033 = —0.251Sa + 0.195CI + 0.01150C Sa: sand content in the soil ppu
+ 0.0065a.S0C ) )
—0.027CL.SOC + 0.452Sa. Cl Cl: clay content in the soil ppu
+0.299 . .
SOC: soil organic carbon ppu
Soil moisture at wilting point Owp = BO1500 + 0.146;500 — 0.02 Eqg. 12 | 61500: soil moisture at -1500 kPa of matric | ppu Toth et al. (2015)
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Figure 3. (a) lllustration of the methodological approach followed to separate aboveground and belowground plant parts and
to describe vertical root distribution (VRD) for the studied plant species. Approach B was followed to describe the cross-
sectional area of all roots at a given crossing plane (Ar(z)), as it does not overestimate the root cross-sectional area compared
to approach A. r stands for the rooting radius and d for the diameter of ith root at a given crossing plane. (b) VRD was
modelled as a cone with base’s area Aro (i.e. root collar area; mm?) and height 3b, being b the mean rooting depth (mm) and
3b the soil depth at which 95% of the roots are found (Laio et al., 2006). V stands for the cone volume and h for the cone

height. See mathematical formulation in Supplementary Material.

2.5. Relationship between soil and plant attributes with key VRD parameters

We investigated the relationship between the studied soil (Section 2.3) and plant attributes
(Section 2.4) with the relevant/key parameters used to portray VRD (Aro: cross-sectional area
of the root collar, and b: mean rooting depth) through a data mining workflow (Supplementary
Material — Fig. S1) which was built using the statistical language R v5.5.1 (R Core team, 2018).
We also included plant belowground biomass (Mr) in the analysis, as Mr will ultimately limit
the extent of VRD (Gonzalez-Ollauri and Mickovski, 2016). This workflow was used to
accomplish three objectives: (i) to evaluate the ability to predict relevant VRD parameters

using the investigated soil and plant attributes as predictors, (ii) to evaluate the importance of
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each plant and soil predictor on the relevant VRD parameters, and (iii) to evaluate predictor-

response dependency - i.e. how the response variable changes following predictor changes.

To accomplish objective (i), 100 random forest models (RF; Breiman, 2001) were fitted with
1000 regression trees each, using the R package “randomForest” (Liaw and Wiener, 2020).
Only uncorrelated attributes to the VRD parameters were considered to fit RF models. Each
RF model was cross-validated with a bootstrapping method without replacement (e.g.
Gonzalez-Ollauri et al., 2020) and through the evaluation of the coefficient of determination
(R?), root mean square error (RMSE) and variance explained (VExp) following the least-
squares method (Fuller, 1987). The pool of cross-validation coefficients retrieved from
implementing the data mining workflow was examined by plotting their corresponding

probability density functions (Appendix A).

To accomplish objective (ii), the importance of each plant and soil attribute on the response
variables (i.e. key VRD parameters) was examined on the basis of permutation tests using the
R package “caret” (Khun et al., 2018), which measures attribute importance by observing
model performance when each predictor is randomly dropped out from fitting a RF model

during the training step (e.g. Strobl et al., 2008).

To achieve objective (iii), we examined the Partial Dependence Plots (PDPs; Hastie et al.,
2009) retrieved from using the R package “pdp” (Greenwell, 2017). PDPs were retrieved to
show whether the interaction between a target VRD parameter and a target plant and soil
attribute was linear, monotonic, or more complex in the fitted RF models, representing how a
given attribute influenced the prediction on average for a given VRD parameter. The R script

used to implement the data mining workflow described above is provided in Appendix C.
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2.6. Empirical vs. parametric, ecohydrological model for vertical root distribution

We tested the predictive capacity of an existing parametric ecohydrological model for vertical
root distribution (Eqgs. 4-5, Table 1; Laio et al. 2006; Preti et al., 2010; Gonzalez-Ollauri and
Mickovski, 2016) against the empirical VRD model fitted to the measured data described in
Section 2.4. The parametric ecohydrological VRD model was firstly developed for arid and
semi-arid ecosystems by Laio et al. (2006) and extended by Preti et al. (2010), and then adapted
to temperate-humid climates by Gonzalez-Ollauri and Mickovski (2016). This model estimates
the mean rooting depth (b; Egs. 4 and 5; Table 1) on the basis of pedo-climatic parameters (i.e.
o mean precipitation depth during the growing season; A: frequency of precipitation events;
Etp: potential evapotranspiration; Section 2.2) and of the product between soil porosity (n) and
the water available to plants in the soil (WAP; Eq. 6; Table 1), function of the difference
between the volumetric soil moisture content at field capacity (&) and at wilting point (Gup).
Different equations for b must be considered depending on whether the aridity index (Al; Eq.
8) is greater than 1 (i.e. arid climate; Eq. 4; Preti et al., 2010) or lower than 1 (i.e. humid
climate; Eq.5; Gonzalez-Ollauri and Mickovski, 2016). VRD is then modelled with a negative
exponential equation (Eq. 5; Table 1) using b, the cross-sectional area at the root collar (Aro)
and the soil depth (z; mm) as inputs, assuming that the probability density function for the daily
rainfall intensity at the study site is exponentially distributed (Laio et al., 2006). The cross-
sectional area at the root collar (Aro) is estimated using plant-specific information and the
rooting depth under the assumption that the distribution of root biomass along the soil profile
can be portrayed with a conical-shape-volume (Fig. 3b; Section 2.4; Eq. 6; Table 1,
supplementary material). In addition, we assumed that the portion of soil explored by roots was

uniform and isotropic.
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The outcomes from the parametric, ecohydrological and the empirical VRD models were
compared in the light of the outputs for the root cross-sectional area (Ar) of all roots along the
soil profile. To do so, Ar was firstly retrieved for soil depths of 0 mm - 100 mm using the
parametric ecohydrological and empirical VRD models (Section 2.4), respectively. Then, the
two Ar datasets were log-transformed and plotted together to graphically evaluate the
mathematical relationship between the two models. Subsequently, a linear regression model
was fitted between the two retrieved, log-transformed Ar datasets in R v3.5.1. Additionally,
the correlation between the linear fitting parameters and the studied plant and soil attributes

was examined by estimating pairwise Pearson’s correlation coefficients.

2.7. Statistical analysis

Normality checks were undertaken for every studied soil and plant attribute with the Shapiro
Wilk test. Soil and plant attributes were aggregated into plant species and study site,
respectively, for statistical analysis. Statistical differences in plant attributes between plant
species and investigation site were evaluated with the non-parametric Kruskal Wallis (y?) test,
as plant attributes did not follow a normal distribution. Where statistically significant
differences were encountered, plant attribute’s differences between two plant species were
evaluated with the non-parametric Wilcoxon (W) test. Statistical differences in soil attributes
between plant species and investigation site were evaluated with one-way ANOVA (F) and
Kruskal Wallis (y?) tests for normal and non-normal distributed variables, respectively.
Vertical root distribution (VRD) differences between investigated sites were evaluated per
plant species with the Kruskal Wallis (y?) test, as VRD did not follow a normal distribution.

Where statistically significant differences were encountered, the differences within the plant
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species were evaluated with the non-parametric Wilcoxon (W) test. VRD differences between
plant species for a given investigation site were examined with the same approach indicated
before. Statistical differences between the importance of the attributes used as predictors for
the selected VRD parameters were also evaluated with the Kruskal Wallis test. The statistical
relationship between the studied plant and soil attributes was evaluated with the pair-wise
Pearson’s correlation test and interpreted on the basis of the resulting correlogram plot. All
statistical tests were carried out at the 95 % and 99 % confidence level using the ‘base’ package

embeddedw in the statistical computing software R v3.5.1 (R Core Team, 2018).

3. Results

3.1. Climate attributes

The growing season duration for the period 2005-2019 was on average 50+18 days long,
generally starting in early July and ending in early September. The aridity index of the study
site during the snow-free period was 0.91+0.2, indicating that the temperate-humid,
ecohydrological VRD model (Eq.5; Table 1) must be implemented for the study area. The
mean precipitation depth per event during the growing season («) was 6.68+2.33 mm, the
frequency of precipitation events (1) was 0.56+0.05, and the total potential evapotranspiration

(Etp) during the vegetative season was 68.8+2.1 mm.

3.2.Soil attributes

The examined soil attributes (Table 2) differed significantly between the investigated study

sites. Site 3 had a substantially higher slope gradient (x?:18.2 df:2 p<0.01), it was consistently
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concave in terms of the terrain curvature, and it had a more South-facing aspect than Sites 1
and 2. In addition, Site 3 had a significantly higher soil moisture (F:65.89 df:1 p<0.01), soil
organic carbon (F:45.3 df:1 p<0.01), and proportion of fine soil materials (32:35 df:2 p<0.01)
than Sites 1 and 2, while having a substantially lower bulk density (32:20.2 df:2 p<0.01), soil

skeleton (y2:35 df:2 p<0.01), and coarse soil materials (yx%:35 df:2 p<0.01) than the other two
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Table 2. Soil attributes investigated in this study averaged per plant species and per sampling site #standard deviation. 8g: gravimetric moisture content; py: dry bulk density; n: soil porosity;
SOC: soil organic carbon; Sk: soil skeleton.

Slope (°) | Curvature Aspect &y (%) ok (g cm®) n SOC (%) | pH Sk (%)

Plant species Euphrasia

minima 8.421£8.7 | convex 145.42+22.8 | 29.20£11.4 | 1.1840.2 0.56+0.1 7.70£2.6 | 4.50+0.1 | 20.70£7.2

Leucanthemopsis

alpina 8.42+6.3 | flat/convex | 145+25.3 27.4619.3 1.24+0.2 0.53+0.1 6.59+1.4 | 450+0.1 | 20.70£7.2

Poa alpina 11.50£7.3 | flat/convex | 152.08+18.8 | 27.43+9.2 1.20+0.2 0.55+0.1 7.83+2.6 | 450+0.1 | 20.70£7.2
Sampling site | Site 1 6.92+4.5 | flat/convex | 133.50+11.1 | 19.44+7.1 | 1.3740.2 0.48+0.1 5.52+1.4 | 4.60+0.0 | 16.30+0.0

Site 2 4.33£2.1 | convex 135.549.81 | 26.05£4.0 1.2610.1 0.52+0.0 6.96+1.4 | 4.40£0.0 | 30.40£0.0

Site 3 17.08+£7.3 | concave 173.5+£14.9 | 38.60£5.5 0.98+0.2 0.63+0.1 9.64+1.6 | 4.50£0.0 | 15.40£0.0
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Table 2 Cont. Soil attributes investigated in this study averaged per plant species and per sampling site +standard deviation. 6fc: volumetric soil moisture content at field capacity; Gwp:

volumetric soil moisture content at wilting point.

Clay (%) | Finesilt (%) | Coarse silt | Fine sand | Coarse  sand | é&fc (%) awp (%)
(%) (%) (%)
Plant species Euphrasia
minima 1.40£0.34 | 5.67+1.11 11.30+3.33 | 50.73+3.64 | 30.87+2.15 27.851+0.3 1.56+0.04
Leucanthemopsis
alpina 1.40+£0.34 | 5.67+1.11 11.30+3.33 | 50.73+3.64 | 30.87+2.15 28.33+0.2 2.01+0.10
Poa alpina 1.40+£0.34 | 5.67+1.11 11.30+3.33 | 50.73+3.64 | 30.87+2.15 29.18+0.4 3.09+0.20
Sampling sites | Site 1 1.00£0.0 | 4.30+0.0 9.20+0.0 | 52.30+0.0 | 33.20+0.0 28.78+0.7 2.3740.9
Site 2 1.40£0.0 | 5.80+0.0 15.80+0.0 | 45.90+0.0 31.20+0.0 28.10+0.6 2.2020.7
Site 3 1.80£0.0 | 6.90+0.0 8.90+0.0 54.00+0.0 28.20+0.0 28.23+0.9 2.1620.7
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investigated sites (Table 2). However, significant differences for the investigated soil attributes
were not detected between the three studied plant species (Table 2; F:1.1 df:2 p=0.34). The

available water to plants in the soil (Eq. 6, Table 1) was on average of 26.13+0.3 %.

3.3.Plant attributes

The evaluated plant attributes (Table 3) were statistically different between the three studied
plant species. In particular, Poa alpina individuals had a substantially larger crown spread (CS;
¥2:26.7 df:2 p<0.01), plant projected area (Sp; x2:26.7 df:2 p<0.01), cross-sectional area at the
root collar (Aro; ¥2:27.1 df:2 p<0.01), aboveground biomass (Ma; y2:26.4 df:2 p<0.01), and
root biomass (Mr; %2:29.3 df:2 p<0.01) than those of the other two studied species (Table 3).
However, the measured mean rooting depth (b) was not statistically different between the three
studied plant species (Table 3; %2:0.6 df:2 p=0.76). On other hand, the three investigated study
sites did not present statistical differences in terms of the evaluated plant attributes (32:0.3 df:2
p=0.85) with the exception of the observed b, which was significantly higher in Site 3 than in

Sites 1 and 2 (Table 3; x%:26.7 df:2 p<0.01).

3.4. Vertical root distribution

The measured vertical root distribution (VRD) decreased exponentially with soil depth for the
three studied plant species and at the three study sites (Fig 5). As a result, negative exponential
models (Eq. 3. Table 1) were successfully fitted to the observed data (i.e. empirical model)
with high goodness of fit (R?>0.9) in all cases. The model fitting parameters (Table 4) did not

differ statistically from the measured VRD parameters (b:W=49
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443

Table 3. Plant attributes investigated in this study averaged per plant species and per sampling site +standard deviation . CS: crown spread; Sp: plant’s aerial projected area; Aro: root collar

444 area; b: mean rooting depth; Ma: aboveground biomass; Mr: root biomass; ALR: allometry ratio -i.e. Mr/Ma.
CS (cm) | Sp (cm?) Aro (mm?) | b (mm) Ma (mg) Mr (mg) ALR
Plant species Euphrasia minima 1.60+1.4 | 3.4447.9 0.1740.1 15.00+10.9 | 13.38+12.1 1.08+1.1 0.12+0.2
Leucanthemopsis alpina 3.84+0.8 | 12.09+4.9 0.3840.1 14.44+10.9 | 85.43+40.8 62.12+21.0 0.82+0.4
Poa alpina 8.01+£3.0 | 56.90+45.7 1.15+0.7 15.8348.1 226.42+162.4 | 379.07+£366.3 1.82+1.2
Sampling sites Site 1 4.06+£3.3 | 20.99+31.4 | 0.72+0.9 4.72+£1.9 100.10+132.3 189.71+371.1 1.09+1.1
Site 2 3.90+2.2 | 15.49+13.8 | 0.45+0.4 16.67+7.8 133.03+173.3 158.17+274.4 | 0.95+1.1
Site 3 5.49+4.1 | 35.94+£50.5 | 0.52+0.5 23.89+6.0 92.11472.5 94.394+142.9 0.71+0.9
445
|446 Table 24. Vertical root distribution (VRD) parameters measured, retrieved though fitting nls exponential models to the measured data -i.e. empirical VRD model (1), and predicted with the
447 parametric, ecohydrological VRD model (11 ) per plant species and sampling site. b: mean rooting depth; Aro: cross-sectional area at the root collar.
448
Site 1 Site 2 Site 3
Plant b (mm) bf bf T Aro Aro’ Aro't b (mm) bf bt f Aro Aro’ Arof T b (mm) bf bt Aro Aro’ Aro'f
species (mm) | (mm) | (mm? (mm?) | (mm?) (mm) | (mm) | (mm? (mm?) | (mm?) (mm) | (mm) | (mm?) (mm?) (mm?)
E. 417409 | 7.89 52.7 0.13+0.0 | 0.13 0.013 17.50+12.9 | 5.20 49.9 0.08+0.0 | 0.08 0.016 23.3£3.8 8.50 38.1 0.29+0.1 | 0.30 0.09
minima
L. 3.33+0.0 | 22.80 | 56.9 0.38+0.1 | 0.9 1.89 15.00+4.3 19.70 | 49.9 0.38+0.1 | 1.00 224 25.0£10 19.10 | 42.8 0.37£0.1 | 0.50 1.66
alpina
P. 6.67+1.9 | 244 2.6 1.66+1.0 | 0.60 15.88 17.5045.7 21.70 | 47.9 0.88+0.2 | 0.20 12.68 23.3343.8 | 26.60 | 42.5 0.91+0.6 | 0.40 8.33
alpina
449
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df=7 p=0.48; Aro:W=40 df=7 p=1 ;Table 4). The VRDs were different between plant species
(x?:212.1 df:2 p<0.01) and they generally differed across study sites (¢2:99.7 df:2 p<0.01). L.
alpina had the widest and densest VRD followed by P. alpina and E. minima (Fig. 4; Table 4).
However, the VRD for P. alpina tended to be deeper than for the other two plant species (Fig.
4; Table 4). A clear relationship between VRD and study site was not observed, indicating that

the extent and depth of the VRD was not linked to the study site (Fig. 4).

VRD - Euphrasia Minima VRD - Leucanthemopsis alpina VRD - Poa alpina
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Figure 34. Vertical root distribution (VRD) for (a) Euphrasia minima, (b) Lecanthemopsis alpina, and (c) Poa alpina.
Triangles, dots and crosses represent observed values for the root cross-sectional area of all roots found at a given soil
depth as described in Section 2.4. The lines portray the nls exponential models fitted to the measured data points -i.e.
empirical VRD model. See online version for colours.

3.5.Influence of plant and soil attributes on key vertical root distribution parameters

The cross-validation results from fitting random forest models to the key vertical root
distribution (VRD) parameters (i.e. b, Aro, and Mr; Appendix A - Table Al and Figure A1,
Supplementary Material) suggested that the latter can be predicted successfully using the

studied plant and soil attributes as predictors.

27



470
471

Attributes importance - Mean rooting depth

wilting point

soil coarse sand
soil fine silt

soil clay -

PH

field capacity

soil skeleton |

soil moisture -

soil fine sand

soil coarse silt -

soil organic carbon -
bulk density
porosity -

curvature -

soil wetness

slope -

crown spread -
aboveground biomass -
projected area
root collar
belowground biomass
aspect

Y"""‘Wcm.m,[

-5 -

Influence

10

Attributes importance - Root collar area

belowground biomass -
projected area
crown spread -
aboveground biomass -
aspect

soil moisture -
slope

field capacity -

root collar

wilting point

soil coarse sand
soil fine silt

soil clay 4

soil organic carbon -
PH

soil wetness

bulk density
porosity -

soil skeleton -

soil coarse silt

soil fine sand
curvature -

o W
9

10

T
o n

Influence

15

Attributes importance - Belowground biomass

belowground biomass -
root collar

crown spread -
projected area

soil organic carbon -
wilting point

field capacity

bulk density —

soil moisture
porosity

curvature -
aboveground biomass -
soil clay 4

soil coarse sand
slope -

soil fine silt

soil coarse silt

PH

soil fine sand

soil wetness -

soil skeleton
aspect

puuuuuu“u"”a

-5 -

T
wn

Ifluence

Figure 45. Violin plots depicting the influence of the studied plant and soil attributes on relevant vertical root distribution (VRD) parameters -i.e. (a) mean rooting
depth, b; (b) root collar area, Aro; (c) plant belowground biomass, Mr. The white dot within the violin plot boxes represent the median while the grey area around the
box represents the probability density of the data at different values.
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The mean rooting depth (b) was chiefly influenced by soil attributes (Fig. 5a) such as the soil
volumetric moisture content at wilting point, followed by the soil texture (Fig. 5a). Soil pH and
the soil moisture at field capacity also appeared to significantly influence b (Fig. 5a). In the
light of the correlogram (Fig. 6), the rooting depth was strongly correlated to the soil texture,
positively with clay and silt contents and negatively with coarse sand content. The slope aspect,
the soil moisture, and organic carbon content also had a strong, positive correlation with b (Fig.
6). In the light of the PDPs (Appendix B - Fig. B1), there was a positive influence of the wilting
point on b (i.e. the higher Gwp the higher b), up to 3.4 %, after which a constant effect was
observed. Field capacity also had a positive effect on b only detected when éfc was above 15.6
%. We noticed a negative influence of soil pH on b when the former was above 4.5. The
attributes that did not have a substantial effect on b (Fig. 5a) had a remarkable effect when the
PDPs were assessed (Appendix B - Fig. B1). For example, deeper root systems were found
under steeper conditions. However, shallower root systems were encountered when soil was
wetter, but shifts in the soil hydrological regime led to changes in the influence of soil moisture
on b. A negative effect of soil moisture on b was observed under residual and saturated regimes,
and a positive effect was noticed under the transitional regime. Contrariwise, soil porosity and
organic carbon had a positive effect on b (Tables 2 and 3; Fig. 6) which was not detected in the

PDPs for the soil porosity (Fig. B1).

The cross-sectional area at the root collar (Aro) was mostly affected by plant attributes (Fig.
5b). The root biomass, surface projected area, crown spread, and aboveground biomass had a
significant influence on Aro. However, the investigated soil attributes did not have a substantial
influence on Aro on the basis of the RF model outputs (Fig. 5b). In the light of the correlogram
plot (Fig. 6), Aro had a strong, positive correlation with above- and belowground biomass but

also with the soil water content at field capacity and wilting point. According to the PDPs
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(Appendix B - Fig. B2), all the examined plant attributes had a consistent, positive effect on
Aro. We also observed that some soil attributes had a consistent effect on Aro when the PDPs
were examined (Fig. B2) that could not be detected in the correlogram (Fig. 6) or in relative
influence plots (Fig. 5b). According to the PDPs, soil porosity, the percentage of clay, fine silt
and fine sand had a negative effect on Aro, while the percentage of coarse sand and coarse silt
had a positive effect. We also observed that Aro tended to be wider under steeper slope

conditions, and narrower when soil organic carbon increased (Fig. B2).

The root biomass (Mr) was predominantly influenced by plant attributes (Fig. 5¢) such as the
aboveground biomass, Aro, crown spread, and plant’s surface projected arca. However, the
influence of soil organic carbon on Mr was significantly higher than the influence of the rest
of the studied soil attributes (Fig. 5c¢). In the light of the correlogram plot (Fig. 6), Mr had a
strong, positive correlation with the aboveground biomass, the crown spread, and Aro. In
addition, soil attributes, such as the soil moisture at field capacity and wilting point, also had a
strong positive correlation, with the latter being the attribute with highest correlation to Mr
(Fig. 6). According to the PDPs (Appendix B - Fig. B3), all the plant attributes studied had a
consistent, positive effect on Mr. In addition, we noticed a consistent effect of some of the soil

attributes studied on Mr which resembled the effects observed for Aro (Fig. B2).
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Figure 56. Correlation plot depicting Pearson’s correlation coefficient between the investigated plant and soil attributes.
Blue colour: positive correlation; Red colour: negative correlation. The darker the colour shade, the higher the correlation
between two attributes. See online version for colours.

3.6.Ecohydrological model for vertical root distribution

We found a substantial mismatch between the chosen parametric ecohydrological and the
empirical VRD models (Figs. 8a-c; Table 4). This showed that the existing parametric,
ecohydrological VRD model cannot readily predict VRD under the pedoclimatic conditions of
the study area. However, we detected a consistent (RZ > 0.9) linear relationship between the
ecohydrological and empirical VRD models when Ar(z) was log-transformed (Figs. 8d-e) -i.e.
a consistent exponential fit was observed when comparing empirical, untransformed Ar(z)
values against parametric, untransformed Ar(z) values. The fitting parameters for the log-

transformed linear models established between ecohydrological and empirical VRD models
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are shown in Table 5. We observed a strong correlation (r > 0.5) between most of the studied

plant attributes and the fitting parameters for the log-transformed linear models (Table 6). In

addition, a strong correlation was observed between the fitting parameters and the soil moisture

content at field capacity and at wilting point (Table 6).
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Table 35. Fitting parameters for the log-transformed linear model the form “Ln(Empirical Ar(z))=A+BxLn(Ecohydrological
Ar(z))” fitted between empirical and ecohydrological VRD models.

Site 1 Site 2 Site 3
Plant species | A B A B A B
E. minima 26.88 6.67 37.46 9.68 9.47 4.47
L. alpina -1.67 2.49 -2.07 2.53 -1.86 2.24
P. alpina -6.44 2.15 -7.00 2.21 -4.41 1.59

Table 46. Pearson’s correlation coefficients for the pair-wise correlation between the evaluated soil and plant attributes and

the fitting parameters for the log-transformed linear model the form “Ln(Empirical Ar(z))=A+BxLn(Eco-hydrological

Ar(z))” fitted between empirical and ecohydrological VRD models.

Variable A B
Slope -0.36 -0.42
Aspect -0.31 -0.36
Curvature -0.05 0.03
Cs -0.74 -0.73
Sp -0.56 -0.58
Aro -0.65 -0.60
Ma -0.75 -0.68
Mr -0.61 -0.54
b -0.11 -0.11
0g 0.20 0.23
Pbk -0.12 -0.14
n 0.18 0.20
SOC -0.18 -0.20
pH -0.12 -0.14
sk -0.09 -0.16
Clay 0.19 0.29
Fine silt -0.14 -0.16
Coarse silt -0.12 -0.13
Fine sand 0.19 0.29
Coarse sand -0.21 -0.31
ofc 0.16 0.19
owp -0.59 -0.57
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4. Discussion
4.2.Vertical root distribution

The vertical root distribution (VRD) of the three studied alpine plant species decreased
exponentially with soil depth. Accordingly, VRD was successfully described with a negative
exponential model that was fitted to the measured data (Fig. 4). This is consistent with VRDs
reported for shrub, woody, and herbaceous plant species in Mediterranean (Preti et al., 2010;
Tron et al., 2014), southern alpine (Burylo et al., 2011) and temperate-humid ecosystems
(Gonzalez-Ollauri and Mickovski, 2016; Tardio et al., 2016), and it confirms that the proposed
approach for describing VRD in herbaceous plants is methodologically robust across terrestrial

ecosystems in Europe.

We attributed the observed VRD differences across plants and sites (Fig. 4) to the differences
in plant attributes that we found (Table 3). In spite of the differences observed in key VRD
parameters across sites (Table 3), and of the strong influence of site-specific attributes on the
key VRD parameters that we noticed herein (Fig. 5 and Section 4.2), the direction of the effect
of the study site on the size and depth of the measured VRDs was unclear, given that the extent
of VRD changed with the plant species from site to site (Fig. 4). Yet, there were limitations to
the study, as we did not evaluate altitudinal differences between plant individuals (e.g. Gale,
2004; Miyamoto et al., 2015), nor the differences in soil nutrients between sampling locations
(e.g. Forde and Lorenzo, 2001), or the climatic differences across study sites (Schenk and
Jackson, 2005). We think that all these aspects deserve further consideration to expand on our

findings related to how VRD is shaped by local site conditions.
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The proposed VRD description approach has been used effectively in woody plant species
under both sloped and flat topographies (Tron et al., 2014; Tardio et al., 2016; Gonzalez-Ollauri
et al., 2020). Still, its ability to capture realistically large roots (> 3 mm in diameter, incl. tap
roots) in woody plants needs further verification, notwithstanding the fact that the in situ
description of root systems for woody plants is methodologically challenging (B6hm, 1979),
and it generally focuses on one or two vertical profiles of the root system (e.g. Tardio et al.,
2016; Gonzalez-Ollauri et al., 2020) from which it is hard to comprehensively capture root
system features. However, the VRD description approach followed herein is methodologically
simple and easy to implement, it provided a good and realistic picture of the VRD for the
studied alpine plants with root systems mainly comprising fine roots, and it generated
information directly applicable in workflows needing VRD information such as plant-water
uptake models (e.g. Laio, 2006; Shukla, 2014) or soil-root reinforcement estimation

approaches (e.g. Gonzalez-Ollauri and Mickovski, 2016, 2017b; Kokutse et al., 2016).

4.3.Influence of climate, plant and soil attributes on key vertical root distribution parameters

The rooting depth (b) and root biomass (Mr) for the three studied plant species (Table 3) were
within the ranges described in Pohl et al. (2011) and Hudek et al. (2017) for alpine ecosystems.
However, these were below the ranges reported for semi-arid (Preti et al., 2010) and temperate-
humid (Gonzalez-Ollauri and Mickovski, 2016) climates. These differences were attributed to
the short duration of the growing season in our study area, and associated to long periods with
snow cover and low temperatures, which likely limited plant development (e.g. Kaspar and

Bland, 1992; Lahti et al., 2005; Alvarez-Uria and Korner, 2007).
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The key studied VRD parameters (i.e. b: mean rooting depth; Aro: cross-sectional area at the
root collar; and Mr: root biomass) were distinctly influenced by the investigated soil and plant
attributes (Figs 6, 7 and Appendix B — Figs. B1-B3). We observed that, while the rooting depth
was mostly site-specific, the allocation of biomass to the belowground plant parts and its
distribution along the soil profile was both species-specific and reliant on relevant soil

ecohydrological features.

4.3.1. Rooting depth

The mean rooting depth (b; Laio et al., 2006) was chiefly influenced by soil attributes
governing the water available to plants in the soil (WAP; i.e. difference between soil water
content at field capacity (&fc) and wilting point (6wp); Fig. 5a, 7 and Appendix B — Fig. B1;
Table 4; Eq.4 Table 1; Casper et al., 2003). It is worth noting that &fc and &wp were estimated
in the light of well-established pedotransfer functions nested in the VRD model (Egs. 4, 5, 11
and 12; Table 1) with relatively low sensitivity (Gonzalez-Ollauri and Mickovski, 2016) and
which employed soil texture, soil organic carbon, and porosity as inputs (Toth et al., 2015).
Accordingly, soils with high organic carbon and with a fine texture (i.e. high clay and silt
content) would have high water retention capacity (Kirkham, 2005; Lu and Likos, 2004) and,
as a result, deeper root systems, as it was shown herein (Figs. 6 and B1; Table 3; Schenk and
Jackson, 2005; Gonzalez-Ollauri and Mickovski, 2016). In fact, we observed clear differences
across sites in terms of the soil attributes governing WAP (Table 2), which may explain why
Site 3 had substantially deeper rooting depths than sites 1 and 2 (Table 3). The effect of the
soil’s ecohydrological characteristics on the rooting depth has been highlighted in previous
studies (e.g. Schenk, 2005; Laio et al., 2006; Preti et al., 2010), suggesting that the ability of

roots to explore the soil in depth largely depends on the water mass balance within the topsoil
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(Tsutsumi et al., 2003; Laio, 2006; Laio et al., 2006). In fact, the soil water mass balance
features in the proposed ecohydrological models predicting the mean rooting depth (Egs. 4 and
5; Table 1; Laio et al., 2006; Gonzalez-Ollauri and Mickovski, 2016), and our results validate
that these models are conceptually correct. However, other models are nested into the
investigated VRD model (e.g. growing season duration, evapotranspiration, soil pedotransfer
functions, etc.), leading to likely propagation of errors and uncertainty (Taylor, 1997) that
should be thoroughly investigated and dealt with prior to verifying the quality and robustness

of the VRD models (e.g. Gonzalez-Ollauri and Mickovski, 2017b).

Model differences between the options for arid or semi-arid (Eq. 4; Table 1) and temperate
humid (Eq.5; Table 1) climates imply rooting depth differences that were not tested herein. In
arid climates, water withdrawal through evapotranspiration limits the amount of water
available to plants in the topsoil, thus encouraging deeper rooting depths than in humid
climates. By contrast, in temperate humid climates, water inputs exceed outputs in the topsoil
(i.e. rainfall > evapotranspiration), leading to shallower rooting depths as roots do not face
water limitations in the topsoil - i.e. roots do not need to explore the soil in search of deep water
(Schenk and Jackson, 2005). In alpine climates, however, where snowfall, ground frost, and
short snow-free periods govern the soil ecohydrological behaviour (e.g. Molotch et al., 2009),
further model tuning is needed to fully capture the rooting depth and VRD with the proposed
parametric ecohydrological model (Fig. 7a-c; Table 4). In addition, the direct quantification of
soil attributes governing the available water to plants through, for example, retrieving the soil-
water retention function (e.g. Zhang et al., 2019) or by evaluating the soil structure and
aggregates (e.g. Bengough, 2003) could shed more light on the effect of the soil’s

ecohydrological characteristics on the rooting depth and VRD.
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It is also worth noting the high influence of soil pH on the rooting depth (Fig. 4a; Fig. 6), which
on the basis of the correlogram (Fig. 6) and PDPs (Annex B — Fig.B1) was negative — i.e.
shallower rooting depths were noticed when the pH was higher. This observation may indicate
that plants tend to reduce root elongation and increase thickness as a strategy to promote
nutrient uptake when soil pH is high (e.g. Robles-Aguilar et al., 2019). The latter is somehow
supported by the positive interaction that we observed between soil pH and the cross-sectional
area at the root collar (Aro; Figs. 6 and B2), suggesting that root thickness increased at the
collar when soil pH increased. Yet, as the variability in soil pH was small across study sites
(Table 3), we cannot convincingly elucidate possible reasons behind our observations and we

thus recommend further research on the effect of soil pH on the key VRD parameters.

In this study, there were also limitations to the analysis because site-specific records for the
climate attributes and for the snowpack depth, although capable of affecting the rooting depth
in alpine ecosystems (e.g. Cooper et al., 2011), were not available. Additionally, we did not
consider the topographical effect of the slope gradient on the rainfall lost to runoff and, in turn,
on the rooting depth (Tron et al., 2014; Tardio et al., 2016); nor the influence of preferential
flow paths in the soil (e.g. Clothier et al., 2008; Gonzalez-Ollauri et al., 2020) or the effect of
soil anisotropy on the rooting depth and VRD. We believe that all these aspects deserve detailed
consideration to improve the predictive capacity of the parametric VRD models studied here.
However, the consistent linear relationship between empirical and parametric ecohydrological
VRD models reported in this study (Fig. 7d-e), and the high correlation found between fitting
parameters and soil attributes governing the available water to plants (i.e. &fc and éwp; Table

6) set the direction of future research.

4.3.2. Cross-sectional area at the root collar and root biomass
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The cross-sectional area at the root collar (Aro) and the root biomass (Mr) were mostly
influenced by the investigated plant attributes (Fig. 5 and Appendix B — Figs. B2 and B3).
However, a substantial effect of the soil water at field capacity and wilting point on Aro and
Mr was also detected (Fig. 6). It is worth noting that the combined effect of the soil and plant
attributes on the key VRD parameters was only evident when multiple data analysis approaches
were used together - i.e. relative influence from RF models (Fig. 5), pairwise correlation (Fig.
6) and PDPs (Appendix B), indicating that comprehensive data mining is needed to fully grasp
complex interactions between environmental variables affecting VRD (Supplementary
Material - Fig. S1). The findings shown herein corroborate that while the extent of the root
system in the soil (i.e. rooting depth; Section 4.2.1) is delimited by the soil water mass balance
and its contributing soil attributes (i.e. soil texture, SOC, éfc and éwp; Figs. 5a and 6), the plant
biomass allocated belowground is distributed along the VRD profile in the light of both plant-
specific and soil attributes (Figs. 6b-c and 7). The latter aspect features in the proposed VRD
model through Aro (Eq.3; Table 1), which acts as scaling factor in the distribution of root
biomass along the root profile in the soil (Preti et al., 2010; Gonzalez-Ollauri and Mickovski,
2016). In this regard, we noticed that the magnitude of Aro was positively influenced by the
slope gradient whilst being negatively affected by SOC (Fig. B2). A plausible explanation for
the former is that plants tend to adopt anchoring strategies in steep slopes (e.g. Tardio et al.,
2016), which may imply the allocation of root biomass near the ground surface to promote
anchorage to the ground and plant stability (Chiatante et al., 2003). In fact, we also noticed that
Mr was higher on steeper slopes (Fig. B3). Contrariwise, root biomass tends to be distributed
towards deeper portions of the soil when there is more SOC, which would reduce the amount
of root biomass allocated near the surface (Fig. B3) and thus to Aro. All these aspects support

the assumption of using a ‘cone-shape-volume’ to model the distribution of root biomass in the
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soil (Fig. 3b; Supplementary Material), which was further supported by the strong influence of
Mr on Aro (Figs.6b and 7). However, the observed mismatch between empirical and parametric
ecohydrological VRD models (Fig. 7a-c; Table 4), in which Aro, Mr, and b are embedded
(Table 1), suggests that the modelling approach to estimate the key VRD parameters Aro and
b (Egs. 4, 5 and 7; Table 1) must be revised for alpine ecosystems. Future work may consider
to explore the effect of topography in detail and/or to include climate-specific variables such
as snowpack depth, duration of the snow-free period, and frozen ground cycle, and how these
influence AWP and Aro in alpine ecosystems. In addition, soil nutrient limitations (e.g.
nitrogen; Zong et al., 2020) and plant-specific aspects related to growth and survival strategies
of alpine plants (e.g. Cooper et al., 2003; Germino, 2014) can be considered in future versions
of the VRD model to portray more realistically the characteristic allocation of plant biomass

above- and belowground in alpine ecosystems (e.g. Wu et al., 2013).

Nonetheless, the strong correlation between the investigated plant attributes and the fitting
parameters resulting from evaluating the relationship between empirical and parametric,
ecohydrological VRD models (Table 6) suggests that the collection of studied plant attributes
was appropriate, setting the direction of future research. The strong influence of plant attributes
such as the crown spread and projected area on the plant aboveground biomass (Ma) and Aro
(Figs.6b-c, 7, Appendix B — Figs. B2 and B3) hints at the possibility of establishing robust
data-mining approaches able to predict VRD on the basis of easy-to-measure aboveground
plant attributes (e.g. Fig. 3); provided that information on the allometry relationship between
above and belowground plant parts is available (Table 2; e.g. Cheng and Niklas, 2007). In this
regard, we expected that the allometry ratio (i.e. ALR=Mr/Ma; Table 2) would be consistently
above unity in the studied alpine plant species (e.g. Pohl et al., 2011), as a greater allocation of

biomass to the belowground plant parts could help plants to withstand harsh aboveground
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conditions (Germino, 2014). Nonetheless, only P. alpina had an ALR consistently above unity.
Future work helping to establish consistent and site-specific allometry relationships between
above and belowground plant parts in alpine ecosystems (e.g. Stastna et al. 2012) will
undoubtedly help to consolidate approaches seeking to describe VRD using very few, easily

measurable, parameters, like the one discussed herein.

5. Conclusion

Our study consolidates a simple protocol to describe the vertical root distribution (VRD) in
herbaceous plants. It also addresses, for the first time, the influence of soil and plant attributes
on key VRD parameters, validating the principles and assumptions behind the existing
parametric, ecohydrological models predicting VRD, and casting light on how VRD can be
effectively described using simple climate, soil and plant attributes. In fact, we confirmed that
insights into the water mass balance in the soil and into the water available to plants are crucial
to describe VRD in alpine ecosystems, as it has been suggested in previous studies for semi-
arid and temperate humid ecosystems. However, the existing parametric ecohydrological VRD
models were not able to portray successfully the vertical root distribution of the studied alpine
plants in the light of the measured root profiles. Although we found a strong correlation
between empirical and parametric VRD models that establish a clear direction for future
research, we also think that the parametric VRD model needs to be revised in the future to
include features affecting the water available to plants in alpine ecosystems, such as the
snowpack characteristics or the length of the snow-free and frozen ground periods. We also
encourage future work exploring in detail the effect of topography, elevation, climate and
nutrient limitations on VRD, as these factors can help to formulate new models predicting VRD

realistically.
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Appendix A: Goodness of fit
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Figure Al. Probability density functions illustrating the coefficients of determination (R?), root mean square error (RMSE) and
variance explained (VarExp) retrieved from the cross-validation process implemented on random forest (RF) models, fitted
between the studied soil and plant attributes to predict key vertical root distribution parameters.
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Table A1. Coefficient of determination (R?) and root mean square error (RMSE) for the best performing random forest

models fitted between the key vertical root distribution (VRD) parameters mean rooting depth (b), cross-sectional area at
the root collar (Aro) and root biomass (Mr) and the studied plant and soil attributes.

R? RMSE Model No.
b 0.78 0.67 28
Aro 0.92 0.003 78
Mr 0.90 0.11 68
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Appendix B: Partial dependence plots (PDPs) for the key vertical root distribution
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Figure B1. Partial dependence plots (PDPs) showing the relationship between the mean rooting depth (b) and the investigated
plant and soil attributes in this study retrieved from fitting random forest models as indicated in the analytical framework
shown in Figure 4.
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Figure B2. Partial dependence plots (PDPs) showing the relationship between the cross-sectional area at the root collar (Aro)
and the investigated plant and soil attributes in this study retrieved from fitting random forest models as indicated in the
analytical framework shown in Figure 4.
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Figure B3. Partial dependence plots (PDPs) showing the relationship between the root biomass (Mr) and the investigated
plant and soil attributes in this study retrieved from fitting random forest models as indicated in the analytical framework
shown Figure 4.
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Appendix C. R script — VRD data mining

#Description:

#this script provides a series of functions to evaluate the relationship between the 'rooting
depth' variable and selected soil and plant attributes. Please, note that this is just a
sample script for the 'rooting depth' only.

#Instructions:

#copy-paste the following script in your R console https://cran.r-project.org/ and change the
working directory as appropriate

HHHHE A R

#Outline

SRS EE L

#1-RANDOM FOREST IMPLEMENTATION: it fits random forest models (RF) between the target
variable and selected plant and soil attributes and generates data frames storing relevant
outputs related to goodness of fit and relative importance of covariates

#11-OUTPUTS COLLECTION AND RELATIVE IMPORTANCE EVALUATION: outputs collection, generation of
output datasets and creation of relevant plots evaluating model quality

#111-PARTIAL DEPENDENCE PLOTS: creates practical dependence plots for the target variable
FHEH AR H AR A AR H AR AR A R A R

#Abbreviations:

#b cm obs: measured mean rooting depth in cm

igadsaassiisasasiiaantiiasasiiasnRiinantidi

#load data set and required R packages

setwd ("/Users/ollauri/Desktop/work/catena roots/in") #write the path to your folder here
<-read.csv ("DATASET.csv")

library( )

library(

library( )

library(

)

#i: RANDOM FOREST IMPLEMENTATION

<-100 #number of models to fit

<-vector ("list",n) #empty list object to store RF models
<-vector ("list",n) #empty list object to store predictions from RF models
<-vector ("list",n) #empty list object to store train data sets to fit RFs
<-vector ("list",n) #empty list object to store objective function -i.e. linear
regression models between observed and predicted
<-vector ("list",n) #empty list to store RMSE (root mean sgquare error)
<-vector ("list",n) #empty list to store coefficient of determination (r-sq)

<-list () #empty list to store outputs
<-seq(l,100) #vector to assign numbers to outputs

<-matrix(, =n, =3) #empty matrix to store outputs
<-vector ("list",n) #empty list to store variables importance
<-list () #empty list to store values of relative importance
<-list () #empty list to sotore variables names related to relative importance
for(i in 1:n){
set.seed (i) #random number changes in each model run
[[1]]<-sample (nrow ( ), 0.7*nrow ( )) #sets training data set - i.e. bootstrapping
[[1]]<-randomForest ( ~ + + + + +
+ + + + +
+ + + + + +
+ + + + + +
+ +
, = [ [rill, 1, =5, =TRUE, =1000) #fits random forest
models between target variable and soil & plant attributes
[[1]]1<-predict( [[i1], [- [[1]1]1,]) #predictions using the RF models
and remaining data set
[[1]]1<-1m( [[1]]~ $ [- [[i]]1]) #fits regression models
[[1]]<-sqgrt (mean ( ( $ [- [[111]- [[i1]1)72)) #calculates RMSE
[[i]]<-as.matrix (summary ( [[111)$ ) #calculates r-sq
[[1]]<-list(ct[i], [rs1l, [[11]) #stores outputs
[1,]<=c( [[1]][[1]],as.numeric( NESRRRVANDI [[111[[3]1]) #arranges
outputs
[[i]]<-varImp ( [[1]]) #calculates RELATIVE IMPORTANCE
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[[1]]<= [[1]] #stores relative importance values
[[1]]<-rownames ( [[1]]) #stores variables names
}
B v~ e e
#ii: OUTPUTS COLLECTION
B

setwd ("/Users/ollauri/Desktop/work/catena roots/out")
pdf ("RFs_hist rooting depth global.pdf")

hist ( [,21, ="gray", ="b vs plant &

soil"™, =expression (paste ("R"""2")), =c(0,40)) #histogram showing density distribution
function for goodness of fit of RF models

dev.off ()

out.df.b<-data.frame (model=output.b[,1],Rsg=output.b[,2],RMSE=output.b([, 3]
write.csv(out.df.b,"b global RFs.csv") #data frame storing summary for RF models' goodness of
fit

save (RFs.b,file="RFs b global.RData") #data base storing RF models
varImp.df.b<-data.frame (var=unlist (varImp.names.b), imp=unlist (varImp.vals.b))
write.csv(varImp.df.b,"varImp b.csv") #data frame storing relative influence

pdf ("RFs_b varImp.pdf")

boxplot (imp~reorder (var, imp, FUN=mean) ,data=varImp.df.b,horizontal=TRUE, las=2, cex.axis=0.7,mai

n="varImp rooting depth") #boxplot for relative influence

dev.off ()

FE e~ e

#1ii:PARTIAL DEPENDENCE PLOTS

3 e~

#Note: numerical variables, only - factor/character must be coded into numeric variables
first

#pl.x<-vector ("list",n) #empty vectors to store partial dependence
p2.x<-vector ("list",n)

p3.x<-vector ("list",n)

#pd.x<-vector ("list",n)

#p5.x<-vector ("list",n)

p6.x<-vector ("list",n)
p7.x<-vector ("list",n)
p8.x<-vector ("list",n)
p9.x<-vector ("list",n)
pl0.x<-vector ("list",n
pll.x<-vector ("list",n
pl2.x<-vector ("list",n
pl3.x<-vector ("list",n
pld.x<-vector ("list",n
pl5.x<-vector ("list",n
pl6.x<-vector ("list",n
pl7.x<-vector ("list",n
pl8.x<-vector ("list",n
pl9.x<-vector ("list",n
p20.x<-vector ("list",n
p2l.x<-vector ("list",n
p22.x<-vector ("list",n
#p23.x<-vector ("list",

p24.x<-vector ("list",n
p25.x<-vector ("list",n

)
)
)
)
)
)
)
)
)
)
)
)
)
n)
)

)

#store partial dependence for each covariate with the target variable
for(i in 1:n){

#pl.x[[1]]<-partial (RFs.b[[1]],pred.var="species",plot=FALSE, from=0, to=10)
p2.x[[1]]1<-partial (RFs.b[[1]],pred.var="site",plot=FALSE)
p3.x[[i]]<-partial (RFs.b[[i]],pred.var="slope deg",plot=FALSE)
#pd.x[[i]]<-partial (RFs.b[[1]],pred.var="aspect deg",plot=FALSE)
#p5.x[[1]]<-partial (RFs.b[[1]],pred.var="curvature",plot=FALSE)
p6.x[[i]]<-partial (RFs.b[[i]],pred.var="av crown spread cm",plot=FALSE)
p7.x[[i]]<-partial (RFs.b[[i]],pred.var="sp cm2",plot=FALSE)
p8.x[[i]]<-partial (RFs.b[[i]],pred.var="Aro cm2",plot=FALSE)
p9.x[[i]l]<-partial (RFs.b[[i]],pred.var="aboveground biomass g",plot=FALSE)
plO0.x[[i]]<-partial (RFs.b[[i]],pred.var="belowground biomass g",plot=FALSE)
pll.x[[i]]<-partial (RFs.b[[i]],pred.var="soil wetness g",plot=FALSE)
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pl2.x[[i]]<-partial (RFs.b[[i]],pred.var="mositure grav per",plot=FALSE)
pl3.x[[i]]<-partial (RFs.b[[i]],pred.var="dry bulk density g cm3",plot=FALSE)
pld.x[[i]]<-partial (RFs.b[[1]],pred.var="porosity",plot=FALSE)
pl5.x[[i]]<-partial (RFs.b[[i]],pred.var="soc per",plot=FALSE)
plé.x[[i]]<-partial (RFs.b[[1]],pred.var="pH",plot=FALSE)
pl7.x[[i]]<-partial (RFs.b[[i]],pred.var="soil skeleton per",plot=FALSE)
pl8.x[[i]]<-partial (RFs.b[[i]],pred.var="clay per",plot=FALSE)
pl9.x[[i]]<-partial (RFs.b[[1]],pred.var="fine silt per",plot=FALSE)
p20.x[[i]]<-partial (RFs.b[[i]],pred.var="coarse silt per",plot=FALSE)
p2l.x[[i]]<-partial (RFs.b[[i]],pred.var="coarse sand per",plot=FALSE)
p22.x[[i]]<-partial (RFs.b[[1]],pred.var="fine sand per",plot=FALSE)
#p23.x[[1i]]<-partial (RFs.b[[i]],pred.var="texture USDA",plot=FALSE)
p24.x[[i]]<-partial (RFs.b[[i]],pred.var="field capacity",plot=FALSE)
p25.x[[i]]<-partial (RFs.b[[i]],pred.var="wilting point",plot=FALSE)

#retrieve outputs and arrange them for graphic display

#pl.a<-1list ()

#for(i in 1:n){

# pl.al[i]]l<-pl.x[[1]][[1]
#}

#pl.mtx.a<-do.call (rbind,pl.a)
#pl.mtx.a.t<-t(pl.mtx.a)
#pl.xs<-rowMeans (pl.mtx.a.t)
#pl.b<-list ()

#for (i in 1:n){
#pl.b[[1]]<-pl.x[[1]][[2]

#}

#pl.mtx<-do.call (rbind,pl.b) #i kind of have now the list elements in a matrix
#pl.mtx.t<-t (pl.mtx)
#pl.yhat<-rowMeans (pl.mtx.t)

p2.a<-list ()
for(i in 1:n) {
p2.al[1]]1<-p2.x[[1]11[[1]]

p2.mtx.a<-do.call (rbind,p2.a)
p2.mtx.a.t<-t(p2.mtx.a)
p2.xs<-rowMeans (p2.mtx.a.t)
p2.b<-list ()

for(i in 1:n) {
p2.b[[1]]<-p2.x[[1]][[2]]

}

p2.mtx<-do.call (rbind, p2.b)
p2.mtx.t<-t (p2.mtx)
p2.yhat<-rowMeans (p2.mtx.t)

p3.a<-list ()
for(i in 1:n) {
p3.alli]]<-p3.x[[1]][[1]]

p3.mtx.a<-do.call (rbind,p3.a)
p3.mtx.a.t<-t (p3.mtx.a)
p3.xs<-rowMeans (p3.mtx.a.t)
p3.b<-1list ()

for(i in 1:n) {
p3.b[[1]]<-p3.x[[1]]1[[2]]

}

p3.mtx<-do.call (rbind, p3.b)
p3.mtx.t<-t (p3.mtx)
p3.yhat<-rowMeans (p3.mtx.t)

#pd.a<-list ()

#for(i in 1:n){

# pd.al[1]]1<-p4.x[[1]]1[[1]]
#}

#p4.mtx.a<-do.call (rbind,p4.a)
#pd.mtx.a.t<-t (pd.mtx.a)
#pd.xs<-rowMeans (p4.mtx.a.t)
#pd . b<-list ()

#for(i in 1:n){

# pd.b[i]]<-p4d.x[[1]]1[[2]]
#}

#pd4.mtx<-do.call (rbind, p4.b)
#pd.mtx.t<-t (p4.mtx)
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#p4.yhat<-rowMeans (p4.mtx.t)

#p5.a<-1list ()

#for(i in 1:n){

# p5.al[1]]1<-p5.x[[1]]1[[1]
#1
#p5.mtx.a<-do.call (rbind, p5.a)
#p5.mtx.a.t<-t (p5.mtx.a)
#p5.xs<-rowMeans (p5.mtx.a.t)
#p5.b<-1list ()

#for(i in 1:n){

# pS.b[[1]1]1<-p5.x[[1]11[[2]
#1

#p5.mtx<-do.call (rbind, p5.b)
#p5.mtx. t<-t (p5.mtx)
#p5.yhat<-rowMeans (p5.mtx.t)

p6.a<-list ()
for(i in 1:n) {
p6.al[1]]1<-p6.x[[1]]1[[1]

p6.mtx.a<-do.call (rbind,p6.a)
p6.mtx.a.t<-t(p6.mtx.a)
p6.xs<-rowMeans (p6.mtx.a.t)
p6.b<-1list ()

for(i in 1:n){
p6.b[[1]]<-p6.x[[1]]1[[2]]

}

p6.mtx<-do.call (rbind, p6.Db)
p6.mtx.t<-t (p6.mtx)
p6.yhat<-rowMeans (p6.mtx.t)

p7.a<-list ()
for(i in 1:n) {
p7.alli]]<-p7.x[[1]][[1]]

p7.mtx.a<-do.call (rbind,p7.a)
p7.mtx.a.t<-t (p7.mtx.a)
p7.xs<-rowMeans (p7.mtx.a.t)
p7.b<-1list ()

for(i in 1:n){
p7.b[[1]]<-p7.x[[1]][[2]]

}

p7.mtx<-do.call (rbind, p7.Db)
p7.mtx.t<-t (p7.mtx)
p7.yhat<-rowMeans (p7.mtx.t)

p8.a<-list ()
for(i in 1:n) {
p8.al[1]]1<-p8.x[[1]]1[[1]

p8.mtx.a<-do.call (rbind,p8.a)
p8.mtx.a.t<-t (p8.mtx.a)
p8.xs<-rowMeans (p8.mtx.a.t)
p8.b<-1list ()

for(i in 1:n) {
p8.b[[1]]1<-p8.x[[1]]1[[2]

p8.mtx<-do.call (rbind, p8.Db)
p8.mtx.t<-t (p8.mtx)
p8.yhat<-rowMeans (p8.mtx.t)

p9.a<-list ()
for(i in 1:n) {
p9.al[1]]1<-p9.x[[1]][[1]]

p9.mtx.a<-do.call (rbind,p9.a)
p9.mtx.a.t<-t (p9.mtx.a)
p9.xs<-rowMeans (p9.mtx.a.t)
p9.b<-1list ()

for(i in 1:n) {
P9.b[[1]]<-p9.x[[1]][[2]

}

p9.mtx<-do.call (rbind, p9.b)
p9.mtx.t<-t (p9.mtx)
p9.yhat<-rowMeans (p9.mtx.t)
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plO0.a<-1list ()

for(i in 1:n){
pl0.a[[1]]<-plO.x[[1]][[1]]
}

pl0.mtx.a<-do.call (rbind,pl0.a)
plO.mtx.a.t<-t (pl0.mtx.a)
pl0.xs<-rowMeans (pl0.mtx.a.t)
pl0.b<-1list ()

for(i in 1:n){
pl0.b[[1]]<-plO.x[[1]][[2]]
}
pl0.mtx<-do.call (rbind, pl0.b)
pl0.mtx.t<-t (pl0.mtx)
plO.yhat<-rowMeans (pl0.mtx.t)

pll.a<-list()

for(i in 1:n){
pll.a[[i]]<-pll.x[[i]][[1]]
}

pll.mtx.a<-do.call (rbind,pll.a)
pll.mtx.a.t<-t(pll.mtx.a)
pll.xs<-rowMeans (pll.mtx.a.t)
pll.b<-1list ()

for(i in 1:n) {
pll.b[[i]]<-pll.x[[i]][[2]]
}

pll.mtx<-do.call (rbind,pll.Db)
pll.mtx.t<-t (pll.mtx)
pll.yhat<-rowMeans (pll.mtx.t)

pl2.a<-1list()

for(i in 1:n) {
pl2.a[[1]]<-pl2.x[[1]][[1]]
}

pl2.mtx.a<-do.call (rbind,pl2.a)
pl2.mtx.a.t<-t(pl2.mtx.a)
pl2.xs<-rowMeans (pl2.mtx.a.t)
pl2.b<-list ()

for(i in 1:n){
pl2.b[[1]]<-pl2.x[[1]][[2]]
}
pl2.mtx<-do.call (rbind, pl2.b)
pl2.mtx.t<-t (pl2.mtx)
pl2.yhat<-rowMeans (pl2.mtx.t)

pl3.a<-1list ()

for(i in 1:n) {
pl3.al[1]]1<-p13.x[[1]1]1[[1]]
}

pl3.mtx.a<-do.call (rbind,pl3.a)
pl3.mtx.a.t<-t(pl3.mtx.a)
pl3.xs<-rowMeans (pl3.mtx.a.t)
pl3.b<-1list ()

for(i in 1:n){
pl3.b[[1]]<-pl3.x[[1]][[2]]
}
pl3.mtx<-do.call (rbind, pl3.b)
pl3.mtx.t<-t (pl3.mtx)
pl3.yhat<-rowMeans (pl3.mtx.t)

pld.a<-list()

for(i in 1:n){
pld.al[1]]<-pld.x[[1]][[1]]
}

pld.mtx.a<-do.call (rbind,pl4.a)
pld.mtx.a.t<-t(pl4.mtx.a)
pléd.xs<-rowMeans (pl4.mtx.a.t)
pld.b<-list ()

for(i in 1:n){
pld.b[[i]]<-pld.x[[1]][[2]]
}
pld.mtx<-do.call (rbind, pl4.b)
pld.mtx.t<-t (pl4d.mtx)
pl4.yhat<-rowMeans (pl4.mtx.t)

pl5.a<-1list ()
for(i in 1:n) {



pl5.al[i]]1<-pl5.x[[i]][[1]]
}

pl5.mtx.a<-do.call (rbind,pl5.a)
plS.mtx.a.t<-t (pl5.mtx.a)
pl5.xs<-rowMeans (pl5.mtx.a.t)
pl5.b<-1list ()

for(i in 1:n) {
pl5.b[[1]]<-pl5.x[[1]][[2]]
}
pl5.mtx<-do.call (rbind, pl5.b)
plS.mtx.t<-t (pl5.mtx)
pl5.yhat<-rowMeans (pl5.mtx.t)

pl6.a<-list ()

for(i in 1:n) {
plé.a[[i]]<-plée.x[[1]][[1]]
}

pl6.mtx.a<-do.call (rbind,pl6.a)
pl6o.mtx.a.t<-t(pl6.mtx.a)
pl6.xs<-rowMeans (pl6.mtx.a.t)
pl6.b<-1list ()

for(i in 1:n){
ple.b[[1]]1<-pl6e.x[[1]1]1[[2]]
}
pl6.mtx<-do.call (rbind, pl6.b)
plé6.mtx.t<-t (pl6.mtx)
pl6.yhat<-rowMeans (pl6.mtx.t)

pl7.a<-1list ()

for(i in 1:n) {
pl7.a[[1]]<-pl7.x[[1]][[1]]
}

pl7.mtx.a<-do.call (rbind,pl7.a)
pl7.mtx.a.t<-t(pl7.mtx.a)
pl7.xs<-rowMeans (pl7.mtx.a.t)
pl7.b<-1list ()

for(i in 1:n){
pl7.b[[1]]<-pl7.x[[1]][[2]]
}
pl7.mtx<-do.call (rbind, pl7.b)
pl7.mtx.t<-t (pl7.mtx)
pl7.yhat<-rowMeans (pl7.mtx.t)

pl8.a<-list ()
for(i in 1:n){
pl8.a[[1]]<-pl8.x[[1]][[1]]
}
pl8.mtx.a<-do.call (rbind, pl8.a)
pl8.mtx.a.t<-t(pl8.mtx.a)
pl8.xs<-rowMeans (pl8.mtx.a.t)
pl8.b<-1list ()
for(i in 1:n){
pl8.b[[1]]1<-pl8.x[[1]1]1[[2]]
}
<-do.call( ’ )
<-t( )
<-rowMeans ( )

<-list ()
for(i in 1:n){

<-do.call( , )
<=t ( )
<-rowMeans ( )
<-list ()
for(i in 1:n) {
[[1]1]1<- [[i11002]]
}
<-do.call( , )
<-t( )
<-rowMeans ( )

<-list ()
for(i in 1:n){
[[1]1<- [[1110011]
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<-do.call( , )
<-t( )
<-rowMeans ( )
<-list()
for ( in 1:n){
[[111<- (1111010211

<-do.call( , )
<=t ( )
<-rowMeans ( )

<-list()
for ( in 1:n){
[[111<- [[111001]]

<-do.call ( , )
<=t ( )
<-rowMeans ( )
<-list ()
for ( in 1:n){
[[i11<- (1111002717

<-do.call( , )
<=t ( )
<-rowMeans ( )

<-list ()
for(i in 1:n){
[[1]11<- [[111001]]

<-do.call ( , )
<=t ( )
<-rowMeans ( )
<-list ()
for(i in 1:n){
[[1i1]1<- (111101211

<-do.call( ’ )
<-t ( )
<-rowMeans ( )

#p23.a<-list ()

#for(i in 1:n) {

# p23.a[[i]1]1<-p23.x[[1]11[[1]1]
#}
#p23.mtx.a<-do.call (rbind, p23.a)
#p23.mtx.a.t<-t (p23.mtx.a)
#p23.xs<-rowMeans (p23.mtx.a.t)
#p23.b<-1list ()

#for(i in 1:n){

# p23.b[[1]]<-p23.x[[1]]1[[2]]
#}

#p23.mtx<-do.call (rbind,p23.b)
#p23.mtx.t<-t (p23.mtx)
#p23.yhat<-rowMeans (p23.mtx.t)

<-list ()
for(i in 1:n){
[[111<= [[111001]]
}
<-do.call( , )
<-t( )
<-rowMeans ( )
<-list ()
for(i in 1:n){
[[1]11<- (1111010211

<-do.call( , )
<=t ( )
<-rowMeans ( )

<-list()
for(i in 1:n){
[[1]]<- [[i71001]]

<-do.call( , )



el e e T e e e e e e e e e e e e e e e e e e e e S e e e e i e e e o ) e e o o e i e P e o e e e i e e ) e e i e e e o ) e o
O OO DD DDDDODDOUIUIUIUIUIUIUIUIUIUIUITIUIUITIUIUITIUIUITIVTIUIUIUIUIVICIUICTIUITIUTIUITIVIUIUIUITIUIUNUT
R NRRRRERRREP PR R EOO0000O00OOOOOOOOOOOOWOO00000000000000 0000~~~ OHOOODHOHOOHDTICIC]
B WONFROWOO~OUTA WRIF OIS TTE ORI OWOO~IS U WONIF OO O~ U1 R OO~ UTR LN OO OO TR WORIF OO00~]

<=t ( )
<-rowMeans ( )
<-list()
for(i in 1:n){
[[ill1<- [ri11rere21]
}
<-do.call( , )
<-t( )
<-rowMeans ( )

#plot PDPs

pdf ("RFs_rooting depth PDPs.pdf")

par ( =c(5,5))

#plot (pl.yhat[1:8]~pl.xs[1:8],type="1",xlab="species", ylab="Mean rooting depth",main="(a)
species",cex.main=0.8,cex.lab=0.8)

plot ( [1:8]~ [1:87, ="1", ="site", ="Mean rooting depth", =" (b)
site", =0.8, =0.8)

plot ( [1:8]~ [1:8], ="i", ="slope deg", ="Mean rooting depth", =" (c)
slope deg", =0.8, =0.8)

#plot (p4.yhat[1:8]~pd.xs[1:8],type="1",xlab="aspect deg",ylab="Mean rooting depth",main="(d)
aspect deg",cex.main=0.8,cex.lab=0.8)
#plot (p5.vhat[1:8]~p5.xs[1:8],type="1",xlab="curvature",ylab="Mean rooting depth",main=" (e)
curvature",cex.main=0.8,cex.lab=0.8)

plot( [1:8]~ [1:8], ="1", ="av_crown_spread cm", ="Mean rooting
depth", =" (f) av_crown spread cm", =0.8, =0.8)

plot ( [1:8]~ [1:8], ="i", ="sp cm2", ="Mean rooting depth", ="(qg)
sp_cm2", =0.8, =0.8)

plot( [1:8]~ [1:8], ="1", ="Aro_cm2", ="Mean rooting depth", =" (h)
Aro_cm2", =0.8, =0.8)

plot ( [1:8]~ [1:8], ="in, ="aboveground biomass g", ="Mean rooting
depth", =" (i) aboveground biomass g", =0.8, =0.8)

plot ( [1:8]~ [1:8], ="l", ="belowground biomass g", ="Mean rooting
depth", ="(3j) belowground biomass g", =0.8, =0.8)

plot ( [1:8]~ [1:8], ="i", ="soil wetness g", ="Mean rooting

depth", =" (k) soil wetness g", =0.8, =0.8)

plot ( [1:8]~ [1:8], ="l", ="mositure grav_per", ="Mean rooting
depth", ="(l) mositure grav_per", =0.8, =0.8)

plot( [1:8]~ [1:87, ="1", ="dry bulk density g cm3", ="Mean rooting
depth", ="(m) dry bulk density g cm3", =0.8, =0.8)

plot( [1:8]~ [1:8], ="1l", ="porosity", ="Mean rooting depth", =" (n)
porosity", =0.8, =0.8)

plot ( [1:8]~ [1:8], ="i", ="soc_per", ="Mean rooting depth", =" (0)
soc_per", =0.8, =0.8)

plot( [1:8]~ [1:8], ="1l", ="pH", ="Mean rooting depth", ="(p)
pH", =0.8, =0.8)

plot ( [1:8]~ [1:8], ="i", ="soil skeleton per", ="Mean rooting
depth", ="(p) soil skeleton per", =0.8, =0.8)

plot( [1:8]~ [1:81, ="i", ="clay per", ="Mean rooting depth", ="(p)
clay per", =0.8, =0.8)

plot( [1:8]~ [1:8], ="i" ="fine silt per", ="Mean rooting

depth", ="(p) fine silt per", =0.8, =0.8)

plot ( [1:8]~ [1:8], ="i" ="coarse silt per", ="Mean rooting
depth", ="(p) coarse silt per", =0.8, =0.8)

plot( [1:8]~ [1:8], ="1l", ="coarse sand per", ="Mean rooting
depth", =" (p) coarse_sand per", =0.8, =0.8)

plot ( [1:8]~ [1:8], ="i", ="fine sand per", ="Mean rooting

depth", ="(p) fine sand per", =0.8, =0.8)

#plot (p23.yhat[1:8]~p23.xs[1:8],type="1",xlab="texture USDA",ylab="Mean rooting
depth",main=" (p) texture USDA",cex.main=0.8,cex.lab=0.8)

plot( [1:8]~ [1:8], ="i", ="field capacity", ="Mean rooting
depth", ="(p) field capacity", =0.8, =0.8)

plot ( [1:8]~ [1:8], ="1l", ="wilting point", ="Mean rooting
depth", ="(p) wilting point", =0.8, =0.8)

dev.off ()

65



