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Abstract

Environmental observatory networks (EONs) provide information to better understand, model and forecast the spatial and
temporal dynamics of Earth’s biophysical process. Consequently, representativeness analyses of EONs are important to provide
insights for improving EONs’ management, design, and interpretation of their value-added products (e.g., datasets, model
predictions). We assessed the representativeness of registered FLUXNET sites (n=41, revised on September 2018) across
Latin America (LA), a region of great importance for the global carbon and water cycles, which represents nearly 13% of the
world’s land surface area. Representativeness analyses were performed using a 0.05° spatial grid for multiple environmental
variables, gross primary productivity (GPP) and evapotranspiration (ET) across LA. Our results showed a potential spatial
representativeness of 34% of the surface area for climate properties, 36% for terrain parameters, 34% for soil resources, and 45%
when all aforementioned environmental variables were summarized into a principal component analysis. Furthermore, there
was a 48% potential representativeness for GPP and 34% for ET. Unfortunately, data from these 41 sites is not all readily
available for the scientific community, limiting synthesis studies and model benchmarking/parametrization. We discussed the
need to enhance interoperability, promote the participation of active/inactive sites to share information with local, regional and
international networks, and promote monitoring efforts across this region of the world to increase the accuracy of regional-to-

global data-driven products.

@QJAGU PUBLICATIONS

Journal of Geophysical Research: Biogeoscience

Supporting Information for

Representativeness of FLUXNET sites across Latin America
Authors: Samuel Villarreal’»2, Rodrigo Vargas'

!University of Delaware, Department of Plant and Soil Sciences. 531 South College Avenue. Newark, DE,
19716, USA.

2Universidad Auténoma de Querétaro, Facultad de ingenierfa. Cerro de las Campanas S/N, Centro Univer-
sitario, 76010 Santiago de Querétaro, México.

Contents of this file
Table S1



Table S2
Table S3
Introduction

This supplementary provides information about the location of the FLUXNET sites used to assess the
representativeness of environmental properties and ecosystem processes across Latin America, and its repre-
sentativeness for each IGBP class.

Additional Supporting Information
Table S1

FLUXNET site ID Latitude Longitude

AR-Lac 29.264  -61.028
BR-Ban -9.82442  -50.1591
BR-Bra -0.72371  -48.5081
BR-Cax -1.71972  -51.459
BR-Euc -21.5835  -47.6023
BR-Jil -10.7618  -62.3572
BR-Ji2 -10.0832  -61.9309
BR-Ji3 -10.0781  -61.9331
BR-Mal -2.5892  -60.1149
BR-Ma2 26091 -60.2093
Br-Mtg 11.4123  -55.3247
BR-Res -15.55 -A7.6
BR-Pan -14.8483  -43.988
BR-Sal -2.85667  -54.9589
BR-Sa2 3.0119  -54.5365
BR-Sa3 -3.01803  -54.9714
BR-Sga 0.212333  -66.7647
BR-Spl 21.6195  -47.6499
BR-Sp2 -21.6371  -47.7903
BR-Sul -15.95 -47.8667
BR-Su2 -15.95 -47.8667
CL-ACP -40.1723  -73.4452
CL-SDF -41.883  -73.676
CL-SDP -41.879  -73.666
CR-SoC 10.3827  -84.621
GF-Guy 5278772 -52.9249
MX-Cha 19.50928  -105.04
MX-Lpa 24.12925  -110.438
MX-Tes 27.84 -109.3
MX-Ray 29.74 -110.53
MX-EMg 32.0302  -116.604
MX-Loc 29.96 -110.46
MX-Oju 21.799 -101.61
MX-Ato 20.61378  -98.5941
MX-Col 28.7 -110.54
MX-Esc 19.40416  -99.1761
MX-Kax 20.09285  -89.5638
PA-Bar 9.31378  -79.6314
PA-SPs 9.31814  -79.6346



Longitude

FLUXNET site ID Latitude
PA-SPn 9.154
VE-Gan 8.900106

-79.848
-68.1509

Table S1. Eddy-covariance sites registered during summer 2018 used to assess FLUXNET representativeness

across Latin America.

Table S2

FLUXNET site ID Latitude Longitude
AR-TF1 -54.9733 -66.7335
AR-TF2 -54.9733 -66.7335
BR-CMT -13.2875 -56.0882
BR-CST -7.9682 -38.3842
BR-CUI -0.66611 -47.2833
BR-~-Ma2 -2.609097222  -60.20929722
Br-Npw -16.4980 -56.4120
BR-PRS 29.743974 -53.150333
Br-Sal -2.85667 -54.9588900
Br-Sa3 -3.01803 -54.9714400
CL-ACF -40.1726 -73.4439
CL-SDF -41.8830 -73.6760
CL-SDP -41.8790 -73.6660
CR-Fsc 10.4189 -85.4732
CR-LSe 10.4233300 -84.0211100
CR-~Nmr 10.0829 -85.46942
CR-SoC 10.382737 -84.620976
Mx-EMg 32.0298 -116.6045
Mx-Lpa 24.1292500 -110.4380300
Mx-PMm 20.846169 -86.899185
PA-Bar 9.154 -79.848
PE-QFR -3.834436 -73.31897
PE-TNR -12.8314 -69.2836

Table S2 Eddy-covariance sites registered in AmeriFlux in summer 2020 across Latin America.

Table S3

Bioclimatic

IGBP class

Evergreen needleleaf forest
Evergreen broadleaf forest
Deciduous Needleleaf Forest
Deciduous Broadlead Forest
Mixed Forest

Closed Shrubland

Open Shrubland

Woody Savana

Savana

Mean SD
0.49 0.48
0.44 0.47
NA NA
0.15 0.33
0.51 0.48
0.57 0.45
0.18 0.37
0.48 0.47
0.43 0.47



Topography

Soil

PCA

Grasslands 0.09 0.26
Permanent Wetland 0.25 0.40
Cropland 0.21 0.39
Urban and Build-Up 0.29 0.44
Cropland /Natural vegetation mosaic  0.36 0.45
Snow and Ice 0.04 0.18
Barren Land 0.11 0.30
IGBP class Mean SD
Evergreen needleleaf forest 0.62 0.41
Evergreen broadleaf forest 0.40 0.43
Deciduous Needleleaf Forest NA NA
Deciduous Broadlead Forest 0.20 0.37
Mixed Forest 0.75 0.35
Closed Shrubland 0.60 0.39
Open Shrubland 0.42 0.42
Woody Savana 0.37 0.40
Savana 0.28 0.37
Grasslands 0.26 0.39
Permanent Wetland 0.31 0.43
Cropland 0.15 0.31
Urban and Build-Up 0.40 0.42
Cropland/Natural vegetation mosaic  0.32 0.39
Snow and Ice 0.33 0.37
Barren Land 0.62 0.44
IGBP class Mean SD
Evergreen needleleaf forest 0.46 0.41
Evergreen broadleaf forest 0.38 0.35
Deciduous Needleleaf Forest NA NA
Deciduous Broadlead Forest 0.40 0.39
Mixed Forest 0.52 0.38
Closed Shrubland 0.72 0.35
Open Shrubland 0.45 0.37
Woody Savana 0.55 0.38
Savana 0.36 0.35
Grasslands 0.47 0.38
Permanent Wetland 0.53 0.38
Cropland 0.51 0.36
Urban and Build-Up 0.52 0.36
Cropland/Natural vegetation mosaic  0.54 0.37
Snow and Ice 0.57 0.38
Barren Land 0.58 0.40




GPP

ET

IGBP class Mean SD
Evergreen needleleaf forest 0.92 0.26
Evergreen broadleaf forest 0.39 0.45
Deciduous Needleleaf Forest NA NA
Deciduous Broadlead Forest 0.47 0.47
Mixed Forest 0.88 0.28
Closed Shrubland 0.90 0.23
Open Shrubland 0.50 0.45
Woody Savana 0.57 0.46
Savana 0.37 0.45
Grasslands 0.44 0.46
Permanent Wetland 0.38 0.45
Cropland 0.49 0.46
Urban and Build-Up 0.47 0.45
Cropland /Natural vegetation mosaic  0.57 0.45
Snow and Ice 0.95 0.16
Barren Land 0.45 0.36
IGBP class Mean SD
Evergreen needleleaf forest 0.54 0.49
Evergreen broadleaf forest 0.50 0.49
Deciduous Needleleaf Forest NA NA
Deciduous Broadlead Forest 0.51 0.49
Mixed Forest 0.70 0.45
Closed Shrubland 0.67 0.46
Open Shrubland 0.67 0.46
Woody Savana 0.52 0.49
Savana 0.43 0.49
Grasslands 0.46 0.49
Permanent Wetland 0.59 0.49
Cropland 0.51 0.49
Urban and Build-Up 0.61 0.49
Cropland/Natural vegetation mosaic  0.74 0.43
Snow and Ice 0.77 0.42
Barren Land 0.22 0.42
IGBP class Mean SD
Evergreen needleleaf forest 0.12 0.32
Evergreen broadleaf forest 0.58 0.49
Deciduous Needleleaf Forest NA NA
Deciduous Broadlead Forest 0.25 0.44
Mixed Forest 0.32 0.46
Closed Shrubland 0.06 0.25
Open Shrubland 0.24 0.42
Woody Savana 0.99 0.01



Savana 0.11 0.31

Grasslands 0.13 0.34
Permanent Wetland 0.08 0.27
Cropland 0.04 0.20
Urban and Build-Up 0.11 0.31
Cropland /Natural vegetation mosaic  0.57 0.49
Snow and Ice 0.06 0.23
Barren Land 0.09 0.28

Table S3 Representativeness of FLUXNET sites for bioclimatic, topography, soil properties, environmental
parameters combined, gross primary productivity and evapotranspiration for each IGBP class.
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Key Points:

e There is a need to increase spatial representativeness of terrestrial biophysical process
across Latin America

e Enhancing representativeness can improve understanding of biophysical process and
model benchmarking and parameterization.

e Need to promote participation to update and share information
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Abstract
Environmental observatory networks (EONSs) provide information to better understand, model

and forecast the spatial and temporal dynamics of Earth’s biophysical process. Consequently,
representativeness analyses of EONs are important to provide insights for improving EONs’
management, design, and interpretation of their value-added products (e.g., datasets, model
predictions). We assessed the representativeness of registered FLUXNET sites (n=41, revised on
September 2018) across Latin America (LA), a region of great importance for the global carbon
and water cycles, which represents nearly 13% of the world’s land surface area.
Representativeness analyses were performed using a 0.05° spatial grid for multiple
environmental variables, gross primary productivity (GPP) and evapotranspiration (ET) across
LA. Our results showed a potential spatial representativeness of 34% of the surface area for
climate properties, 36% for terrain parameters, 34% for soil resources, and 45% when all
aforementioned environmental variables were summarized into a principal component analysis.
Furthermore, there was a 48% potential representativeness for GPP and 34% for ET.
Unfortunately, data from these 41 sites is not all readily available for the scientific community,
limiting synthesis studies and model benchmarking/parametrization. We discussed the need to
enhance interoperability, promote the participation of active/inactive sites to share information
with local, regional and international networks, and promote monitoring efforts across this region

of the world to increase the accuracy of regional-to-global data-driven products.
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Plain Language Summary

Environmental observatory networks (EONSs) provide information to better understand and
forecast the spatial and temporal dynamics of Earth’s biophysical process. Consequently,
representativeness analyses of EONs are important to provide insights for improving EONs’
management, design, and interpretation of their value-added products (e.g., datasets, model
predictions). We assessed the representativeness of registered FLUXNET sites across Latin
America (LA), a region of great importance for the global carbon and water cycles, which
represents nearly 13% of the world’s land surface area. Representativeness analyses were
performed for multiple environmental variables including gross primary productivity (GPP) and
evapotranspiration (ET). Our results showed a potential spatial representativeness of 34% of the
surface area for climate properties, 36% for terrain parameters, and 34% for soil resources.
Furthermore, there was a 48% potential representativeness for GPP and 34% for ET.
Unfortunately, data from these study sites is not all readily available for the scientific
community, limiting synthesis studies and model benchmarking/parametrization. We discussed
the need to enhance interoperability, promote the participation of active/inactive sites to share
information with local, regional and international networks, and promote monitoring efforts
across this region of the world to increase the accuracy of regional-to-global data-driven

products.
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1 Introduction

Environmental monitoring, especially long-term monitoring programs are a backbone
component for environmental science and policy (Chabbi et al., 2017; Lovett et al., 2007).
Environmental monitoring is fundamental to foster knowledge as it promotes creativity for
scientific methodologies, generates invaluable data products, and provides baselines and
information to address socio-environmental grand challenges (Lovett et al., 2007; Scholes et al.,
2017). It is assumed that developing environmental observatory networks (EONs) would lead to
successful environmental monitoring efforts as EONSs are entities designed to provide insights to
address complex regional-to-global socio-ecological problems through a coordinated effort
(Chabbi et al., 2017; Keller et al., 2011; Scholes et al., 2017). Some key tasks lead by EONs
include data collection, data sharing and synthesis activities that are useful for scientific
discovery and making informed environmental policy or management decisions (Lovett et al.,
2007; Scholes et al., 2017; Villarreal et al., 2018).

An example of an EON is FLUXNET, which represents a global network of study sites
using the eddy-covariance method to measure the exchange of mass and energy between the land
surface and the atmosphere (Baldocchi et al., 2001; Baldocchi, 2020). FLUXNET is a global
‘network of regional networks’ that promotes compilation, harmonization, standardization,
archiving, and synthesis activities of eddy-covariance data. The FLUXNET network is present
across multiple ecosystems around the world, so it is possible to generate knowledge of the
interaction between terrestrial ecosystems and the atmosphere from regions to the global scale
(Falge et al., 2002; J. B. Fisher et al., 2008; Keenan et al., 2014; Schwalm et al., 2017). However,
FLUXNET sites are neither randomly or systematically distributed, so they under-represent

certain regions and ecosystems across the world (Baldocchi, 2020; Kumar et al., 2016; Papale et
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al., 2015; Villarreal et al., 2019). Consequently, representativeness assessments of EONs are
critical as they provide information for EONs design/growth, and insights for interpretations and
implications of data-driven (or value-added) products (Sulkava et al., 2011; Villarreal et al.,
2018). These assessments are relevant to increase EONs' applicability and to guide regional-to-
global management and research efforts (Jongman et al., 2017; Lovett et al., 2007).

The representativeness of EONs has been mostly assessed using climate and vegetation
parameters (Hargrove et al., 2003; Kumar et al., 2016; Sulkava et al., 2011). For example,
through stratification of climate, vegetation and soil information some studies have assessed the
representativeness of AmeriFlux and FLUXNET (Hargrove et al., 2003; Kumar et al., 2016),
while recent studies have incorporated functional information from ecosystems (Alcaraz-Segura
et al., 2017; Villarreal et al., 2018, 2019). A common approach to assess representativeness of
EONs has been the estimation of minimum distances within a multivariate space (Hargrove et
al., 2003; Sulkava et al., 2011). An alternative approach is the use of machine learning
techniques, which estimate the spatial distribution of the environmental range monitored by the
EON's study sites (i.e., nodes) across the spatial domain of the network (Villarreal et al., 2018,
2019).

We propose that it is possible to assess the representativeness of EONs based on concepts
derived from species distributions models (SDMs). Briefly, SDMs define a geographic space that
includes a set of environmental data layers, and then delineate an area within the geographic
space that corresponds to environmental properties that are suitable for the presence of a certain
species (Drew et al., 2011; Evans et al., 2011). We propose that this concept can be applied to

assess the representativeness of EONs, since the goal is to delineate the spatial distribution of
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environmental factors across a geographic space that should be similar to the environmental
range monitored by corresponding monitoring sites within an EON (Villarreal et al., 2018).

Here, we present a representativeness assessment of eddy-covariance sites registered with
FLUXNET across Latin America (LA). LA is a region that is largely characterized by its wide
ecosystem diversity along with a broad gradient of land-use and land-use-change types. LA
includes nearly 13% of the global land surface area but only about 5% of all registered
FLUXNET sites are located within this region (estimated for year 2018, but see methods for
details). The density of registered FLUXNET sites in LA is very low when compared to regions
such as the United States or Europe, and global data-driven products are forced to use
information from FLUXNET sites outside LA to predict patterns in LA. Hence, a
representativeness analysis is needed to better interpret the available information within LA and
the output of regional-to-global data-driven products parameterized with FLUXNET data.

The overarching goal of this study is to provide an assessment of the representativeness
of registered FLUXNET sites across LA to monitor environmental factors such as climate,
topography and soil resources along with ecosystem process such as gross primary productivity
(GPP) and evapotranspiration (ET). We asked four interrelated research questions: 1) What is the
representativeness of FLUXNET sites across LA to characterize climate, topography and soil
resources spatial variability? 2) What is the representativeness of FLUXNET sites to monitor
GPP and ET patterns across LA? 3) How does representativeness of FLUXNET sites to monitor
GPP and ET varies as spatial scale changes? and 4) How many more sites are needed to
substantially improve representativeness of GPP and ET across this region? Finally, this study is
based on publicly available information and open source software, so this framework can be

applied anywhere across the world.
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2 Data and Methods

2.1 FLUXNET registered sites

FLUXNET provides standardized data products through coordination among multiple
regional eddy covariance networks across the globe (http://fluxnet.fluxdata.org). We used this
online database to extract the geographical location of eddy-covariance sites across LA
registered with FLUXNET. We identified 41 registered sites distributed across different
ecosystems (revised on September 2018; Supplementary Material Table S1) and we considered
these sites for further analyzes despite they are active or inactive and if they have provided data
or not to the FLUXNET database. Consequently, this study is conservative and provides a
potential representation of eddy-covariance sites across LA. We hope that this study will
encourage principal investigators to register their sites and share data with FLUXNET to
improve the representation of LA in regional and global studies.

We recognize that there are several challenges and assumptions for performing an
accurate representativeness assessment of eddy-covariance sites across LA. First, the assumption
of 41 registered FLUXNET sties for year 2018 does not mean that those sites are active nor that
their data is or will be available for the scientific community. Second, there are unregistered
eddy-covariance sites across LA and new sites are being installed or have become inactive. We
clarify that our assessment is a potential representation because data from these 41 sites is not
readily available for the scientific community. For example, the FLUXNET2015 dataset only
includes 7 eddy covariance sites across LA (i.e., BR-Sal, BR-Sa2, GF-Guy, Pa-SPn, PA-SPs,
AR-SLu,  AR-Vir), and the AmeriFlux network (revised August 2020) has 23 registered sites

but only 8 of them share data with the network (Supplementary Material Table S2).
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2.2 Environmental factors

A set of variables related to climate, terrain parameters, and soil resources variability were used
to assess the representatives of environmental state factors, as they constrain the spatial patterns
of ecosystem processes such as GPP and ET (Amundson, 1991; Chapin et al., 2002). We used 19
bioclimatic predictors to characterize climate conditions: mean annual conditions (i.e., annual
mean temperature, annual precipitation), mean annual seasonal conditions (i.e., temperature
seasonality) and intra-annual seasonal conditions (i.e., mean temperature of the driest quarter or
precipitation of the wettest quarter) of temperature and precipitation (Hijmans et al., 2005).
Terrain parameters were characterized by slope, elevation, topographic water capacity, and solar
radiation index. Soil resources were characterized by soil organic carbon, soil nitrogen, soil
phosphorus and soil water content. The bioclimatic predictors were downloaded from
worldclim.org (accessed May 2018). Most terrain parameters and soil resources variables were
downloaded from worldgrids.org (accessed May 2018), but soil organic carbon was downloaded
from www.fao.org (accessed May 2018) and soil phosphorus from data.nasa.gov (accessed May
2018). Respectively, NASA-MODIS products MOD17A2 and MOD16A2 from 2001 to 2014
were used to characterize GPP and ET as previously done for assessment of the AmeriFlux and
MexFlux networks (Villarreal et al., 2018, 2019). The statistic parameters used to characterize
GPP and ET dynamics were the mean (GPP_mean, ET_mean) and the coefficient of variation
(GPP_CV, ET_CV), since they have been used as proxies to represent ecosystem productivity

and seasonality, respectively (Alcaraz-Segura et al., 2017; Villarreal et al., 2018, 2019).

2.2 Data harmonization and FLUXNET representativeness
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All variables were standardized into a similar geographical system (GS), which consisted
in harmonizing all variables into the same projection (i.e., WGS84) and transforming them into
the same spatial resolution (i.e., 0.05°). We selected 0.05° as this resolution is largely used to
represent environmental patterns at a regional scale (Chrysoulakis et al., 2003; Low et al., 2011)
and has been used to assess the representativeness of AmeriFlux, MexFlux and the National
Ecological Observatory Network (NEON; Villarreal et al., 2018; Villarreal et al., 2019). In
addition, all variables representing climate, terrain parameters and soil resources were reduced in
dimensionality using a principal component analysis (PCA) to assess the representativeness of
these combined environmental factors (using the first two principal components) from a
multivariate approach. Representativeness were performed for all environmental parameters at
0.05°, while GPP and ET representativeness were estimated at 0.05°, 0.25°, 0.50° and 1.0°, since
global models of GPP and ET are usually estimated based on these spatial resolutions (Fisher
and Koven, 2020).

Representativeness was estimated using random forest (RF) applied for SDMs. RF is a
widely used technique in SDMs, especially for rare species that have few observations over a
broad region (Cutler et al., 2007; Evans et al., 2011). We propose that the relative few numbers
of eddy-covariance sites across the large geographic extent of LA is a similar case study. As a
machine-learning technique, RF produces classifications trees from bootstrapping samples from
a given dataset (i.e., training-data), while the observations that are not consider (out-of-bag data)
are later used for predictions and model evaluation. First, classifications trees (CT) are built from
sample bootstrapping by repeatedly partitioning the training-data into a binary-series of clusters
(i.e., child-nodes) that split the data into more or less homogeneous child-nodes with respect to

the response variable, this process continues with each child-node until stops (Marmion et al.,
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2009). Second, the grown trees are used to predict the out-of-bag observations. The class that is
predicted of an observation is estimated by the majority vote of the out-of-bag predictions for
that observation (Cutler et al., 2007; Evans et al., 2011; Marmion et al., 2009). Finally, RF
produces a raster map that represents the relative similarity of each pixel to the sample points or
presence data (Schmitt et al., 2017), which in this case corresponds to the geographic locations of
FLUXNET sites across LA.

Model performance was assessed using True Skin Statistics (TSS), which corresponds to
the sum of the model sensitivity (i.e., proportion of presence correctly predicted) and the
specificity (i.e., proportion of absence correctly predicted) minus one. TSS ranges from -1 to 1,
being -1 a predictability power worse than a random model, 0 indicates a random predictability,
and 1 corresponds to a perfect model (Liu et al., 2011). Absence data points were generated by
random selection, as randomly selected points usually produce reliable distribution models
(Barbet-Massin et al., 2012). Also, the uncertainty of each model was assessed by repeating 10
times each model with only one iteration and calculate their mean and standard deviation, as it
was performed in a previous study (Villarreal et al., 2019).

The optimal number of absence data and model repetition for each environmental set of
variables (i.e., climate, terrain parameters, soil resources, GPP and ET) was selected based on the
TSS by an iterative process. We selected the number of absence data and model repetition that
had the higher TSS (Barbet-Massin et al., 2012). The number of absence and repetitions were
different for each environmental set of variables. Data management and analysis were performed

using the R programming language (R project for statistical computing; www.r-project.org) and

the ‘SSDM?” library (Schmitt et al., 2017).

10
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2.3 Improving the representativeness of GPP and ET across LA

A final goal was to provide insights about how many more sites are needed across LA to
improve representativeness of GPP and ET. To this end, we used the constrained Latin
hypercube sampling technique (cLHS; Minasny & McBratney, 2006). The cLHS is a
multivariate statistical technique that ensures a full coverage of the range of the variables
involved in the multivariate space. For this study we used the mean and standard deviation of
GPP and ET as discussed earlier. The cLHS serves as an efficient sampling strategy and it has
been previously used for EON’s representativeness analysis (Villarreal et al., 2019). For this
assessment we followed a sequential approach: (a) we started by adding additional sites across
LA in increments of 10 sites until reaching 100 sites; then (b), additional sites were added in
increments of 20 until reaching 200 sites across LA. We stopped at 200 potential sites across LA
as an arbitrary number equivalent to the approximate total number of eddy-covariance sites
registered in the AmeriFlux network for the conterminous United States. The assessment of

representativeness by adding new sites was also performed using RF as described above.

3 Results
3.1 Distribution of FLUXNET sites across LA

There is a large diversity of terrestrial ecosystems across LA with 15 out of 16 possible
International Geosphere-Biosphere Program (IGBP) categories (MODIS MCD12Q1, 2012), but
the extensions of these categories are not evenly distributed. For example, 5 out of 16 categories
incorporate 80% of LA land surface, where the largest categories are Evergreen Broadleaf Forest
(34% of LA) and Savanna (19% of LA). The less extended categories are Evergreen Needle-Leaf
Forest (0.05% of LA) and Closed Shrublands (0.04% of LA). The number of FLUXNET sites at

each IGBP category is also not evenly distributed (Table 1). For example, Evergreen Broadleaf
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Forest has the highest number sites (n = 19), followed by Woody Savanna (n = 8) and Open
Shrublands (n = 5). Six IGBP categories do not have any sites registered in the FLUXNET

network (Table 1).

3.2 Representativeness of environmental factors, GPP and ET

The representativeness of FLUXNET sites at 0.05° differed for each environmental factor
(i.e., climate, terrain properties, soil resources, combined environmental properties) or ecosystem
process assessed (i.e., GPP and ET). The tested variables with the highest spatial
representativeness were GPP (48%), combined environmental factors (45%; derived from the
PCA) and terrain parameters (36%); while climate, soil resources and ET had similar
representativeness (34%; Table 2).

The representativeness between the IGBP categories was different among the distinct
environmental factors. The categories with the highest representativeness among the different
environmental variables assessed were Shrublands and Savannas, while forest ecosystems
(Evergreen and Deciduous Broadleaf Forest) had similar values as those from managed
ecosystems (e.g., Croplands; Supplementary Material Table S3).

After assessing the representativeness of the environmental factors and ecosystems
processes targeted in this study, we identified the two most important variables for each
representativeness model and proceed to find differences between represented and non-
represented regions (Table 3). For the bioclimatic predictors (Figure 2a-b), precipitation
seasonality above 120 mm and below 40 mm and the annual mean diurnal temperature range
above 20 °C and below 6 °C were not represented (Figure 4c-d). For the terrain properties the

majority of the IGBP classes were represented, while values 90>TWI>75 were not represented
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for TWI (topographic wetness index; Figure 2e-f)). For soil resources (Figure 2g-h) soil organic
carbon >80 g/m? and soil nitrogen below <500 and above >2000 mg/m?® were not represented
(Figure 2i-j). For all the environmental drivers combined into a PCA, the components that had
the highest influence on PCA were terrain complexity (21% of total variability) and soil nitrogen
(6% of total variability). Assessing the representativeness on those PCAL and PCA 2, PC1 was
only represented within the range -0.08 to 0.16 (Figure 2k-I) while PC2 was represented within
the range of -1 to 1.5 (Figure 2 m-n). In order to assessed differences between the areas
represented and non-represented we compared the 0.95 mean confidence interval for all the
variables assessed (Table 3).

The representativeness of GPP and ET at 0.05° is shown in Figure 3. For GPP, the
representativeness of FLUXNET sites for GPP_mean was bias towards values above 4 g/day,
while for GPP_CV only values above > 2 g/day were not represented. The mean for GPP_mean
and GPP_CV across all LA was 4.3 g/day and 1.20 g/day, respectively. GPP_mean and GPP_CV
monitored by the FLUXNET sites were 4.43 g/day and 1.24 g/day, respectively, while for the
non-represented areas GPP_mean and GPP_CV were 4.21 and 1.16 g/day (table 3; Figure 3 a-d).
The representativeness of ET, the ET_mean representativeness of FLUXNET sites was biased
towards values above 2.5 mm/day, while for ET_CV values close to 2.0 mm/day were not
represented. The mean for ET_mean and ET_CV across all LA were 2.51 mm/day and 0.71
mm/day, respectively. The ET_mean and ET_CV monitored by FLUXNET sites were 2.42
mm/day and 0.67 mm/day, respectively (Figure 3e-f). While for the non-represented areas
ET mean and ET_CV were 2.42 and 0.68 mm/day, respectively (Figure 3 g-h). In order to
assessed differences between the areas represented and non-represented we compared the 0.95

mean confidence interval for all the variables assessed (Table 3). The representativeness of GPP
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and ET at 0.25°, 0.50° and 1.0° slightly decreased as the spatial resolution became coarser. For
example, GPP representativeness was 24%, 21% and 18% while ET had 22%, 19% and 16% at
0.25%, 0.50° and 1.0° respectively. The decrease in representativeness was associated to a
decrease in the number of effective sites (35, 31 and 30 effective sites) as the spatial resolution
was coarser because multiple sites can be included within larger pixels.

The spatial representativeness for the two variable that had the largest influence for each
environmental factor and for GPP and ET is shown in Figure 4 - 5, respectively. The variables
with the largest influence for bioclimatic factor are precipitation seasonality and annual mean
diurnal range (Figure 4 a-b). For terrain parameters are IGBP class and topography wetness
index (Figure 4 c-d). For soil are soil organic carbon and soil nitrogen (Figure 4 e-f). While for
the PCA are PC1 and PC2 (Figure 5 g-h). Figure 5 shows the spatial representativeness for GPP
and ET; GPP_mean had a larger influence than GPP_CV (Figure 5 a-b), while ET had ET_CV as

the variable with a larger influence than ET_mean (Figure 5 c-d).

3.3 Representativeness by adding potential new sites and uncertainty assessment

The overall representativeness across LA substantially increased by adding new study
sites from 45% to 86% for GPP and from 42% to 80% for ET (Figure 6a, b; Table 4). Our
analysis suggests that if 200 sites were to be installed across LA, then efforts should be focused
across Grasslands, Savanna, Open Scrublands and Evergreen Broadleaf Forests (Table 4). The
addition of new study sites progressively increased the predictive power for each model. This
was indicated by the validation statistic (e.g., area under de curve; AUC) which increased from

0.003 to 0.018 and 0.003 to 0.017 for GPP and ET, respectively (Figure 6).

4 Discussion
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4.1 Representativeness across land cover, climate, edaphic and topographic characteristics
Overall, the potential spatial representativeness across LA included 34% of the surface
area for climate properties, 36% for terrain parameters, 34% for soil resources, and 45% when all
environmental properties were combined in a multivariate space. Here we highlight the
representativeness of shrublands, woody savannas, croplands and forested ecosystems (i.e.,
evergreen broadleaf forest and deciduous forest) as important IGBP classes across LA.
Shrublands and woody savannas had the highest representativeness for environmental
properties (i.e., climate, edaphic, topographic, and combined environmental properties) across all
IGBP classes (Supplementary Material Table S3). This is explained because those ecosystems
have a relative high ratio of eddy-covariance sites per surface (Table 1), but their high
representativeness also suggests that those ecosystems are likely less environmentally
heterogeneous, arguably due to: a) limited water conditions/stress that trigger common strategies
such as water-use efficiency (Biederman et al., 2016; Huxman et al., 2004; Ponce-Campos et al.,
2013); and b) a high convergence on functional and structural properties such as shrublands and
savannas between North and South America (Paruelo et al., 1998). The functional and structural
similarities between the shrublands and savannas within North and South America could provide
insights about why scattered sites could contribute to a relative high representativeness, even
though most of these sites are located at the northern domain of LA (Figure 1). These results
support the assumption that upscaling eddy-covariance data could be performed by using
information from few sites representing some IGBP classes around the world (Jung et al., 2019),
but we highlight that this assumption may not be widely applicable for all IGBP classes under
different environmental conditions (Vargas et al., 2013). Despite the relative high

representativeness of shrublands and woody savannas, changing climate conditions such as
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droughts (Biederman et al., 2016; Villarreal et al., 2016) along with land cover changes (due to
land use change and disturbances) could decrease expected regional functional and structural
similarities and consequently increase environmental heterogeneity across these IGBP classes.

The representativeness of forested ecosystems such as evergreen broadleaf forest and
deciduous forest were consistently lower than shrublands and woody savannas (Supplementary
Material Table S3). These results are relevant because more than 50% of the sites are located
across evergreen broadleaf forest and deciduous forest (Table 1). These results suggest a larger
heterogeneity in climatic, topographic and soil resources that ultimately influence the lower
representativeness within forested ecosystems. This could be a result of a larger precipitation
gradient across forested ecosystems than for shrublands and savannas (Chapin et al., 2002), an
arguably more dynamic cycling of soil nutrients (Chapin et al., 1986; Vitousek, 1984), and larger
variability in canopy phenology (Richardson et al., 2013). Improvements are needed for
monitoring the large range of environmental properties of forested ecosystems across LA to
properly assess and forecast the influence of global environmental change within FLUXNET
sites (Baldocchi, 2020; Keenan et al., 2014). We recognize that multiple efforts on tropical wet
forest have provided important information and have fostered our knowledge on carbon and
water fluxes at natural, converted and afforested sites across LA (Andreae et al., 2002; Avissar et
al., 2002; Keller et al., 2004). However, we highlight that the scientific community should be
cautions when extrapolating information from a few forested sites within LA or assuming that
other forested sites across the world accurately represent characteristics within LA.

Other ecosystems such as croplands and cropland/natural-vegetation mosaics have a
relative similar representativeness (as forested ecosystems) among environmental properties

despite a substantial smaller number of available sites (Table 1). This lower representativeness
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influences the development and benchmarking of terrestrial ecosystem models as they usually
have lower performance across croplands (Schaefer et al., 2012). This limitation may hinder our
capacity of forecast the influence of global environmental change on food production and food
security within LA (Graesser et al., 2015; Ramankutty et al., 2002). Since warming and droughts
are expected to cause large damage on agriculture in developing countries, a well monitored
program that allows to collect information on the impact of global environmental change on food
production within this region is imperative in order to design adaptation strategies (Graesser et
al., 2015; Ramankutty et al., 2002).

Other IGBP classes such as mixed forest, grasslands and permanent wetlands have also
been recognize for their important role in climate regulation and soil nutrient cycling (Baldocchi
et al., 2000; Conant et al., 2001; Whiting & Chanton, 2001). Unfortunately, none of these IGBP
classes were represented in our analysis (Table 1) and consequently highlight the potential bias
of data-driven products when using information from sites outside LA to predict ecosystem
processes within LA. This challenge is also observed for the recently compiled FLUXNET-CH4
dataset where there is minimal information form tropical wetlands (despite their importance for

the global methane cycle; Poulter et al 2017) and very few sites from LA (Knox et al., 2019).

4.2 Representativeness for GPP and ET

There was a 48% potential representativeness for GPP and 34% for ET considering 41
eddy-covariance sites distributed across LA. These results compare with the representativeness
by the MexFlux network of 3% for GPP and 5% for ET across Mexico (Villarreal et al., 2019),
or the representativeness by AmeriFlux sites of 46% of the spatial functional heterogeneity (i.e.,

enhanced vegetation index dynamics) across the conterminous United Sates (Villarreal et al.,
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2018). Efforts to assess the representativeness of FLUXNET have focused on testing if
measurements taken at specific locations can be extrapolated at explicit spatial and temporal
extents (Chu et al., 2017; He et al., 2015; Yang et al., 2008), broadly concluding that
representativeness largely depend on the heterogeneity of fine-scale ecosystem processes (Chen
et al., 2011, 2012; He et al., 2015). Those studies highlight the challenges involved in
representing regional-to-global information across heterogeneous regions (e.g., Mexico with
large environmental gradients) and across larger regions even with high density of eddy
covariance sites (e.g., United States and Europe; Sulkava et al., 2011; Villarreal et al., 2018).

Our results show that GPP_mean and ET_mean derived from areas represented by
FLUXNET sites are substantially lower than the non-represented region across LA, while
GPP_CV and ET_CV were relatively similar between both areas (Figures 3). We suggest that
those results may represent the overall lower representativeness across forested sites. This could
be possible because at a regional and global scale forested ecosystems largely influence the
annual mean of GPP, while the interannual variability is mostly influenced by water-limited
ecosystems (Ahlstrom 2014), which arguably are better represented across LA.

We highlight that our assessment of potential representativeness for GPP and ET across
LA is conservative and should be seen as a current "best case" scenario if data from all sites is
available for the scientific community. Consequently, most studies that have used available
FLUXNET data (e.g., FLUXNET2015) for upscaling purposes, parameterize models, or
performed data-syntheses that include LA are likely biased. The FLUXNET network has
provided important information about how ecosystem metabolism responds to biophysical
factors and key insights for improving terrestrial ecosystem process models (Baldocchi, 2020),

however, its accuracy to represent these ecosystem processes at regional and global scales

18



415

416

417

418

419

420

421

422

423

424

425

426

427

428

429

430

431

432

433

434

435

436

437

Confidential manuscript submitted to replace this text with name of AGU journal

largely depends on the density, distribution and diversity of sites. The addition of new sites
across unrepresented regions of the world will be able to test the current assumptions of
biophysical drivers for ecosystem processes and the importance of these regions for regional-to-
global water and carbon cycles.

Previous studies have assessed how the distribution and density of monitoring sites affect
the prediction capacity of upscaling models to properly represent GPP and ET at larger spatial
scales and to capture their inter-annual variability (Papale et al., 2015; Sulkava et al., 2011;
Zhang et al., 2020). Those results suggest that regions and/or continents with relatively small
number of monitoring sites (e.g., Latin-America, Africa) could led to predictions with large
errors. This is of utmost importance for regions such as LA, since it is home of some of the
largest rainforest across the globe (e.g., Amazon basin, Mayan rainforest) which are key to
understand regional-to-global water and carbon cycles (Ahlstrém et al., 2016; Saatchi et al.,
2011). Furthermore, water-limited ecosystems, which are important for the interannual
variability of the global carbon cycle (Ahlstrom et al., 2016; Poulter et al., 2014), may have
different GPP and ET dynamics as expected for other water-limited ecosystems around the world
(Zhang et al., 2020).

Finally, there is an important challenge for monitoring and representing GPP and ET
dynamics across LA. Most FLUXNET sites are distributed across natural protected ecosystems,
but the landscapes across LA have high alpha and beta diversity (Gonzalez-Carol et al., 2014)
(Gallardo-Cruz et al., 2009), are subject to intense and rapid natural and anthropogenic
disturbances (Pauchard & Barbosa, 2013), and consequently the ecological trajectories of these
ecosystems are complex (Bustamante et al., 2016). Examples of challenges involved with the

complexity of these landscapes include: a) the debate on the role of the Amazon basin as a
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carbon sink our source (Andreae et al., 2002; Avissar et al., 2002; Davidson & Artaxo, 2004); b)
testing the consistency of the expected carbon use efficiency (the ratio between ecosystem
respiration and GPP) for disturbed ecosystems (Baldocchi & Penuelas, 2019); or ¢) how old

grown tropical forests respond to weather variability (Rojas-Robles et al., 2020).

4.3 Influence of spatial scale on the representativeness of GPP and ET

The FLUXNET database has been extensively used for development of terrestrial
ecosystem process models and data-driven products (Baldocchi, 2020; Jung et al., 2019), but
there are challenges associated with: a) the distribution of sites that provide ground truth data;
and b) the mismatch between the footprint that is represented by the ground truth data and the
footprint (i.e., pixel size) of the output from the models. Here, we discuss how the
representativeness of GPP and ET is influenced by different spatial scales typically used for
global estimations (i.e., 0.25, 0.50, 1.0 geographic degrees).

We found that as the pixel size increases (i.e., at coarser spatial resolutions)
representativeness decrease to about 25% for GPP and ET across LA. Again, these results are
conservative and assuming that all data from the 41 sites is available for the scientific
community. One explanation about why representativeness decrease as pixel size increase is that
there are study sites within close proximity that may fall within one pixel at coarser spatial
resolutions. Consequently, many environmental properties are not represented by the fewer sites
included within the coarser pixels; in other words, fewer pixels provide information within LA.
Future studies, could focus on how the density of sites across LA influence modeling errors for
GPP and ET (Papale et al., 2015) or upscaling data-driven products relevant for the regional

(Guevara et al., 2018) and global carbon cycle (Jung et al., 2019; Warner et al., 2019) .
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Consequently, an important issue is where to establish new study sites to improve the

representativeness of EONs.

4.4 Improving Representativeness

LA incorporates one of the most ecological diverse regions in the world, having a large
influence on the global carbon and water cycles, the Earth’s climate systems and nutrient cycles
(Balvanera et al., 2012). Our results show spatial representativeness gaps among assessed
environmental properties (i.e., bioclimatic, terrain properties and soil resources) including GPP
and ET (Figures 2-3) to identify under-represented regions from different IGBP classes
(Supplementary Material Table S3). We highlight that larger monitoring efforts should focus on
evergreen broadleaf forest, croplands, savanna and open shrublands, but including permanent
wetlands and snow and ice classes are needed to cover the biome spectrum across LA (Table 4).

What would happen if 200 strategically located sites are installed across LA? Our results
show that: a) representativeness would increase to 86% and 80% of GPP and ET, respectively
(Figure 6a, b); and b) the correlation between represented regions and environmental properties
monitored by these sites would increase (Figure 6c¢, d). Previous studies have highlighted the
need to increase monitoring across underrepresented ecosystems within FLUXNET, such as
water-limited ecosystems (Hargrove et al., 2003; Papale et al., 2015; Villarreal et al., 2018), and
it is known that increasing the number of sites within a region of interest would result in lower
uncertainty estimates (Papale et al., 2015; Sulkava et al., 2011; Villarreal et al., 2019). However,
there is always a tradeoff between monitoring space and time to properly represent spatial and
temporal variability. Our study focuses on maximizing spatial representativeness of long-term

means of environmental properties, GPP and ET, but we highlight that temporal
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representativeness should also be considered (Chu et al., 2017). These assessments could be
tested across LA as more sites with long-term eddy-covariance records are included and
compared across our understanding of the temporal and spatial representativeness of the

FLUXNET network.

4.5 Challenges and Opportunities

Our study is based using information from sites that were registered in FLUXNET by
2018. We highlight that many of these sites have not shared information with FLUXNET of
AmeriFlux and consequently their data is not widely available for the scientific community to
perform synthesis studies and data-driven products. By hence, our representativeness analysis
must be taken as a conservative approach, especially for those IGBP classes with no registered
eddy-covariance sites (Table 1). For this study, we assumed that if a site was registered with
FLUXNET by 2018, then the eddy-covariance information either is available, or the principal
investigator is willing to contribute with FLUXNET in the near future. An example are the sites
located across Mexico (i.e., MexFlux) that are affiliated with FLUXNET but the data is not
currently available for the wider scientific community (Villarreal et al., 2019). We are also aware
that there are multiple unaffiliated sites across LA such as in semi-arid grasslands (Hinojo-
Hinojo et al., 2016), croplands (Lewczuk et al., 2017), the Chacon region (Toledo & Figuerola,
2019), Andes (Callafiaupa-Gutierrez et al., 2020), Patagonia (Valdés-Barrera et al., 2019), among
other sites across LA. We hope that this study motivates principal investigators and regional
networks (i.e., MexFlux, Brasflux, SULFLUX) to join and contribute to FLUXNET to build a
stronger global network and increase our understanding of LA in the global water and carbon

cycles.
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Traditionally, establishment of eddy-covariance sites across LA has not been done under
a national coordinated effort, and consequently, monitoring efforts have been performed by
individual research groups or by local networks with clear questions focused on specific biomes
(Roberti et al., 2012; Vargas et al., 2013). Furthermore, increasing the representativeness of
FLUXNET across LA, and other areas of the world such as Africa, is difficult for several
reasons. There are challenges related to limited economic resources (e.g., limited funding
opportunities, increased costs due to importation taxes), human resources (e.g., fewer trained
scientists to operate eddy-covariance sites and analyze data), and logistic issues (e.g., security,
accessibility).

Our results bring attention on the possibilities that exist by coordinating optimized
monitoring efforts to improve FLUXNET spatial representativeness. Although adding 200 new
study sites is currently not possible, there are a few initial steps that could be done: a) a
coordinated effort to archive, synthesized and analyze existing information across LA; b)
collaborate on collection of new information across underrepresented sites with national,
regional or partnerships outside LA; and ¢) promote a stronger culture of data sharing and proper
recognition of the efforts of researchers across LA. We recognize that these efforts will require
an increase of interoperability across existing networks and researchers within LA, and we must
work as a community to reduce conceptual, technological, organizational and cultural barriers
(Vargas et al., 2017). Finally, we warn about “Helicopter research” and call for quality and
equality of partnerships where there should be a mutual benefit between local scientists (with
local infrastructure and local knowledge) and foreign scientists performing research across LA.
Although we fully advocate for data sharing and following FAIR data principles (Fisher &

Koven, 2020) we strongly support that contributions from LA scientists should be recognized by
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the FLUXNET community especially when those efforts increase the representativeness of

information for the regional-to-global water and carbon cycles.

5 Conclusions
The present study used machine learning methods to assess the representativeness of

FLUXNET sites across LA as it has been applied on previous studies assessing the
representativeness of EONs (Villarreal et al 2018; Villarreal et al 2019). This study provides an
overall scope of FLUXNET representativeness gaps of climate, topographic, soil resources along
with GPP and ET across LA, a region that plays an important role in the global dynamic of
ecosystem processes and climate regulation. Throughout 41 sites affiliated to FLUXNET
(revised in 2018 but see methods for details) our results show that the spatial representativeness
of environmental properties such as climate, topography and soil resource is around 40% of LA,
while for GPP and ET the spatial representativeness is 48% and 34%, respectively. The overall
representativeness of FLUXNET could substantially increase if around 200 sites were
strategically located across LA, specially within evergreen broadleaf forest, savanna and open
shrublands; however, to coordinated such an effort there should be a higher degree of
interoperability among scientists, research groups, and local-to-global networks. Nonetheless, the
benefits from enhancing FLUXNET representativeness across LA would help to improve our
knowledge on the impact of environmental change (i.e., climate change, land use / land cover
changes, extreme climate events) which could support science-based environmental policies and

environmental management decisions.
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Figures

Figure 1. Spatial distribution of different biomes across Latin America according to the
International Geosphere-Biosphere Program (IGBP) and the location of the eddy-covariance sites
affiliated with FLUXNET. See supplementary material table S2 for details about FLUXNET
sites.

Figure 2. Contrast between the dynamic of the regions represented and non-represented by
FLUXNET sites for the two most influential variables for each environmental parameter
assessed; Bioclimatic (a-d), terrain parameters (e-f), soil properties (g-j), and the combined

environmental factors into a principal component analysis (k-n).

Figure 3. Contrast between the dynamic of the regions represented and non-represented by
FLUXNET sites for gross primary and evapotranspiration productivity their mean and
coefficient of variation; (GPP; a-d) and (ET; e-h).

Figure 4. Spatial representativeness of FLUXNET sites for the different environmental
parameters based on random forest models (a, c, e and g), along with the multivariate space

represented by the first two principal components (b, d, f and h).

Figure 5. Spatial representativeness of FLUXNET sites for the different environmental
parameters based on random forest models (a, c, e and g), along with the multivariate space
represented by the first two principal components (b, d, f and h).

Figure 6. Increment of representativeness according with the addition of strategic location for
potential new study-sites based on cHLS technique for GPP (a) and ET (b). Also, there is an
increment in representativeness validation parameter (area under the curve; AUC) as more sites
are added (c-d).
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Tables

Table 1. Surface area of each of the International Geosphere-Biosphere Project (IGBP) biome

class across Latin America and the number of eddy-covariance sites at each class.

Table 2. Parameters used to characterize each model, their performance and the overall

representativeness across Latin America.

Table 3. Comparison of the 0.95 mean confidence interval among each environmental variable
assessed and the represented and non-represented areas.

Table 4. Number of potential-study sites based on cLHS for each International Geosphere-

Biosphere Project biome class.
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885 Tablel
886
887
IGBP Class Area covered (%) Number of eddy-covariance sites
Water 1.08 0
Evergreen needle-leaf forest 0.05 0
Evergreen broad-leaf forest 33.83 19
Deciduous needle-leaf forest 0.00 0
Deciduous broad-leaf forest 3.00 2
Mixed Forest 1.52 0
Closed Shrubland 0.04 1
Open Shrubland 12.64 5
Woody Savanna 6.00 8
Savanna 18.62 1
Grassland 9.37 0
Permanent Wetland 0.88 0
Cropland 4,96 1
Urban and Build-Up 0.32 1
Cropland/natural vegetation mosaic 4.65 3
Snow and Ice 0.21 0
Barren Land 2.83 0
Total 100.00 41
888
889
890
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891  Table?2
892
893
Environmental Absence  Repetition Model Performance Threshold Representativeness
Model (True Skill Statistic) Binary Map Percent SD
Climate 100 5 0.49 0.35 34 0.47
Topography 100 3 0.24 0.33 36 0.48
Soil Resources 1000 7 0.22 0.02 34 0.47
Env. Prop. 100 5 0.51 0.31 45 0.50
GPP 10000 7 0.17 >0.01 48 0.50
ET 10000 7 0.08 0.05 34 0.47
894
895
896
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Table 3
Environmental Variable Latin America Represented Non-Represented
L.1. H.I. Mean L.1. H.I. Mean L.1. H.I. Mean
Precipitation Seasonality =~ 60.85 61.28 61.06 69.71 7041 70.06 56.18 56.71 56.44
Mean Temperature Range  11.58 11.63 1160 1155 11.60 1157 11.63 1171 11.67
Topographic Wetness 115.70 115.85 115.78 109.23 109.47 109.35 119.28 11945 119.37
Index (TWI)
Soil Organic Carbon 45.02 45.04 45.03 4515 4518 4517 4508 4511 45.09
Soil Nitrogen 1109 1109 1109 1145 1145 1145 1085 1085 1085
PC1 -8.78 8.78 0.00 5.82 6.03 5.92 441 -418  -4.30
PC2 -580  5.80 0.00 1.90 2.05 1.97 -151 -1.34  -1.43
GPP_mean 4.32 4.33 4.33 4.42 4.44 4.43 4.20 4.22 4.21
GPP_CV 1.20 1.20 1.20 1.23 1.24 1.24 1.16 1.17 1.16
ET_mean 2.51 251 251 2.59 2.60 2.59 242 243 242
ET_CV 0.71 0.72 0.71 0.75 0.75 0.75 0.67 0.68 0.68
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902 Table 4
903
904
IGBP Class Registered Sites Including new Sites
Water 0 0
Evergreen needle-leaf forest 0 0
Evergreen broad-leaf forest 19 80
Deciduous needle-leaf forest 0 0
Deciduous broad-leaf forest 2 6
Mixed Forest 0 4
Closed Shrubland 1 1
Open Shrubland 5 30
Woody Savanna 8 15
Savanna 1 54
Grassland 0 19
Permanent Wetland 0 1
Cropland 1 11
Urban and Build-Up 1 2
Cropland/natural vegetation mosaic 3 9
Snow and Ice 0 1
Barren Land 0 6
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