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trait selection
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Trait-based analyses have shown great potential to advance our understanding of terrestrial
ecosystem processes and functions. However, challenges remain in adequately synthesising a
multidimensional and covarying trait space. Reducing the number of studied traitswhile identifying the
most informative ones is increasingly recognized as apriority in functional ecology. Here,wedevelop a
trait reduction procedure based on network analysis of a global dataset comprising 27 traits in three
steps. We first construct all possible reduced networks and identify optimal reduced networks that
capture the structure of the full 27-trait network. Then we apply the constraints on trait consistency to
identified optimal reduced networks and establish consistent network series across ecoregions. We
find the best performing networks that capture the three main dimensions of the full network
(hydrological safety, leaf economic strategy, and plant reproduction and competition) and the global
variance of network metrics. Finally, we find a parsimonious representation of trait covariation
strategies is achieved by a 10-trait network which preserves 60% of all the original information while
costing only 20.1% of the full suite of traits. Our results show the network reduction approach can
improve our understanding on the main plant strategies and facilitate the future trait-based research.

Plant functional traits are morphological, chemical, physiological, and
phenological characteristics measured at the individual level. They
represent the ecological strategies of plants in multiple dimensions
responding to abiotic and biotic environmental constraints1–3. As such,
trait-based approaches have been proven useful for exploring the rela-
tionship between biodiversity and ecosystem functioning, and for
improving the representation of diverse plant strategies in next-
generation vegetation models4. There is a multitude of traits to choose
from and costs associated with measuring them, so using the most
informative traits is a priority for trait-based research5,6, especially when
the number of trait measurements is limited by fieldwork time and
budget. However, trait selection is often done in an unexamined and
partial way and thereby it is unclear whether the chosen suite of traits is
optimally reflecting ecosystem functioning5,7.

According to the response-effect trait framework, a certain set of traits,
which represents multiple dimensions of plant functional strategies in
responding to the environment, have the potential to predict a substantial

portion of variation in plant function and ecological process3,8,9. For
example, the leaf economic spectrum1, i.e. trade-off between mass invest-
ment in leaf structure and the potential rate of resource return1,10, has been
widely used to represent plant strategies and functional diversity in both
vegetationmodelling and field research11,12. However, in addition to the leaf
economic spectrum1, more trade-offs exist in the trait space, linked to
various life history strategies, such as nutrient acquisition or environmental
adaptation strategies13,14. Relying on only one set of strongly correlated traits
potentially eliminates important dimensions while overemphasising others.
This leads to interpretation biases when the relationship between leaf eco-
nomic traits and productivity is modulated by other constraints, such as
water availability15, and different trait combinations can lead to varying
conclusions, as the predictive capacity of traits for ecosystem functioning
depends on both the number of included traits and their linkages to eco-
logical mechanisms6,7. As such, the full dimension of trait space and
understanding of plant adaptation strategies are needed for capturing
functional trade-offs in the ecosystem16.
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With the development of large trait databases and improvedgap-filling
methods17,18, multivariate trait analyses have been extensively applied to
identify themost informative traits for a parsimonious representation of the
whole trait space while reducing redundant information19–21. As the main
analysis tool, principal component analysis (PCA) has been widely used to
quantify the structure of trait space and identify the main functional
dimensions in it1,3,20. Aiming to summarize as much trait variation as pos-
sible onto the first few axes, PCA may overemphasize certain dimensions
while underrepresenting others when traits representing different dimen-
sions are usedunevenly19,20, andpotentially leading to abiased interpretation
of plant trait dimension and strategies. For example,Weigelt et al. 22. showed
that different conclusions regarding the coupling between aboveground and
belowground traits might be interpreted in reverse when size-related traits
and seed mass were included in the analysis. In contrast, network analysis
aims to transform various systems with complex interactions into networks
based on graph theory23. It has been widely used in various fields such as
social science, economics and epidemiology24,25. It can also be used in plant
trait research by providing network metrics for describing the pattern of
trait-trait correlations novelly26,27. Built on pairs of trait-trait relationships,
the plant trait network provides an improved resolution of dimensions in
the trait space, where intensively correlated traits can be aggregated to a

module while independent traits might occupy a distinct module28.
Therefore, network analysiswill have the potential to identify a limited set of
key traits from the multivariate trait space to represent the full trait space
unbiasedly and inform the optimal trait selection.

Here, we propose a network reduction procedure to identify the most
parsimonious and cost-efficient sets of functional traits that represent the
functional complexity of plants (Fig. 1). Themost parsimonious set of traits
can be identifiedby systematically removing traits from the full network and
calculating the structural dissimilarity between the reduced networks and
the full network (Table 1). From the most parsimonious networks we can
directly identify the most cost-efficient sets of traits accounting for the
availability of trait measurements representing measurement costs (Fig. 1,
arrow from panel a to d). However, we show that this simple approach can
easily be modified to account for aspects that are relevant to trait ecology.
First, the parsimonious sets of traits should ideally be part of a series of
networks sequentially built by excluding traits one by one from the full
dataset because only then are the results robust and practical for applica-
tions. Second, ideally, the final set of traits should reflect the correlation
structure of traits at the global scale and grasp the changes of the full network
across ecoregions (Fig. 1b). To address these additional aspects, we suggest a
three-step approach, which we applied to the example of 27 gap-filled traits

Fig. 1 |Overview of network reduction procedure. aOn the global scale, we built all
possible reduced networks across size from 5 to 26 traits and calculated their dis-
similarity to the full network. The best-matched networks in structure were selected
as optimal reduced networks, from which we identified the network series and
consistent reduced networks. b On the ecoregion scale (i.e. for each of the 262
ecoregions, each reduced network was constructed separately), we assessed the
consistency between the full network and both optimal reduced networks and
random sampled networks based on their network metrics (density: the ratio of the
number of actual links between traits to all possible connections; connectivity: the

ratio of links to all possible links in the network in account of the strength of the links;
modularity: the complexity of networks by assessing the strength of traits clustering
into distinct modules). c Then the performance of reduced networks was calculated
based on the consistency of these three metrics. d Finally, the optimal reduced
networks identified in panel a were used to construct the network series (black arrow
from a tod); based on the network performance assessed via panel b&c (grey arrows)
and a cost-benefit analysis, the best performing network series and the most cost-
efficient network series were identified. All the terminologies in the framework are
explained in Table 1.
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selected from the global plant trait database TRY17 and visualized in Fig.1.
Step 1) We first screened all possible reduced networks with a number of
traits varying from5 to 26 and calculated the structure dissimilarity between
the reduced network and the full network. Networks that best matched the
full trait network in structure were defined as “optimal reduced networks”
(Fig. 1a). We then assessed the performance of these optimal reduced net-
works based on their capacity to grasp the changes of the full network across
ecoregions (Fig. 1b, c).We also sampled a set of randomly reducednetworks
to assess the improvement of optimal reduced networks. Step 2) From these
optimal reduced networks, we constructed a set of network series and
identified the best performing network series that can best represent the full
trait network for both the global and ecoregion scales (Fig. 1d). Step 3) We
estimated the cost of trait measurements based on data availability in the
TRY17 database and performed a cost-benefit analysis to identify the most
cost-efficient network (Fig. 1d).

Results
Optimal reduced networks and trait redundancy
In general, network dissimilarity (the difference between the reduced
network and the full network in structure) decreases with network size

(Fig. 2a). The weighted dissimilarity (WD) shows that at least one
reduced network was able to capture the structure of the full network,
even in the minimal case with five traits. When the number of traits
increased from 5 to 10, the trait redundancy (defined with Eq. 5) of the
optimal network increased by 27% from 0.7 to 0.9 on average and was
3.4% higher than that of the randomly sampled networks (Fig. 2b). Trait
redundancy continued to increase slowly for both the optimal and ran-
domly sampled networks to reach values from 0.91 to 0.97 when 26 traits
were included. This translated into a 2.9% higher average performance of
the optimal reduced networks in capturing the shifts of metrics of the full
network across ecoregions compared to randomly sampled reduced
networks, with minimum performance values being improved by 11.1%
(Fig. 2c, Supplementary Table 2). Although both optimal and randomly
sampled reduced networks exhibit substantial redundancy in plant leaf
traits, followed by stem traits, with seed traits showing the least redun-
dancy in trait space (Supplementary Fig. 1), the optimal reduced net-
works outperform randomly sampled reduced networks in capturing the
shifts of all network metrics across ecoregions, especially for network
connectivity, which increased by 18.5% in the minimum (Supplementary
Fig. 2, Supplementary Table 2).

Table 1 | Terminologies in the network reduction procedures and their explanations

Terminology Explanation

The full network The maximum network consisting of the 27 selected traits as nodes, with their interrelationships represented as edges.

Reduced networks Network consisting of the remaining nodes and their edges after excluding a specific set of traits from the full network.

Optimal reduced networks Among the reduced networks, those with the highest structural similarity to the full network are identified as the optimal reduced
networks.

Network series A series of reducednetworkswith the size (N) ranging frommax tomin; in the network series, everyN-trait network includes all the
traits present in the N-1-trait network.

Consistent reduced networks The reduced networks in network series.

Best performing network series A specific set of consistent reduced networks which have the best network performance on average.

The most cost-efficient network series A specific set of consistent reduced networks which have the highest performance per unit of measurement cost on average.

Fig. 2 | The dissimilarity between optimal reduced
networks of different sizes to the full network, and
the trait redundancy and performance of optimal
reduced networks. a. The dissimilarity between
reduced networks to the full network. The coloured
areas show the envelopes of the values of dissim-
ilarity to the full network from randomly sampled
networks (grey) and optimal reduced networks, i.e.
the top 5% matched networks (purple) of different
sizes, calculated with the approach from Jiang et
al.,(2021); the upper black boundary line indicates
the maximum dissimilarity of reduced networks in
different sizes; the lines in the middle indicate the
averaged network dissimilarity for randomly sam-
pled networks (grey) and optimal reduced networks
(purple). b. The redundancy of traits in reduced
networks. The areas show the spread of average
redundancy of every trait in randomly sampled
reduced networks (grey) and optimal reduced net-
works (purple) in different sizes. The lines indicate
the averaged redundancy of traits. c. The perfor-
mance of optimal reduced networks and randomly
selected networks. The coloured areas show the
distribution of the performance of randomly sam-
pled reduced networks (grey) and optimal reduced
networks (purple), respectively. The lines in the
middle of these areas indicate the averaged perfor-
mance of randomly sampled networks (grey) and
optimal reduced networks (purple).
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Consistent reduced network series and best performing
network series
From the optimal reduced networks, 3979 consistent reduced networks
were found, translating into the creation of 3,133,589 potential network
series. As the size of the network increased from 5 to 27 traits, the dissim-
ilarity of all these consistent reduced networks accounted for 91.8% of the
distribution of optimal reduced networks (Fig. 3a). The minimum perfor-
mance of the consistent reduced networks increased by 14% compared to
optimal networks (Fig. 3b, SupplementaryTable 3), and theR2 in predicting
network modularity improved by 17.1% on average (Supplementary
Table 3, Supplementary Fig. 3).

The three distinctive dimensions in the full 27-trait space (Fig. 4a–c),
mainly reflect plant functional dimensions in hydrological safety strategy
(dominated by plant height, stem conduit density and specific root length),
leaf economic strategy (dominated by leaf C:N, leaf nitrogen content and
specific leaf area) and plant reproduction and competition (dominated by
seed mass, stem vessel element length and wood fibre length). The best 10-
trait reduced network (weighted dissimilarity (WD) = 0.0437) managed to
capture this structural complexity of the full trait network, as the traits of the
best 10-trait network are also distributed in the three different modules
(Fig. 4d): specific leaf area, leaf carbon nitrogen ratio and leaf nitrogen
isotope ratio are part of leaf economic module; plant height, stem conduit
density, stem diameter and specific root length are involved in the hydraulic
safety module; wood fibre length seed germination rate, and stem vessel
element length are residing in plant reproduction and competitionmodule.
Similar to the full trait space, these three modules also comprise the three
main axes in the reduced trait space, which explains 33%, 17% and 16% of
the variance of the trait space (Fig.4e, f).

The most cost-efficient network series
The performance of both cost-efficient network series and best performing
network series improved gradually with the network size, accompanied by a
corresponding increase in the cost of network traits measurement (Fig. 5).
However, the most cost-efficient consistent networks achieved a compar-
able performance with the best performing consistent networks with 44.2%
cost reduction on average. As such, with a network of 7 traits, network
performance reached 41.6%, with the same predicting capability as the best
performing network series but with only 15.2% measuring cost of the full
network. With 10 traits included, the network series achieved nearly 60%
performance at just 20.1% measuring cost of the full network, whereas the
networkof the same size in thebest performingnetwork series accounted for
45.5%of expenditure (SupplementaryTable 4). The largestmarginal benefit

wasobtained for anetworkwith 18 traitswhenseedmasswas added,with an
increased performance of 84.3% (Supplementary Fig. 4).

Discussion
Our results proved that a limited number of key traits could well grasp the
overall functional complexity of trait space. The best network series provides
a ranking of plant traits (SLA, L15N, LCNR, WDL, SRL, SCDen, SD,
SCElen, SdGE,Height, LPC.m,DispL, Lwid, Llen, SdM, SCDia, LDMC,RD,
Lthick, LA, LNC.m, SdL, SSD, LCC.m, LFM, SdNum, LWC). It prioritizes
traits that best represent the full trait network structure and capture shifts in
the network metrics across ecoregions. For example, compared to the six
commonly used traits and plant global spectrum3,7, the six-trait network in
the best network series also presented the three main dimensions and
exhibited better performance in capturing the full complexity of the original
dataset (Supplementary Fig. 5, Supplementary Fig. 6). Specifically, the fol-
lowing six traits corresponded to the leaf economic strategy represented by
specific leaf area and leaf carbon/nitrogen ratio1,3, the leaf nitrogen isotope
signature and specific root length potentially capturing the resources
acquisition strategy and efficiency of plants29, the stem conduit density
representing a key aspect of plant hydraulic safety30, and the wood fiber
lengthas aproxyof theplant growth andcompetition strategies, especially at
the sapling stage31. With all the dimensions represented, these traits
exhibited better performance in capturing the full complexity of the original
dataset (Supplementary Fig. 6).

The key set of traits identified through the network reduction proce-
dure potentially enhances our understanding of the interactions of plant
functional strategies. In the best performing 10-trait reduced network
(Fig. 6), traits related to reproduction and growth are presented as an
independentmodule in both ofwoody andnon-woodyplant trait networks.
While the core trait in the leaf economic spectrum1, specific leaf area, was
more strongly associated with nutrient acquisition traits in woody plants,
whereas specific leaf area was more associated with plant size and hydraulic
traits in non-woody plants (Fig. 6). The shifting of specific leaf area in
different network modules suggests that, as an indicator of fast-slow stra-
tegies, it is also associated with other distinct functions in woody and non-
woody plants. The fast growth strategy of wood plants is showing a larger
reliance on their capacity on nutrient acquisition32,33, while in non-woody
plants, the growth rates are more linked to plant size and hydraulic safety
strategies rather than nutrient acquisition34,35. Therefore, our findings
demonstrated that woody plants have evolved diverse strategies focusing on
size and hydraulic safety36, whereas non-woody plants have primarily
diversified toward nutrient acquisition strategies33. Additionally, the trait

Fig. 3 | The dissimilarity and network performance of the consistent reduced
networks and the best-performing network series. a The dissimilarity between
consistent reduced networks to the full network. The dark purple area shows the
distribution of the dissimilarity between consistent reduced network to full networks
while the light purple areas show the dissimilarity of optimal reduced network, and

the beige line represents the dissimilarity of the optimal network series. b The
coloured regions show the distribution of network performance of optimal reduced
networks (light purple) and consistent reduced networks (dark purple) along the
sizes. The beige line in the dark purple area shows the performance of the networks in
the best-performing network series.
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reduction approach allows a concise representation of a multivariate trait
space. For example, instead of including more traits (such as leaf area, leaf
width and leaf fresh mass) that represent similar functional dimensions as
L15N, the reduced 10-trait network attributes more weight to L15N in the
first two main axes and retains a similar three-module structure and com-
parable functional axes in the PCA to the full 27-trait network (Fig. 4).

Compared to specific ecophysiological processes, the representation of
plant diversity in Earth systemmodels is still simply represented by a small
number of plant functional types (PFTs), which are defined based on simple
categorical traits like plant growth form (tree, shrub, herb) and leaf lifeform
(evergreen vs deciduous)37. It was proved to fail to encompass the diverse
plant strategies in theprocesses ofplant growth, reproductionand survival38.
Challenges remain in defining a subset of traits that best captures multi-
dimensional variation in plant function and processes8,39. The ranking of
plant traits is valuable for plant trait selection in trait-based ecology22. Our
best-performing networks can be potentially used to inform the key traits
that should be considered as the important functional dimensions of
plants40, or re-evaluating the choice of traits that are currently used to define
PFTs in vegetation models41.

Maximising trait measurements is a critical imperative for researchers
seeking to capture the maximal trait complexity, as a restricted set of traits
may lead to the omission of critical plant trade-off dimensions. Here, our
most cost-efficient network series is highly informative for practitioners or
empiricists having to decide which traits to measure, which can potentially

maximise the complexity captured, and minimise redundancy and trait
measuring costs. For example, the reduced network, consisting of 10 cost-
efficient traits (Supplementary Fig. 7), also captured the three main
dimensions of the full trait network and was as performant as the 10-trait
network in the best performing network serieswhile being easier tomeasure
(Fig. 5). This suggests that leaf water content and plant height can serve as
proxies for plant hydraulic safety strategy42, offering a low-cost alternative to
specific root length. Similarly, the application of leaf area, leaf dry matter
content, and leaf nitrogen content enables the reduced trait network to
capture the leaf economic strategy of plants with less expense43.

Network analysis offers a comprehensivemethod to analyse functional
complexity and shows three advantages formultivariate trait analysis in this
study. First, asHeet al.28 pointedout, traits that interact strongly canoftenbe
combined into onemodule in the trait networks, which potentially relate to
specific aspects of plant function. In our analysis, we found, within the
intricate 27 trait space, plant hydraulic safety strategy was not solely
dependent on stem hydraulic traits but intricately linked to multifaceted
trait strategies spanning multiple plant organs (Fig. 4). e.g., height and
specific stem density were potentially related to plant hydraulic safety
boundaries42; while seed mass and dispersal distance were important to
plants in the populationsmigrating in response to extreme drought44. Next,
thenetwork structurewas less sensitive to the orthogonal traits,whichmight
change the interpretation of functional dimensions of trait space when they
were weakly correlated with other traits22. It is noteworthy that traits

Fig. 4 | Themodule composition and PCA of best performing networks. a,d show
themodule composition of the full trait network and reduced 10-trait network in the
best performing network series; the colours of modules show the leaf economic
module (green), hydraulic safety module (blue) and plant reproduction and com-
petition module (red) in the network independently. WD indicates the structure
dissimilarity (weighted dissimilarity) of the reduced network to the full network.
b,c,e,f show the results of PCA in revealing the dimensions in the full trait space and
the best reduced trait space. The colours of traits and PCA arrows indicate the newly
added traits in different size of networks. Note: Specific leaf area (SLA), Leaf carbon

content (LCCm), Leaf nitrogen content (LNCm), Leaf phosphorus content (LPCm),
Leaf thickness (Lthick), leaf dry matter content (LDMC), Leaf nitrogen (N) isotope
signature (L15N), Leaf length (Llen), Leaf width (Lwid), Leaf carbon/nitrogen ratio
(LCNR), Leaf fresh mass (LFM), leaf area (LA), Leaf water content (LWC), Plant
height (Height), Stem diameter (SD), Root rooting depth (RD), Specific root length
(SRL), Seed dry mass (SdM), Seed length (SdL), Seed germination rate (SdGE), Seed
number per reproduction unit (SdNum), Dispersal unit length (DispL), Stem spe-
cific density (SSD), Stem conduit density (SCDen), Stem conduit diameter (SCDia),
Stem vessel element length (SCElen), Wood fibre length (WDL).
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embodying distinct trade-offs consistently occupy distinct positions in our
best network series, such as seed germination rate (Fig. 4). Furthermore, the
metrics provided bynetwork analysis enabled the identification of key traits,
which capture network structure properly. The key traits may either play
central roles, acting as bridges connecting other traits in different
dimensions34,45, or show distinctive dimensions of plant strategies40,46. In
contrast, highly redundant traits are less important in the full trait space as
they can be properly represented with a set of other traits in the same
module, given the high redundancy of specific stem density, leaf width, leaf
carbon and phosphorus content (Supplementary Fig. 1). Additionally, the
sensitivity analysis shows network dissimilarity applied in the network
reduction was robust to the threshold ( | r | ) for network construction
(Supplementary Fig. 8).

Although our results show the ability of the trait reduction proce-
dure in selecting key traits from the multivariate trait space, there are two
major concerns related to the initial composition of the trait space.
Despite the fact that we expect the 27 traits included in this analysis to
reveal the prime plant functional trade-offs that are at play globally, some
important traits and trait space dimensions might be missing from the
analysis47. Thus, increasing efforts for assessing and including more plant
traits are still needed for further plant trait networks research. The second
one lies in the potential redundancy of the initial trait space when strong
correlations exist among a group of traits. Even though a great propor-
tion of trait redundancy was reduced by using a smaller number of traits,
these strongly correlated patterns might be retained by the best-reduced
trait space. Therefore, traits that exhibit mathematical relationships or
can be inferred by each other should be excluded from the initial
dataset14. Additionally, as trait costs vary by species lifeform, the most
cost-efficient reduced trait networks may differ across studies. Future

research may need to customize trait costs to identify the most efficient
networks for their specific objectives.

In conclusion,we demonstrate the network reduction approach,which
provide a renewed perspective for assessing trait-trait relationships. It could
be a valuable tool for plant trait selection in ecosystem research. In parti-
cular, our results show that the initial 27 traits could be reduced to a subset of
traits that can optimally represent the full trait space while reducing trait
redundancy. Identified by its network performance and cost-efficiency, the
best trait combinations potentially enhance our understanding of the trade-
off strategies of terrestrial plants and will practically facilitate researchers in
trait selection and application.

Methods
Trait information
Gap-filled trait data. We used a global plant trait dataset with 27 gap-
filled traits derived from the TRY database17. These traits represent some
of themostmeasured and available traits in functional ecology, including
leaf, stem, root, seed and whole plant traits. The plant strategies repre-
sented by these traits were briefly clarified based on their associated
ecological processes (Supplementary Table 1). They potentially reveal the
prime plant functional trade-offs that are at play globally17. The missing
data were imputed with a Bayesian hierarchical probabilistic matrix
factorization (BHPMF)17,18. Thismethod has been proven to be reliable in
exploring trait-environmental relationships12,20. To link trait data with
local regions and environmental factors, ecoregions that contain geo-
graphically distinct assemblages of species were used48. All traits were
aggregated into species median value (for plant size traits like plant
height, stem diameter and rooting depth, 95th percentile value was used)
in every ecoregion. In total, 368,940 records were integrated into 36,628

Fig. 5 | The cost and performance of the best performing network series and the
most cost-efficient network series.The beige line shows the increasing performance
of networks in the best performing network series along the size, and the brown line
shows the performance of networks in themost cost-efficient network series. The bar
plot represents the cost of networks in the best performing network (beige) series and
the most cost-efficient network series (red). The coloured text in the left top shows
the initial trait combination (5 traits) of best performing network series (beige) and
themost cost-efficient network series (red), and the traits over the 0-axis are the new
traits added in the N+ 1 trait network. Note: Specific leaf area (SLA), Leaf carbon

content (LCCm), Leaf nitrogen content (LNCm), Leaf phosphorus content (LPCm),
Leaf thickness (Lthick), leaf dry matter content (LDMC), Leaf nitrogen (N) isotope
signature (L15N), Leaf length (Llen), Leaf width (Lwid), Leaf carbon/nitrogen ratio
(LCNR), Leaf fresh mass (LFM), leaf area (LA), Leaf water content (LWC), Plant
height (Height), Stem diameter (SD), Root rooting depth (RD), Specific root length
(SRL), Seed dry mass (SdM), Seed length (SdL), Seed germination rate (SdGE), Seed
number per reproduction unit (SdNum), Dispersal unit length (DispL), Stem spe-
cific density (SSD), Stem conduit density (SCDen), Stem conduit diameter (SCDia),
Stem vessel element length (SCElen), Wood fibre length (WDL).
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species-level records in 483 ecoregions according to their georeference in
TRY database17. Traits that did not follow a normal distribution were log-
transformed to approximate normality.

Network analysis
Network building. To construct the networks, traits were considered as
nodes (or vertices) and trait-trait relationships were represented by edges
connecting each pair of nodes28. Calculated with the ‘stats’ package in R49,
the absolute value of pairwise Pearson correlation coefficients ( | r | ) was
used to represent the distance of the edges between a pair of traits, and a
larger Pearson |r| indicates a shorter distance between traits in the net-
work. In the network reduction procedure, recognizing that the number
tested trait correlation greatly exceeds the number of observed species in
some ecoregions, we avoid spurious correlations by setting a fixed
threshold (p >= 0.05 or |r | < 0.2)14,45, without applying correlation
correction50. Although thismay introduce false positives in somenetwork
edges, it ensures that the constructed networks remain reliable in ecor-
egions with a small number of observed species. Finally, network graph
objects were generated and analysed with the package ‘igraph‘ in R51.

Networkmetrics. Network analysis provides variousmetrics to illustrate
network similarity and trait-trait interaction patterns, enabling the
identification of key traits in trait space that can capture network struc-
ture properly. The variances of these network metrics reflect the inter-
action strategies of different functions of plants52,53. Here, we used a
combination of three main network metrics-the Edge Density, Con-
nectivity andModularity-based on their ecological significance identified
in previous studies45,53,54, to evaluate trait interactions and the structure of
a trait space45,54. “Edge Density” and “Connectivity” measure the degree
to which traits work together throughout the entire network. Edge
Density is the ratio of the number of actual links between traits to all
possible connections. Connectivity here is defined as the ratio of links to
all possible links in the network, weighted by the strength of the links26,27.
The “Modularity” quantifies the complexity of networks by assessing the
strength of traits clustering into distinct modules. In a network, high
modularity indicates extensive links among traits within modules but
sparse links among traits between modules. The identified network
modules potentially correspond to specific aspects of plant function,
aligning with concept of plant functional spectra28,53. Modularity max-
imisation is recognized as one of the most prominent algorithms for
modularity detection in network science55. Despite it may lead to over-
fitting issues where spurious communities can be identified56, the mod-
ularity maximization algorithm can effectively summarize the key
modules within the trait network and the main functional dimensions of
plants28, and sensitive to detect the modularity changes even for the
simplest graph perturbation57. Here, the network module composition
was detected with the R function ‘cluster_optimal’ in ‘igraph’51, which

calculated the maximal network modularity by transforming the max-
imisation of themodularity of all possible partitions into an integer linear
programming (ILP) problem.

Trait redundancy. Trait redundancy is the overlap of trait information.
Quantifying trait redundancy helps investigate the degree to which
dimensions are overweight. Here, the three main network metrics (edge
density, connectivity and modularity) were used to represent the infor-
mation of the trait in context of trait space, and the trait redundancy was
calculated based on the network sensitivity, referring the relative changes
of network metrics to the removal of traits which represents the extra
information added by this trait. We let edge density and connectivity
share the half weight, as they both indicate the strength of connections
among traits in the network based on their definitions (4), and the
redundancy of a trait was calculated using the following Eq. (5).

ΔDensityGN tð Þ ¼ DensityGN
ð1Þ

ΔConnectivityGN ðtÞ ¼ ConnectivityGN
� ConnectivityGN ðtÞ ð2Þ

ΔModularityGN ðtÞ ¼ ModularityGN
�ModularityGN ðtÞ ð3Þ

SensitivityGN tð Þ ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
0:5×ΔDensity2GN tð Þ þ 0:5×ΔConnectivity2GN tð Þ þ ΔModularity2GN tð Þ
� �r

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
0:5×Density2GN

þ 0:5×Connectivity2GN
þModularity2GN

� �r

ð4Þ

RedundancyGN ðtÞ ¼ 1� sensitivityGN ðtÞ ð5Þ

Where GN is the N-trait reduced network, and the GN ðtÞ is the N-trait
reducednetworkwith trait t removed; theDensityGðNÞ,ConnectivityGðNÞ and
ModularityGðNÞ are the values of edge density, connectivity and modularity
of theN-trait reducednetworkGðNÞ; theDensityGN ðtÞ,ConnectivityGN ðtÞ and
ModularityGN ðtÞ are the values of edge density, connectivity andmodularity
of the trait t removed reduced network GN ðtÞ.

Network dissimilarity. The dissimilarity quantifies the structure differ-
ence between reduced networks and the full network. Here, it was cal-
culated with WD-measure (Eq. (6)) which was initially defined by
Schieber et al.58, and has been extended to weighted networks59. TheWD-
measure quantifies network structure difference through the
Jensen–Shannon divergence59, which provides a symmetric and bounded
metric (ranging from 0 to ln2) for comparing the similarity of the dis-
tribution of nodes connectivity, nodes heterogeneity and nodes centrality

Fig. 6 | Network module compositions of the best
performing 10-trait reduced network in woody
and non-woody plants.The colours ofmodules and
traits show the leaf economic module (green),
hydraulic safety module (blue) and plant repro-
duction and competitionmodule (red) in the woody
plant trait network (a) and nonwoody plant network
(b). The colours of traits in networks indicate the
newly added traits in different size of networks.
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between networks consistently, enabling to capture network dissim-
ilarities at both global and local scale58.

WD ¼ w1

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
JSD uGN

; uGM

� �
=log2

r
þ w2

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
WNND GN

� �q
�

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
WNND GM

� �q��� ���
þ w3

2

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
JSD PαGN

; PαGM

� �
=log2

r
þ

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
JSD PαGc

N
; PαGc

M

� �
=log2

r� 	
ð6Þ

wherew1,w2, andw3 are theweights of each termwithw1 þ w2 þ w3 ¼ 1.
Same with a previous study58, we selected w1 ¼ 0:45, w2 ¼ 0:45 and
w3 ¼ 0:1.JSD is the Jensen–Shannon divergence and Gc

N and Gc
M indicate

the complement ofGN andGM , which consist of all the nodes presented in
Gc
N and Gc

M and the edges not presented in GN and GM . JSD
�
uGN

; uGM

�
measures the difference between the networks’ averaged node-distance
distributions, and JSD

�
PαGN

; PαGM

�
measures the difference between the α-

centrality values of the networks. TheWNND is defined as:

WNND Gð Þ ¼ JSD Pω
1 ; P

ω
2 ; . . . ; P

ω
N

� �
log mþ 1ð Þ ð7Þ

JSD Pω
1 ; P

ω
2 ; . . . ; P

ω
N

� � ¼ 1
N

X
i;j

pωi j
� �

log
pωi j
� �
μωj

 !
ð8Þ

where m is the number of columns of the discontinued weighted distance
probabilitymatrixPω.P

ω
i ¼ pωi j

� �
 �
is the discontinuedweighted distance

distribution in node i. The average of the neighbours proportion μωj can be
obtained through the distance probability matrix Pω as:

μωj ¼
XN
i¼1

pωi j
� �

=N ð9Þ

where pωi j
� �

is the fraction of nodes connected to node i at discontinued
weighted distance j, transformed with the methods in Jiang et al. 59.

Networkperformance. The performancemeasure FGN
is designed based

on the consistency of the networkmetrics of the reduced networkGN and
the full network G27 for each ecoregion. We used the coefficient of
determination ðR2Þ of the linear regression between the metrics of
reduced networks and the full net for computing network consistency.
The linear regression was fitted with the ‘lm‘ function in R49. Ecoregions
with less than 20 species were discarded20, and a total of 262 ecoregions
were included for this analysis. We assigned equal weight to edge density
and connectivity, as both metrics similarly represent the strength of
connections among traits within the network.

FGN
¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
R2
d ×R

2
c

q
×R2

m

r
ð10Þ

where the R2
d , R

2
c and R

2
m are the coefficients of determination of the linear

regression on edge density, connectivity and modularity between the
reduced network and the full network in 262 ecoregions.

Networkmodule composition andPrincipal component analysis. To
identify the network module composition and dominant axes of trait
space, we used the optimal module clustering and principal component
analysis (PCA). This was conducted on traits in different sizes of reduced
networks using the ‘igraph’ and ‘stats’ packages in R49,51.

Identification of network series
Step 1: optimal reduced networks. The optimal reduced networks are
supposed to exhibit a similar structure as the full network. The number of
potential reduced networks varies with the number of traits used to
construct that network, ranging from a few to thousands of possible

combinations. We thus limited the number of optimal reduced networks
by imposing thresholds. First, for networks of 5 to 6 traits, and of 21 to 25
traits, we extracted the top 5% networks that best matched the full net-
work based on dissimilarity. For trait networks of 7 to 20 traits, where the
top 5% would still have rendered a lot of different combinations, we
capped the number of networks with 30.000 combinations - again based
on the best ranking networks in terms of dissimilarity. Finally, for the trait
network of 26 traits - with 27 possible combinations, we took the 10 best-
matched (based on lowest dissimilarity) networks. Simultaneously, we
randomly sampled 100,000 reduced networks in different sizes as a
contrast to optimal reduced networks. For both optimal reduced net-
works and randomly sampled reduced networks, we calculated the trait
redundancy and network performance, and then compared the differ-
ence in trait redundancy and examined whether these optimal reduced
networks are performing better than other networks.

Step 2: Consistent reduced network series and best-performing
network series. In optimal reduced networks described in Step 1, the
best performing network of N traits could contain a completely different
set of traits than the best-performing network of N+ 1 traits. In practice,
there is a need for consistent sets of traits, ordered from high-priority
traits to highly redundant traits. Indeed, the number of traits one can
sample or include will be constrained by research budgets and project
timeframes. As such, there is a need for consistent reduced trait networks
that perform optimally regarding a full trait network, but where traits can
be added or removed following the maximum added value of these
respective traits. Consequently, a reduced trait network of N traits would
be optimally performing regarding the full network, while the trait net-
work ofN+ 1 traits would do so as well but containN common traits and
one added trait only. From optimal reduced networks, the network series
can be identified starting from the 5-trait network, and the next trait ‘i‘
can be added to the currentN-trait network only if the network composed
of these N+ 1 traits is also included in the optimal reduced networks.
Finally, the best-performing network series are identified based on the
averaged performance of the reduced network in capturing the change of
the three main network structure metrics in the full trait network across
ecoregion.

Step 3: The most cost-efficient network series. The optimal network
series identified in Step 2 extract the key traits that best represent the
interaction pattern of the full trait space while reducing trait redundancy.
However, in order to inform trait selection for observational ecosystem
science, we also need to account for the ease of acquisition of functional
traits. In other words, a reduced network of eight traits might marginally
outperform another network of eight different traits in terms of trait
space representation, but if the former set is much more difficult to
measure, practitioners might be better off with the latter trait set. Thus,
there is a need to determine the cost-effectiveness of trait measurements.
To this goal, we introduced a method accounting for an acquisition cost
to each trait. The cost of measuring each trait was defined here based on
data availability in the database (version 5, Supplementary Table 1) with
the assumption that the cost ofmeasuring a trait is inversely proportional
to the number of its observations in the database.

The cost of measuring each trait was defined here based on data
availability in the database (version 5, Supplementary Table 1) with the
assumption that the cost ofmeasuring a trait is inversely proportional to the
number of its observations in the database. Then, the cost-efficiency (CEGN

)
of the reduced network was calculated with the Eq. (13).

Weightt ¼
MaxðcountðT1�27ÞÞ

countðTtÞ
ð11Þ

Costt ¼
WeighttP27
1 Weighti

ð12Þ
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CEGN
¼ FGðNÞ

CostGN

ð13Þ

where the countðTtÞ is the number of species measured trait t; FGN
is the

performance of network GN ; CostGN
is the total cost of all traits in network

GN . The calculation of specific leaf area requires the measurements of leaf
area and leafmasswhich aremuch less reported in TRY. This reporting bias
may lead to overestimating of the measuring cost to these traits. Thus, we
manually assigned the same measurement cost to leaf area, leaf fresh mass,
leaf water content, and leaf dry mass content as that of specific leaf area.
Finally, themost cost-efficient network series was identified based on a cost-
efficiency analysis.

Marginal benefit. To identify the best network in the most cost-efficient
network series, we calculated the marginal benefit of adding trait t MBt
following Eq. (14).

MBt ¼
FGðNÞ � FGðN;�tÞ

Costt
ð14Þ

where FGN
is the performance of networkGN , FGðN;�tÞ

is the performance of
networkGðN;�tÞ,GðN;�tÞ is the networkGN with trait t removed;Costt is the
cost of trait t, evaluated according to criteria described in Step 3 above.

Statistics and reproducibility
In this study, a global gap-filled trait dataset was used, covering 262 ecor-
egions and 27 traits. Trait-trait correlation was estimated with Pearson
correlation coefficients through the ‘stats’ package in R. Network con-
struction and network metrics calculation were conducted using the igraph
package (version 1.2.6). The calculation of network dissimilarity and net-
work performance was conducted on the HPC of Ghent University. All
analyses were conducted using publicly available R scripts to ensure
reproducibility (R version 4.1.2).

Data availability
The initial trait and environment data primarily used in this study were
obtained from TRY.

Code availability
R code and data for analysis and visualizing have been deposited on
Figshare60.
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