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Abstract
1. Tree functional diversity can increase forest productivity by enhancing species 

interactions and providing greater growth stability. However, very few stud-
ies have examined the influence of tree community trait structure on survivor 
growth, recruitment and mortality simultaneously, which are the main drivers of 
forest population dynamics.

2. Here, we explore the interactions among functional diversity, productivity and 
climate to investigate the role of the trait structure of communities on forest pro-
ductivity and to determine under what circumstances functional diversity should 
be promoted to ensure forest adaptive capacity under future climate.

3. Using random- forest modelling and a network of permanent sample plots covering 
a broad gradient of climatic conditions, we isolated the effects of functional diver-
sity—described as the distribution of trait values in a community—and climate vari-
ables on net forest productivity (NFP), survivor growth, recruitment and mortality.

4. Based on our findings, community- level trait structure affects forest productivity 
in different ways. NFP was influenced by three traits from three different plant 
strategy dimensions, whereas survivor growth and recruitment were strongly 
correlated with leaf and resource acquisition traits, and tree mortality with a mix 
of traits reflecting various plant strategies.

5. We also observed climate interactions with the functional trait structure of tree 
communities. For instance, we observed an interaction between drought toler-
ance and mean annual temperature: At low temperatures, NFP biomass accumu-
lation increased with the value of the drought tolerance trait; however, at higher 
temperatures, the opposite pattern was observed. However, we found contrast-
ing patterns of population response to climate variability, depending on their 
functional diversity. Greater functional diversity does not necessarily increase 
biomass accumulation under different climatic conditions.

6. Synthesis. As all components of forest productivity contribute to NFP, studies on 
forest productivity should consider not only survivor growth but also recruitment 
and mortality. Each component responds differently in terms of biomass changes 
in climatic variation, according to the trait structure of tree communities. This 
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1  |  INTRODUC TION

Diverse forests can be more productive than species- poor ones 
(Forrester, 2017; Liang et al., 2007, 2016; Paquette & Messier, 2011; 
Pretzsch, del Río, et al., 2015; Pretzsch, Forrester, et al., 2015; Zhang 
et al., 2012; Zheng et al., 2021). The positive mixing effects may re-
flect complementarity interactions, such as niche differentiation (i.e. 
where two or more species occupy distinct spatial niches enhanc-
ing collective performance) and facilitation (i.e. where one species 
positively influences another, directly or indirectly, by increasing 
its growth or survival) (Callaway, 1995; Loreau, 2000; Loreau & 
Hector, 2001). Competition between two species can be reduced if 
they differ in their use of a resource, for example one being adapted 
to the use of light found in the understorey, while another is special-
ized in the use of light higher up in the canopy (Man & Lieffers, 1999; 
Pretzsch, del Río, et al., 2015; Pretzsch, Forrester, et al., 2015) or one 
species can increase the amount of nitrogen available for another 
by increasing litter decomposition rates (del Río & Sterba, 2009; 
Man & Lieffers, 1999). The differential sensitivity of species to spe-
cific disturbance agents (e.g. diseases, pathogens, defoliation and 
climate) could also contribute to the positive mixing effect (Jucker 
et al., 2016; Pretzsch, 2005; Sousa- Silva et al., 2018). By studying 
the trait structure of communities, more attention is paid to the role 
of each organism in the ecosystem and to the attributes needed to 
maintain ecosystem functioning (Reiss et al., 2009). A trait can be 
defined as ‘a measurable characteristic (morphological, phenological, 
physiological, behavioural, or cultural) of an individual organism that 
is measured at either the individual or other relevant level of organiza-
tional’ (Dawson et al., 2021). One of the fundamental advantages of 
their use is that they can provide generalizations across species and 
taxa, revealing the different ecological strategies involved in spe-
cies assemblages (Dawson et al., 2021; Kraft et al., 2015; Shipley 
et al., 2016), and as such, inferences are more generalizable beyond 
the immediate study system. Thus, this approach enables the study 
of the mechanisms underlying the diversity–ecosystem function 
relationships and recognizes that some mixtures can be more com-
plementary than others (Lavorel et al., 2008). Forest productivity 
can be studied as a net value (i.e. net forest productivity, NFP), de-
fined as the biomass remaining after subtracting the losses through 
tree mortality (i.e. trees that have died between two measurements) 
from the gain of survivor growth (i.e. growth of trees that survived 
between two consecutive plot measurements) and tree recruit-
ment (i.e. trees that reach 9.1 cm DBH between two measurements) 

(Pretzsch, 2009). However, relatively few studies have examined the 
effect of the trait structure of tree communities on forest produc-
tivity in relation to demographic processes, namely survivor growth, 
recruitment and mortality, which all contribute to forest popula-
tion dynamics (Condés & del Río, 2015; Liang et al., 2007; Looney 
et al., 2021).

Along with the trait structure, climate also represents a major de-
terminant of forest productivity (Ammer, 2019). As reported by the 
Intergovernmental Panel on Climate Change (IPCC), global tempera-
tures in the northern midlatitudes are projected to increase by 1.5–
2°C and temperature extremes by 3–4°C, depending on the scenario 
(Allen et al., 2019; Ammer, 2019; Kirilenko & Sedjo, 2007), increases 
that will undoubtedly affect many forest ecosystems. As distur-
bances become more frequent or more intense (Dale et al., 2001), 
interactions among species will be altered. These changes will af-
fect population dynamics and, therefore, ecosystem functions and 
services, of which productivity is a key feature (Ammer, 2019; Silva 
Pedro et al., 2016).

Currently, promoting tree diversity is seen as a promising av-
enue to adapt to climate change in current forestry practices 
(Ammer, 2019; Kolström et al., 2011; Looney et al., 2021; Pretzsch, 
del Río, et al., 2015; Pretzsch, Forrester, et al., 2015). A combina-
tion of different approaches can be used to help an ecosystem to 
functionally recover after changes (Thompson et al., 2009), either 
through resistance (i.e. the absence of change), resilience (i.e. the re-
turn to the initial state after a disturbance) or response (i.e. strength-
ening the capacity of forests respond to change) (Hörl et al., 2020; 
Malmsheimer et al., 2008; Millar et al., 2007). However, recent stud-
ies have shown contrasting patterns concerning the effect of tree 
diversity on the ability of some stands to maintain their productivity 
when subjected to climate change (CC) (Jucker et al., 2016; Paquette 
et al., 2017). Mitigating the effects of CC on forests requires iden-
tifying and understanding the circumstances under which tree spe-
cies diversity has the utmost potential to positively influence forest 
productivity and its components, information that has important im-
plications for forest management and forest conservation.

Our study had two goals. The first one was to understand how 
the structure of traits within tree communities influences the differ-
ent components of forest productivity (survivor growth, recruitment 
of new trees and mortality) over a wide latitudinal and longitudinal 
gradient in northeastern North America. We proposed to address 
this question by using trait values from the literature to analyse 
the trait structure of tree communities within a large network of 

study provides a framework to identify the trait structure that should be targeted 
under different climate scenarios to anticipate change and help strengthen forest 
response capacity to climate change.

K E Y W O R D S
climate change, net forest productivity, random- forest models, survivor growth, tree 
recruitment and mortality, trait structure of communities
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periodically measured permanent sample plots (PSP). It can be as-
sumed that the trait structure of communities affects each compo-
nent of forest productivity differently. Indeed, it is expected that 
(i) leaf traits are associated with survivor growth because they are 
important for overall plant functioning, whereas (ii) traits related to 
resource acquisition have the largest impact on tree recruitment, 
and (iii) those related to competition and survival strategies play a 
more notable role in tree mortality. Our second goal was related to 
the effects of CC on forest productivity and motivated by this ques-
tion: Does the trait structure of a community influence its ability 
to respond to climatic variations? We hypothesized that (iv) forests 
with the highest functional diversity have better adaptive capacity 
to an altered climate than those with the lowest diversity. To do this, 
we used annual temperature and precipitation to investigate how 
tree communities responded to a range of climatic conditions. The 
relationships between trait structure, productivity and climate may 
provide insights to evaluate under which circumstances tree species 
diversity can enhance forest productivity under CC.

2  |  MATERIAL S AND METHODS

2.1  |  Study area

The PSPs used in the study cover a latitudinal and longitudinal gra-
dient (45°–52.5° N and 55° W–80° W), stretching from the western 
border of the province of Quebec (QC) to the Atlantic coast of the 
province of Newfoundland (NL) (Figure 1). The ecozone covered by 
the PSP network extends from the Mixedwood Plains in the south to 
the Taiga Shield in the north, passing through the Atlantic Maritime, 
Hudson Plains, and Boreal Shield ecozones (Government of 
Canada, 2018). The dominant tree species in the Mixedwood Plains 
and Atlantic Maritime ecozones are sugar maple (Acer saccharum 

Marsh.), and a mixture of boreal species, including balsam fir (Abies 
balsamea [L.] Mill.) and black spruce (Picea mariana [Mill.] Britton, 
Sterns & Poggenb.), and southern species, including yellow birch 
(Betula alleghaniensis Britt.). The Boreal Shield and the Hudson Plains 
ecozones are dominated by black spruce and white spruce (Picea 
glauca [Moench] Voss), balsam fir and eastern larch (Larix laricina [Du 
Roi] K. Koch). White birch (Betula papyrifera Marsh.), balsam pop-
lar (Populus balsamifera L.) and trembling aspen (Populus tremuloides 
Michx.) are also present in smaller proportions in this ecozone.

2.2  |  Forest inventory

The QC permanent sample plot network, established in 1970 and 
still monitored today (Duchesne & Ouimet, 2008; Gouvernement du 
Québec, 2019), has more than 12,500 randomly distributed circu-
lar sample plots (400 m2). In each plot, trees with diameter at breast 
height (DBH; measured at 1.3 m above- ground) larger than 9.0 cm are 
numbered, and their DBH and status (alive, dead or harvested) are 
recorded at each survey. Recruits, living trees that reach the thresh-
old of 9.1 cm DBH between two measurements, are numbered and 
their DBH recorded. Tree height is measured on a subsample of nine 
trees per plots (MRNF, 2022). For trees with missing height, it was 
predicted using species- specific models of height–diameter relation-
ships (Auger, 2016). The PSPs are remeasured approximately every 
10 years, with some plots having up to six measurements in total.

Data from NL were also collected from 400 m2 circular sam-
ple plots established by the Canadian Forest Service of Natural 
Resources Canada from 1987, and plots have been remeasured 
every 3–5 years (up to eight measurements in total) (Government of 
Newfoundland and Labrador, 2022). The inventory protocol is sim-
ilar to that of QC PSPs. Tree species, DBH at 1.3 m, tree height and 
status of all trees with DBH larger than 9.0 cm are recorded. The 

F I G U R E  1  Map of permanent sample 
plots and their distribution across eastern 
Canadian terrestrial ecozones, with the 
three reference climatic zones for the 
regionalized climate simulations in Quebec 
and the Maritimes (see Ouranos (2015) for 
details). Map lines delineate study areas 
and do not necessarily depict accepted 
national boundaries.
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height of tree was measured using the height vertex feature of the 
Postex®, and models of height–diameter relationships were used to 
impute missing heights (Mehtätalo et al., 2015; van Lier et al., 2022).

After screening the two data sets for plots containing trees of 
merchantable species (i.e. trees with a commercial value) with a DBH 
over 9 cm and at least two consecutive measurements, we retained 
11,835 different plots (Table 1), for a total of 30,799 pairs (30,037 
QC, 762 NL) of plot measurements representing growth periods (i.e. 
a growth period consists of two consecutive measurements of a 
plot) to estimate changes in biomass at the plot level. We proceeded 
as follows. The total above- ground biomass of individual trees was 
predicted using previously published models of biomass (Lambert 
et al., 2005) using DBH and height as predictors. Then, the net forest 
productivity was divided into survivor growth SG (growth of trees 
that survived between two consecutive plot measurements), recruit-
ment R (trees that reach 9.1 cm DBH between two measurements) 
and mortality M (trees that have died between two measurements). 
The trees that were harvested or thinned were recorded with a dis-
tinct code in the database and consequently were not included in 
the calculation of mortality. More precisely, these different compo-
nents were calculated as follows for each pair of measurements:

where sg, r and m are the sets of trees that survived, were recruited and 
died, respectively, SGik is the survivor growth in biomass b for all the 
survivor trees in plot i, over the interval that goes from measurement 
k to measurement k + 1, tree recruitment Rik is defined as the above- 
ground biomass b of the trees that were recruited between measure-
ments, and tree mortality Mik is defined as the above- ground biomass 
b of a tree that died between measurements k and k + 1. Net forest 
productivity Y is expressed as total living above- ground biomass incre-
ments (Mg ha−1 year−1 of dry biomass) in plot i between measurements 
k and k + 1. Mortality does not consider the growth of dead trees 
(growth between the last plot measurement when the tree is alive and 
the moment of its death) since dead trees are not measured. A tree was 
noted as a recruit once it achieved merchantable size (i.e. DBH >9 cm).

2.3  |  Explanatory variables

We used a series of 37 explanatory variables to account for between- 
plot differences (Table 1). Among these, five described the forest 
structure, six described the environment, and 26 described the trait 
structure of tree communities.

2.3.1  |  Forest structure

Forest structure was characterized by five variables that were com-
puted at the initial measurement of each interval. Competition was 
quantified using merchantable basal area (m2 ha−1, i.e. calculated 
with trees with a DBH over 9 cm and a commercial value). Plot on-
togeny was estimated using dominant height (average height of the 
four thickest trees in the plot) as proxy. Stand composition was as-
sessed with the dominant species and with the basal area of the 
dominant species (m2 ha−1). The plot's total biomass (Mg ha−1 of dry 
biomass) was also included.

2.3.2  |  Environment

Six environmental descriptors of local biophysical conditions and 
climate were included. Topographic position index (TPI) and topo-
graphic wetness index (TWI) (20 m resolution) were used as proxies 
for biophysical conditions (De Reu et al., 2013; Kopecký et al., 2021) 
and calculated once for each plot. The mean and minimum total an-
nual precipitation (mm) and the mean and maximum annual tem-
peratures (°C) of each interval were used as climatic variables and 
were obtained using the BioSIM software v.10.2.4.20 (Régnière 
et al., 2014).

2.3.3  |  Trait structure of communities

The last set of variables was to evaluate the trait structure of the 
plots at the initial measurement of each interval. As has been done 
in other studies (Díaz et al., 2007; Mokany et al., 2008; Paquette & 
Messier, 2011), we characterized the trait structure of communities 
to assess which trait or group of traits drives each component of for-
est productivity. It is possible to characterize the trait structure of 
communities using a variety of indices (Dias et al., 2021). We assem-
bled a table of traits from published sources for the 38 merchantable 
tree species observed in our data set (Aubin et al., 2020; Paquette 
& Messier, 2011) (see Table S1 for more details regarding the data-
set) as well as a table of species abundance (i.e. total species basal 
area m2 ha−1) by plot. Several community functional structure indices 
were then computed using the FD (Laliberté et al., 2014) and SYNCSA 
(Debastiani & Pillar, 2012) R packages (see Table S2): functional 
dispersion (FDis) (Laliberté & Legendre, 2010), community- level 
weighted means of trait values (CWM) (Laliberté & Legendre, 2010; 
Lavorel et al., 2008), functional redundancy index (FR) (de Bello 
et al., 2007; Pillar et al., 2013), a posteriori functional group rich-
ness (FGR) (Laliberté & Legendre, 2010), Rao's quadratic entropy 
(Q) (Laliberté & Legendre, 2010; Rao, 1982) and Gini–Simpson index 
(D) (Simpson, 1949). Two more traditional diversity indices based 
on species abundance only (i.e. without traits) were computed for 
comparison: Shannon–Wiener diversity index (H′, eH′) (Burks, 1951; 
Shannon, 1948; Shannon & Weaver, 1949) and species richness (N) 
(Spellerberg & Fedor, 2003).

(1)SGik =

∑

j∈sg bijk+1 − bijk

tik+1 − tik
,

(2)Rik =

∑

j∈r bijk+1

tik+1 − tik
,

(3)Mik =

∑

j∈m bijk

tik+1 − tik
,

(4)Yik = SGik + Rik −Mik,
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6  |    DUPONT-LEDUC et al.

To obtain the best possible community trait structure indices, 
several combinations of traits were used to calculate the indices. 
First, indices based on all available traits and individual traits 
were calculated. Second, based on Westoby's (1998) proposed 
scheme to classify species strategies, we categorized those traits 
grouped along different dimensions. If multiple traits are related 
to the same ecological strategies or are part of a group that char-
acterizes similar functions, they can be said to be part of the same 
plant strategy dimension or the same functional group dimension 
(Wright et al., 2007). We separated the available traits into three 
plant strategy dimensions: (1) resource acquisition; (2) competi-
tion/survival; and (3) reproduction; and in a second manner, into 
five functional group dimensions: (1) tree stature; (2) dispersal, 
germination, and seedling development; (3) stress tolerance/en-
vironment; (4) underground; and (5) leaf (see Table S1). Diversity 
indices were then built with all the traits categorized in these 
various dimensions and with all possible combinations of either 
three or five traits for plant strategy dimensions and functional 
group dimensions, respectively. The details of these indices are 
presented in Table S3.

Finally, to reduce the dimensionality of the trait structure index 
matrix, we applied a clustering approach to group the indices into 
homogeneous clusters such that each cluster was composed of in-
dices yielding similar information (Chavent et al., 2011). To evaluate 
the feasibility of the clustering analysis (i.e. non- random structures), 
we computed the Hopkins statistic (H) with R's factoextra package 
(Kassambara & Mundt, 2017). A value of H greater than 0.75 indi-
cates a tendency to cluster at the 90% confidence level (Table S4). 
To then assess the optimal number of clusters k (Table S4), we used 
the variance explained, silhouette and AIC criterion with R's ClusterR 
package (Mouselimis, 2022). Clustering analyses were performed on 
(1) indices built with all traits; (2) indices built with individual traits; 
(3) indices built with traits grouped into dimensions; (4) indices built 
with a combination of three traits; and (5) indices built with a com-
bination of five traits. The index retained for each cluster was that 
closest to the central synthetic variable, the medoid (Table S4.). We 
thus reached a final set of 26 indices to account for differences in 
trait structure of the plots: two indices calculated with species abun-
dance only (eH and N added for comparison), three indices calculated 
with all the traits (D, FDis, FGR), three community- weighted mean 
indices (CWM.SeFreq, CWM.TolD, CWM.LMA), eight functional 
dispersion indices (FDis.Pb, FDis.Nmass, FDis.WDR, FDis.Leaf, 
FDis.Eco296, FDis.3, FDis.5, FDis.Logi2106), three Gini–Simpson 
indices (D.Tree, D.Eco1, D.Logi1), four Rao's quadratic entropy 
index (Q.Eco242, Q.Eco277, Q.Eco506, Q.Logi354) and three func-
tional redundancy indices (FR.Eco5, FR.Logi394, FR.Logi1252) (see 
Table S5 for details).

2.4  |  Analysis

The set of 37 field- measured attributes related to forest structure, 
environment and trait structure of communities was then included in 

a random- forest (RF) analysis. Random- forest regression is an effec-
tive prediction method when the number of predictors is high and 
when interactions and correlations among them are numerous and 
complex (Breiman, 2001; Strobl et al., 2008; Svetnik et al., 2003). 
The RF algorithm finds the optimal combination of explanatory vari-
ables (Kuhn & Johnson, 2013) to reduce the number of predictors 
and maximize model performance. The RF modelling was performed 
using the recursive feature elimination algorithm from the caret 
package (Kuhn, 2020) in R. The RF was calculated to find the best 
subset of predictors—from a model having a single explanatory vari-
able to a model using all explanatory variables—that generates the 
lowest root mean square error (RMSE) with a tolerance of 3% (3% 
more error than the model with the lowest RMSE) and with 50 rep-
etitions of 10- fold cross- validation. We used the above- mentioned 
37 explanatory variables describing forest structure, environment 
and trait structure to predict NFP and the above- ground biomass 
increment attributed to survivor growth, recruitment and mortal-
ity. The optimal model was recalibrated using the randomForest 
package (Liaw & Wiener, 2002) in R, with the number of features 
sampled at each split set to the default value for regression (i.e. p/3 
where p is number of variables) and the number of random trees 
set to 20,000. To understand how each feature contributes to the 
model's predictive performance, we used the per cent increase in 
mean square error (MSE) to determine variable importance (Kuhn 
& Johnson, 2013). This method is the most robust and informative 
measure and is based on the average decrease in the precision of the 
predictions of the out- of- bag samples—data used by the algorithm 
to incorporate a validation step within the fitting procedure—when 
a given variable is excluded from the model (Attanasi et al., 2020; 
Liaw & Wiener, 2002). As the per cent in MSE for a given variable 
becomes greater, so does the importance of this variable. In addition 
to looking at the RF model's performance as RMSE, the percentage 
of the explained variance (R2) was also calculated. Serial and spa-
tial correlations among the residuals were checked and found to be 
small or negligible, indicating very limited impact on the statistical 
inference (Aarts et al., 2014) (see SI Appendix text and Tables S6 and 
S7 for details).

3  |  RESULTS

3.1  |  Important variables linked to forest 
productivity

Survivor growth explained an average 63% of total forest produc-
tivity (see SI Appendix text and Figure S1 for details), whereas tree 
recruitment and tree mortality were responsible for 26% and 10% of 
total forest productivity, respectively (Figure S1). In our models, all 
the explanatory variables, including those describing the trait struc-
ture of tree communities, explained 53% of the variance in plot NFP, 
78% of the survivor growth contribution to NFP, 55% of tree recruit-
ment contribution to NFP and 13% of the tree mortality of contribu-
tion to NFP (Figure 2).
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    |  7DUPONT-LEDUC et al.

In terms of the important explanatory variables related to forest 
structure, merchantable basal area, total biomass, basal area of the 
dominant species and dominant height were retained in at least one 
model. Total biomass at the beginning of the growing period was 
among the most important variables for the four models, increas-
ing the mean square error (MSE) 784%, 397%, 385% and 419% if 
removed from the NFP, survivor growth, tree recruitment and tree 
mortality models, respectively. When total biomass was excluded, 
the merchantable basal area was important in the NFP (500% MSE 
increase if removed), survivor growth (1510% MSE increase if re-
moved) and recruitment (270% MSE increase if removed). The basal 
area of the dominant species was important for both NFP and tree 
recruitment, increasing the MSE 318% and 260%, respectively, if 
removed. Finally, dominant height was only important in the tree 
recruitment model by increasing the MSE 199% when dropped from 
this model.

Among all the environment- related explanatory variables, 
climate variability emerged as an important variable in all four 
models (Figures 2 and 3). At least two of the following climatic 
variables explained the observed variation (calculated based on 
observed data range) in the four models: mean and/or minimum 
annual total precipitation and mean and/or maximum annual 
temperature.

The mean square error (MSE) increased by 189%, 563% and 94% 
when mean annual temperature was excluded from the NFP, survi-
vor growth and tree mortality models, respectively. MSE increased 
by 270% when maximum annual temperature was excluded from the 
tree recruitment model. The variable importance plot (Figure 2) also 
illustrates that the MSE increased by 296% if minimum annual pre-
cipitation was dropped from the NFP model, by 360% in the survivor 
growth model, by 305% in the tree recruitment model and by 251% 
in the tree mortality model.

Finally, regarding the explanatory variables linked to the trait 
structure of communities, RF models showed several of these vari-
ables to be relevant for explaining the variability of NFP and each 
of its components (Figure 2). The community- weighted mean of leaf 
mass per area (CWM.LMA) was common to all four models and was 
always among the five most important variables. When CWM.LMA 
was excluded, the MSE increased by 472% for the NFP model, 716% 
for the survivor growth model, 371% for the tree recruitment model 
and 186% for the tree mortality model. For both NFP and tree mor-
tality, the community- weighted mean of drought tolerance (TolD) 
was also an important trait, and the MSE increased by 269% when 
CWM.TolD was excluded from the NFP model and 196% from the 
tree mortality model. Moreover, the community- weighted mean of 
seed frequency (SeFreq) was an important trait for both the NFP 
and survivor growth models. The higher the seed frequency trait, 
the longer the period between two good mast years. The variable 
importance plot shows that the MSE would increase by 263% if 
CWM.SeFreq were to be dropped from the NFP model and 455% 
in the survivor growth model. The functional dispersion (FDis) index 
based on leaf traits (FDis.Leaf, i.e. leaf size, leaf longevity, leaf mass 
per area and nitrogen content per leaf mass unit) and the FDis based 
only on the leaf nitrogen content trait (FDis.Nmass) were both im-
portant functional diversity features in the survivor growth model. 
Moreover, both the functional dispersion index using three (FDis.3, 
i.e. ectomycorrhiza, wood decay resistance and vegetative reproduc-
tion) and five traits (FDis.5, i.e. average maximum height, frequency 
of a good crop year, drought tolerance, root depth and leaf longev-
ity) entered the tree mortality model. The MSE would respectively 
increase by 379% and 340% if FDis.Leaf and FDis.Nmass were to 
be excluded from the survivor growth model. MSE would increase 
by 215% and 169%, respectively, if FDis.3 and FDis.5 were dropped 
from the tree mortality model.

F I G U R E  2  Important variables for net forest productivity (52.99% of variance explained), survivor growth (78.14% of variance explained), 
recruitment (55.20% of variance explained) and mortality (12.81% of variance explained) models. Important diversity features are in bold: 
the community- weighted means of leaf mass per area (CWM.LMA), seed frequency (CWM.SeFreq), and drought tolerance (CWM.TolD), the 
functional dispersion index based on leaf traits (FDis.Leaf; i.e. leaf size, leaf longevity, leaf mass per area, and nitrogen content per leaf mass 
unit), the functional dispersion index based only on the leaf nitrogen content trait (FDis.Nmass), the functional dispersion index based on 
three traits (FDis.3, i.e., ectomycorrhiza, wood decay resistance, and vegetative reproduction), and the functional dispersion index based on 
five traits (FDis.5, i.e. average maximum height, frequency of a good crop year, drought tolerance, root depth, and leaf longevity).
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8  |    DUPONT-LEDUC et al.

3.2 | Trait structure–productivity–climate 
interactions

When examining biomass accumulation against community's 
trait structure under climate variation (25th–75th percentiles), 
the predicted biomass increments in both the NFP, and survivor 
growth models were always greater at higher mean annual tem-
peratures and higher minimum annual precipitation (Figure 3a–n). 
Predicted tree recruitment was greater at higher maximum annual 
temperatures (Figure 3o) and remained similar despite variation in 
minimum annual precipitation (Figure 3p). For tree mortality, the 
predicted biomass increment was similar between the 25th, 50th 
and 75th percentile of mean annual temperatures (Figure 3q,s) 

but appeared slightly lower when temperatures were low 
(Figure 3u,w). However, when the minimum annual precipitation 
was low (25th percentile), mortality was higher than at high levels 
of minimum annual precipitation (75th percentile) (Figure 3r,t,v,x). 
The percentile values (25th, 50th and 75th) corresponding to the 
environmental descriptors of climate were, respectively, 0.6, 2.1 
and 3.3°C for mean annual temperature, 7.7, 9.1 and 10.2°C for 
maximum annual temperature and 752, 834 and 918 mm for mini-
mum total annual precipitation.

Furthermore, the interaction of explanatory variables showed 
interesting variation patterns. First, we observed an interaction be-
tween drought tolerance CWM and mean annual temperature. With 
temperatures near the 25th and 50th percentiles, NFP biomass 

F I G U R E  3  Predicted biomass increment (Mg ha−1 year−1 of dry biomass) as a function of important diversity features for net forest 
productivity, survivor growth, recruitment and mortality, with variations in mean or maximum annual temperature (°C) and minimum total 
annual precipitation (mm) calculated based on observed data range. Important diversity features are as follows: the community- weighted 
means of leaf mass per area (CWM.LMA), seed frequency (CWM.SeFreq) and drought tolerance (CWM.TolD), the functional dispersion 
index based on leaf traits (FDis.Leaf; i.e. leaf size, leaf longevity, leaf mass per area, and nitrogen content per leaf mass unit), the functional 
dispersion index based only on the leaf nitrogen content trait (FDis.Nmass), the functional dispersion index based on three traits (FDis.3, i.e. 
ectomycorrhiza, wood decay resistance and vegetative reproduction), and the functional dispersion index based on five traits (FDis.5, i.e. 
average maximum height, frequency of a good crop year, drought tolerance, root depth and leaf longevity). Diversity features are limited to 
between the 10th and 90th percentiles.
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    |  9DUPONT-LEDUC et al.

accumulation increased with the value of the CWM.TolD; however, 
at higher temperatures (near the 75th percentile), we observed the 
opposite pattern (Figure 3c). Then, as seed frequency CWM values 
increased, biomass accumulation for NFP also increased as the cli-
mate warmed (50th and 75th percentiles). But, for communities that 
experienced a longer period between good mast years (4+ years) 
at low temperatures (25th percentile), NFP biomass accumulation 
dropped drastically (Figure 3e). As the temperature increased to 
the 50th percentile, these communities (high CWM.SeFreq) accu-
mulated biomass at a similar amount as when the temperature ap-
proached the 75th percentile. Regarding survivor growth, FDis.Leaf 
showed an interaction with temperature and precipitation. Indeed, 
the greater the increase for FDis.Leaf, the more the precipitation and 
temperature curves diverged (Figure 3k). FDis.Nmass demonstrated 
the same pattern of divergence between precipitation curves for 
high- FDis.Nmass communities (Figure 3n), with survivors' growth 
increasing at 75th percentile and decreasing at 25th percentile of 
the climate variable. For tree recruitment, when CWM.LMA values 
were low, temperature curves diverged and tree recruitment was 
higher at the 75th percentile of temperature. Then, tree recruitment 
decreased and was similar at all temperatures as CWM.LMA values 
increased (Figure 3o). The CWM.TolD index showed a similar inter-
action with precipitation in regard to tree mortality. In communities 
having a low CWM.TolD, mortality diverged between the three pre-
cipitation curves and was higher at 25th percentile of precipitation, 
then converged as CWM.TolD increased (Figure 3t). Finally, we also 
observed some interactions between tree mortality and precipita-
tion for the CWM.LMA index (Figure 3v). We noted that the lowest 
tree mortality occurred for communities with lower CWM.LMA val-
ues at high precipitation (75th percentile). However, at low precipita-
tion, predicted biomass loss associated with tree mortality was at its 
highest for mid- CWM.LMA communities then dropped considerably 
for communities with a high CWM.LMA.

4  |  DISCUSSION

Tree species diversity can enhance forest productivity by improv-
ing positive interactions between species and providing greater 
growth stability (Ammer, 2019; Looney et al., 2021; Paquette & 
Messier, 2011). Very few studies have, however, explored the influ-
ence of the trait structure of tree communities on survivor growth, 
recruitment and mortality, which are the main drivers of species 
population dynamics in forests not subject to thinning or harvesting 
(Liang et al., 2007; Looney et al., 2021). Using RF models and PSP 
data covering a wide gradient of climatic conditions, we isolated the 
effects of the trait structure and climate variables on NFP, survivor 
growth, recruitment and mortality. Our analysis of the interactions 
between trait structure, productivity and climate made it possible to 
evaluate the contribution of the trait structure of tree communities 
to forest productivity and to determine the trait, group of traits or 
functional diversity indices that can improve the capacity of com-
munities to respond to future climate conditions.

4.1  |  Communities' trait structure influences each 
component of forest productivity

Although it is well known that tree species diversity has an effect 
on productivity, our results lead to a better understanding of the 
aspects of functional diversity that influence the underlying compo-
nents of overall productivity. Examining forest productivity purely 
from the perspective of survivor growth cannot reveal the full ex-
tent to which tree functional diversity affects forest dynamics. By 
examining the patterns of biomass increment in relation to the trait 
or indices that are common among our models, we managed to as-
sess the contribution of each component to NFP.

Our models explained 53% of the variance in plot NFP, and re-
spectively, 78%, 55% and 13% of the survivor growth, tree recruit-
ment and tree mortality contribution to NFP. These findings align with 
prior research, showcasing the intricate relationship between diver-
sity, environmental conditions and forest productivity. Even though 
they were relying on different environmental variables and diversity 
indices, many studies on forest productivity report similar percent-
ages of variance explanation (Hao et al., 2018; Healy et al., 2008; 
Liang et al., 2007; Looney et al., 2021; Morin et al., 2018; Paquette 
& Messier, 2011; Silva Pedro et al., 2016; Zhang et al., 2012). For 
example, Hao et al. (2018) reported that 45% of the above- ground 
biomass variation was accounted for by their model, with 24% attrib-
utable to biodiversity and environmental conditions and Silva Pedro 
et al. (2016) that the influence of diversity on forest productivity 
accounted for up to 54.2% of the variance.

The relationships between NFP and the trait structure of the 
communities were similar to those observed for the survivor growth 
component. This pattern is corroborated by our results for the con-
tribution proportion of each component to total forest productivity 
(see SI Appendix text and Figure S1 for details for details), which 
showed that survivor growth was the component that most contrib-
uted to NFP. The second- most important contributor to total forest 
productivity was recruitment, supported by tree recruitment being 
driven by LMA (quantified by the community- weighted mean of 
leaf mass per area, CWM.LMA) in the same manner as NFP. Finally, 
mortality influenced NFP through the drought- tolerance trait but 
contributed the least to total forest productivity. The results of our 
study demonstrate that all three components contribute to forest 
productivity, but above all that some components have a stronger 
impact than others. Future forest productivity studies should there-
fore consider all components.

To address our first research question, our results first high-
light how each of NFP components are influenced by the trait 
structure of communities. Three traits were important in predict-
ing NFP and are each from a different plant strategy dimension 
(Westoby et al., 2002; Wright et al., 2007). Those traits cover 
all life- history strategies that contribute to overall plant fitness: 
resource acquisition (LMA), competition/survival (ToID) and re-
production (SeFreq). High NFP was indeed linked to low- LMA 
communities (i.e. species that acquire resources rapidly and have 
high growth rates (Poorter et al., 2009)). It was also associated with 
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10  |    DUPONT-LEDUC et al.

both drought- tolerant communities (quantified by the community- 
weighted mean of drought tolerance, CWM.TolD) and communi-
ties with long period between two good mast years (quantified by 
the community- weighted mean of seed frequency, CWM.SeFreq). 
Our results confirm that a single dimension is not sufficient to 
fully capture the effects of functional diversity on forest produc-
tivity. Moreover, our results confirm that Westoby's three- way 
scheme can more accurately capture all aspects of plant strategies 
(Westoby, 1998; Westoby et al., 2002).

Then, considering each component separately, survivor growth 
was first strongly linked to leaf traits, as expected and thus, to re-
source acquisition. Of the four important explanatory variables re-
lated to the structure of traits of communities, three were calculated 
from leaf traits (i.e. CWM.LMA, FDis.Nmass—the functional disper-
sion index based on the leaf nitrogen content trait, and FDis.leaf—
the functional dispersion index based on leaf traits: leaf size, leaf 
longevity, leaf mass per area and nitrogen content per leaf mass unit), 
thus corroborating our first hypothesis. High survivor growth was, 
as with NFP, linked to low- LMA communities. Higher growth was 
also associated with more diversity among leaf traits, but with less 
diversity among Nmass traits. Survivor growth was also positively 
correlated to the seed frequency trait (CWM.SeFreq), which is an 
indicator of resource allocation for the plant. The longer the period 
between two good mast years, the lower the cost associated with re-
production, leaving more resources available for growth during that 
time, as observed for evergreen trees (Tumajer & Lehejček, 2019; 
Vergotti et al., 2019).

The interaction between seed production, seed germination, 
seedling survival and growth to the sapling stage, and subsequent 
sapling survival and growth to the pole stage are all key aspects of 
tree recruitment. The dynamics prior to the pole stage, however, 
were unknown. Tree recruitment only had one trait associated with 
resource acquisition (leaf mass per area, CWM.LMA) as its main fea-
ture, supporting our second hypothesis. As with NFP and survivor 
growth, tree recruitment was higher for low- LMA communities. 
Recent studies also showed that LMA was negatively correlated 
with recruitment and was explained by the fact that plant carbon 
gain and allocation are strongly influenced by leaf economic traits 
(He et al., 2022; Wright et al., 2004). Low- LMA pioneer species are 
prompt to colonize disturbed stands. Because of an increase in re-
source availability, rapid growth and tree turnover rates are indeed 
observed in recently disturbed areas (Blundo et al., 2015; Poorter 
et al., 2009; Sui et al., 2017), where species compete for light and 
nutrients for increased colonization probability (He et al., 2022; Qi 
et al., 2021).

Finally, although a trait related to competition and survival 
(drought tolerance, CWM.TolD) drove tree mortality as expected 
by our third hypothesis, tree mortality was also influenced by a 
mixture of traits reflecting various plant strategies and functional 
groups. This suggests that a three-  or five- way scheme would be 
better to understand the effect of functional diversity on tree mor-
tality. Mortality, however, was highly stochastic and the least well- 
explained component by our models. High mortality has nonetheless 

been linked to communities with low drought- tolerance, explaining 
low NFP of these communities. The trend of the relationships with 
the two functional dispersion indices (FDis.3—the functional dis-
persion index based on three traits: ectomycorrhiza, wood decay 
resistance, vegetative reproduction; and FDis.5—the functional 
dispersion index based on five traits: average maximum height, 
frequency of a good crop year, drought tolerance, root depth, leaf 
longevity) are, however, unexpectedly contrasting, showing respec-
tively a negative and a positive correlation. Predicting tree mortality 
is challenging and environment alone (i.e. mainly edaphic variables) 
can explain nearly twice as much variability as diversity and can be 
more important for tree mortality than for net productivity (Healy 
et al., 2008; Hooper et al., 2005). In our study however, when plots 
were established in the field, ecotones with greater variation in 
edaphic conditions (e.g. plots crossing boundaries between wetland 
and upland forests) were avoided.

A few things should be considered when studying the effects 
of functional community structure on forest productivity. First, re-
garding how to quantify the trait structure of communities, many 
traits and indices of functional diversity have been introduced in 
the last decades. A lot of studies are using the FDis (Bell et al., 2023; 
Hao et al., 2018; Looney et al., 2023; Morin et al., 2011; Paquette 
& Messier, 2011). However, our results showed that other indi-
ces such as the CWM or single traits (e.g. LMA, TolD and SeFreq) 
seemed to better capture the variability of forest productivity and 
each of its components. Also, to properly test our traits matrix ac-
cording to Westoby's three traits scheme, an enormous number of 
indexes would need to be tested to determine which mix of traits 
is the best among all possible iterations of three traits. Moreover, 
working at large scale is very limiting in terms of data availabil-
ity, especially on traits which are difficult to find (large- scale da-
tabases are just beginning to be compiled) and very laborious to 
quantify when working on several species. Qualitative traits, like 
relative shade tolerance, are more common in the literature and 
databases than quantitative traits. Some trait classes are under-
represented, for example, frost- related or underground traits that 
are difficult to collect. A fully comprehensive analysis is then hard 
to perform. As a result of this lack of data, we worked with trait 
averages across Canada, which fail to account for intraspecific 
variability and to assess changes in trait values along gradients. 
Consequently, species- specific trends may be hidden behind these 
averaged traits. Our results should therefore be interpreted with 
caution, as they are representative of the mean and trait value 
measurements could be biased in favour of populated and acces-
sible areas. Also, as the trait structure of the plots was evaluated 
at the initial measurement of each interval, it may not fully cap-
ture stand conditions throughout the whole interval, especially 
when heavy tree mortality or recruitment occurs. Furthermore, 
as species traits vary between sites, they will change in divergent 
ways in the face of climate change. It is also worth mentioning that 
we were also limited by the forest inventory data for the choice 
of explanatory variables (i.e. forest attributes and environment). 
Among other things, we did not have enough information on past 
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disturbances, which could have had an impact on forest productiv-
ity and species composition in these forests. Our study also relies 
solely on the examination of merchantable trees, leaving a portion 
of the total biomass unexplored. The biomass of saplings should, 
however, be low, as a study conducted in softwood forests found 
that saplings accounted for a mere 5% of the total biomass in loca-
tions with a stand volume of 100 m3 ha−1 (Boudewyn et al., 2007). 
This condition was observed in around 61% of the forests that 
were part of the research. Finally, the findings hold relevance for 
the studied forests, it should be borne in mind that they may not 
hold the same weight if applied to more diverse forest ecosystems.

4.2  |  Climate variability influences biomass 
accumulation of communities through their 
trait structure

To answer our second research question, we investigated the 
interactions between biomass accumulation, trait structure of 
tree communities and climate. We found that forest communities 
generally experienced a positive response to higher annual tem-
peratures and total precipitation. Our results showed that com-
munities subject to higher temperatures and precipitation can 
absorb these disturbances and maintain similar or even enhanced 
functioning. This is in line with recent global forests analysis that 
found a positive relationship between species richness and mean 
annual temperature and total annual precipitation increases (Liang 
et al., 2022).

In the survivor growth, recruitment and mortality models, LMA 
(CWM.LMA) contributed to the overall NFP, even though the climate 
interaction was weak. Low- LMA species tend to be present when 
resources are abundant and are generally associated with produc-
tive ecosystems (Poorter et al., 2009). As presented above, LMA 
showed clear interactions with temperature for recruitment. A rise 
of maximum temperature of 1.1°C (9.1 to 10.2°C, i.e. from the 50th 
to the 75th percentile) increased tree recruitment by approximately 
0.15 Mg ha−1 year−1 of dry biomass, especially for communities with 
lower LMA values. Tree recruitment is highly dependent on envi-
ronmental conditions (Blundo et al., 2015), and because low- LMA 
communities are characterized by greater resource availability, re-
cruitment is greater (Poorter et al., 2009). In addition, increased tem-
peratures and the often- resulting water deficit can alter population 
dynamics. Following droughts, tree mortality is higher, creating gaps 
in the canopy and increasing resource availability and light availabil-
ity and, in turn, increasing tree recruitment (Anderegg et al., 2019; 
Chen et al., 2019). This sequence can explain our observed higher 
tree recruitment under warmer temperatures. Moreover, during drier 
years, trees experience increased stress and mortality (Anderegg 
et al., 2019; Trugman et al., 2019), as we observed for average- LMA 
communities at the lowest precipitation in the mortality model. If 
minimum total annual precipitation is reduced of 82 mm (834 to 
752 mm, i.e. from the 50th to the 25th percentile), predicted mortal-
ity increased from approximately 0.6 to about 0.9 Mg ha−1 year−1 of 

dry biomass. To optimize their functioning under an altered climate, 
trees can demonstrate high plasticity in their leaf characteristics 
to reduce water loss and buffer the impact of tree mortality (Cui 
et al., 2020; Huang et al., 2019).

In addition to the above, our findings on drought tolerance 
(CWM.TolD) hint that low drought tolerance relates to low net plot 
productivity and can be explained by high tree mortality when 
precipitation is less abundant. Tree mortality related to drought or 
low annual precipitation is well- documented (Aleixo et al., 2019; 
Anderegg et al., 2019), although the underlying mechanisms are 
only beginning to be understood (Liu et al., 2021). During a drought, 
trees face a trade- off between carbon gain and water loss, as canopy 
evaporation demand increases beyond the sapwood supply capacity 
(Lopez- Iglesias et al., 2014; Trugman et al., 2019). Decreased tran-
spiration through stomatal closure can prevent hydraulic failure in 
the xylem but can induce metabolic stress, hydraulic damage and 
reduced survivor growth that contribute to lower NFP and higher 
tree mortality (Chauvin et al., 2019; Trugman et al., 2019). Drought- 
intolerant communities experienced an increase of predicted tree 
mortality of 0.5 Mg ha−1 year−1 of dry biomass when minimum total 
annual precipitation changes from 834 mm (50th percentile) to 
752 mm (25th percentile). Moreover, as tree growth rate is strongly 
related to water supply and xylem- specific hydraulic conductivity 
(He et al., 2022; Poorter et al., 2010; Qi et al., 2021), it is plausi-
ble that the increase in minimum total annual precipitation from 
834 mm (50th percentile) to 918 mm (75th percentile) contributes to 
the rise in NFP of drought- tolerant communities from approximately 
1.5 to 1.8 Mg ha−1 year−1. Thus, tree response to drought variability 
is important for understanding forest vulnerability to climate-  and 
drought- induced mortality events (Anderegg et al., 2019).

We also observed that the longer the period between two 
good mast years (quantified by the community- weighted mean of 
seed frequency, CWM.SeFreq), survivor growth increased by about 
0.1 Mg ha−1 year−1 and NFP by 0.2 Mg ha−1 year−1 when temperature 
and precipitation increased, respectively, from 2.1 to 3.3° and 834 
to 918 mm (50th to the 75th percentile). Seed frequency relates to 
both reproduction and growth (Greene & Johnson, 2004; Lambers 
et al., 2008), because, as mentioned above, the time between good 
mast years is a great indicator of resource allocation for the plant. 
Most species do not produce frequent mast years for reasons 
such as climatic conditions, photosynthate production, pollina-
tion success and/or predation (Greene & Johnson, 2004; Lambers 
et al., 2008). In North America, climate has been found to play a role 
in the masting behaviour of conifer species (Redmond et al., 2012; 
Wion et al., 2023). This observation is consistent with our results, as 
we noted an obvious effect of this trait in the survivor growth and 
NFP models.

Lastly, there are contrasting patterns of climate response shown 
by the four functional dispersion indices. In warmer and wetter 
conditions (i.e. increase of 1.2°C and 84 mm, 50th to the 75th per-
centile), higher FDis.Leaf and FDis.3 promoted, respectively, higher 
survivor growth (increase of 0.1–0.2 Mg ha−1 year−1 for high- FDis.
Leaf communities) and lower mortality biomass loss (decrease of 
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12  |    DUPONT-LEDUC et al.

about 0.2 Mg ha−1 year−1 in high- FDis.3 communities). However, 
FDis.Nmass and FDis.5 displayed the opposite patterns. Therefore, 
we cannot corroborate our fourth hypothesis that communities with 
higher functional diversity should have a better ability to respond to 
climatic variations. This is counterintuitive, as several studies have 
reported that greater functional diversity should enhance forest re-
silience (Ammer, 2019; Hisano et al., 2018; Morin et al., 2018), and, 
contrary to our expectations, we found that high FDis of some traits 
could increase mortality and reduce growth. This latter finding is, 
however, consistent with those of previous studies that found com-
monly mixed support for forest diversity positively modulating cli-
mate impacts (Ammer, 2019; Grossiord, 2020; Paquette et al., 2017).

4.3  |  Perspectives

Regarding future climate, Eastern Canadian forests will be impacted 
by global change, according to regionalized climate simulations for 
Quebec (QC) and the Maritimes (produced with four representative 
concentration pathway emission scenarios, RCPs (Allen et al., 2019; 
Ouranos, 2015)): annual temperatures and precipitation are increas-
ing, and this trend will continue (Ouranos, 2015). By combining 
these climate scenarios with our results on climate and functional 
diversity interactions, promoting particular functional diversity at-
tributes could help strengthen forest response capacity to CC and 
reinforce forest resistance and resilience (Hörl et al., 2020; Millar 
et al., 2007). Management strategies to maintain existing species 
while facilitating the transition to future climate- adapted commu-
nities (e.g. assisted migration and the selection of adapted species 
and genetics) could help mitigate CC effects in the long term (Hörl 
et al., 2020; Looney et al., 2021; Millar et al., 2007). Given our find-
ings, a few avenues could be considered by forest managers. For 
instance, with the projected temperature increase, promoting fast 
resource- acquisition and fast- growing species (low- LMA) might be a 
good strategy to increase tree recruitment in southern and central 
QC and the Maritimes, especially in more stressful environments, 
that is harsh climate and/or nutrient- poor, or in recently disturbed 
forests (Blundo et al., 2015; Poorter et al., 2009; Westoby, 1998). 
Also, promoting drought semi- tolerant to drought- tolerant species 
could help alleviate drought- induced mortality, even under the fu-
ture drier conditions expected in southern QC. High species diver-
sity, with diverse drought- tolerant traits, may enhance tree survival 
during severe or recurrent droughts, boosting forest communi-
ties' capacity to tolerate new environmental conditions (Anderegg 
et al., 2019; Trugman et al., 2019). In eastern North America, while 
most studied deciduous trees reduced growth during droughts, 
some species with drought- tolerant traits showed increased growth, 
but compensating mechanisms identified in a recent meta- analysis 
were insufficient to protect drought- prone populations from higher 
death rates (Anderegg et al., 2019; McGregor et al., 2021). In warmer 
climates with normal precipitation, good drought tolerance does not 
necessarily increase NFP, indicating water as a more limiting factor 
than temperature, as observed in southern boreal forests where 

increased water availability, rather than temperature, positively af-
fects growth (D'Orangeville et al., 2016). Regarding good mast years, 
promoting moderate to high SeFreq communities might boost NFP 
and survivor growth under higher temperatures and precipitation. 
Even in the drier continental climate, biomass accumulation of com-
munities with greater SeFreq values has the potential to be higher. 
However, it is highly possible that climate change will impact the 
masting frequency.

5  |  CONCLUSIONS

Currently, forest ecosystem adaptation to climate change is the 
greatest challenge to forest managers. The reorganization of species 
assemblages in natural forests will take centuries, and some species 
are unlikely to successfully migrate to new habitats at a sufficient 
pace without proper management (Ammer, 2019; Wang et al., 2017). 
Consequently, understanding trait structure–productivity–climate 
relationships for ecosystem services and functions are of primary 
interest to know whether diverse forests can truly be more resil-
ient than species- poor ones. Net productivity, survival growth, 
recruitment and mortality are influenced by either the community- 
weighted mean of certain traits, or by functional diversity of several 
traits. Three traits from three different plant strategy dimensions 
that contribute to overall plant fitness were the most important 
for NFP. Survivor growth, on the other hand, was strongly linked 
to leaf traits, whereas tree recruitment only had a trait associated 
with resource acquisition as its main feature. Although traits related 
to competition and survival drove tree mortality as expected, tree 
mortality was also influenced by a mixture of traits reflecting vari-
ous plant strategies and functional groups. Then, our results dem-
onstrate strong climate interactions with the trait structure of tree 
communities. However, and contrary to our expectations, we found 
contrasting patterns of plot response to changes in climate related to 
the functional diversity of the studied communities. Depending on 
the studied group of traits, greater functional diversity did not nec-
essarily positively affect biomass accumulation in response to shifts 
in climate. This observation may be considered a further validation 
of already published work showing contrasting patterns concerning 
the effect of tree species diversity on the ability of certain stands to 
maintain their productivity when subjected to climate change. The 
results of our study provide avenues to assess under which circum-
stances tree species diversity has the utmost potential to positively 
influence forest productivity under climate change to help anticipate 
changes and to sustainably promote forest health in the context of 
a changing climate.
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