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ABSTRACT
Climate change and biodiversity loss are severe and intertwined global threats. Land-based efforts to address both require an 
understanding of the spatial relationships between carbon storage and biodiversity. Here, we present a systematic review and 
meta-analysis of the strength of these spatial relationships across the literature. We synthesize the estimated spatial correlations 
and infer how different factors (spatial scale, metrics, biome, human pressure) impact these strengths using linear mixed-effect 
models. Our results show that spatial scale is a significant factor, and the combination of metrics used to express carbon storage 
and biodiversity plays a more important role. While relationships are moderately positive across all conditions, the strength of 
the relationships decreases significantly from global to local scales. We find large variations in the strength for different metrics, 
across different biomes, and in the presence or absence of human pressure. We find a stronger relationship in natural rather than 
human-dominated landscapes for temperate forests, grasslands, and deserts, but the opposite for tropical and subtropical forests. 
Ecosystem-level biodiversity proxies (habitat quality) show strong relationships to the total carbon pool, while taxonomic metrics 
(species richness) show a weaker relationship. The largest negative relationship is between total carbon and flora and fauna spe-
cies richness. Our results suggest different synergies for different dimensions of carbon storage and biodiversity and shed light 
on where further effort is needed.

1   |   Introduction

Climate change and biodiversity loss are deeply intertwined, 
sharing common drivers that can amplify one another 
(Mori  2020). Substantial anthropogenic land impacts have 
driven climate change, with land-use change alone account-
ing for over 14% of total carbon emissions between 2009 and 
2019 (Allan et  al.  2017; Friedlingstein et  al.  2020). Land use 
has also been the main driver of terrestrial biodiversity decline 
(Bongaarts 2019; Newbold et al. 2016). Habitat loss, degradation, 
and fragmentation, along with human-induced climate change, 
jointly contribute to unprecedented levels of modern extinction 
estimated to be a hundred times higher than the background 

rate over the last century (Ceballos et  al.  2015; Kremen and 
Merenlender  2018). Climate change is playing an increasing 
role in biodiversity loss and is estimated to overtake land-use 
change to become the greatest threat to biodiversity by 2070 
(Newbold  2018). Meanwhile, biodiversity loss has been caus-
ing a rapid deterioration in ecosystem functioning, which is, in 
turn, affecting carbon cycles and impeding our effort to stabilize 
emissions (Díaz et al. 2019; Leclère et al. 2020; Mace et al. 2018).

Urgent and coordinated land-based action is required to limit 
overall temperature rise while simultaneously halting biodi-
versity loss (Dinerstein et al. 2020; Pörtner et al. 2021; Thomas 
et  al.  2013). However, climate and biodiversity targets are 
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generally treated separately, and their outcomes may not al-
ways be aligned (Beaudrot et  al.  2016; Paoli et  al.  2010; Potts 
et al. 2013; Sabatini et al. 2019). There are concerns about how 
well nature-based solutions (NbS), such as REDD+ and natu-
ral climate solutions more generally, address biodiversity is-
sues (Gardner et al. 2012; Seddon et al. 2019; Smith et al. 2022). 
Though protecting areas with large carbon stocks will directly 
protect biodiversity within the conservation region, there may 
be an underappreciation of high-biodiversity but low-carbon 
areas at a high risk of habitat conversion and biodiversity loss. It 
is important to avoid such direct “bio-perversity” in carbon sink 
conservation (Lindenmayer et al. 2012). Given the evidence that 
biodiversity collapse and ecosystem destruction can amplify 
climate risks (Mori 2020), comanagement should be grounded 
in an understanding of the spatial relationship between carbon 
storage and biodiversity.

Spatial correlation analysis is an important approach for quan-
tifying spatial relationships (Cord et  al.  2017). It helps reveal 
the underlying causation behind relationships and indicates 
the magnitude and direction of synergies/trade-offs across spa-
tial scales (Schober et al. 2018; Vallet et al. 2018). Specifically, a 
positive and strong relationship suggests that a biodiversity and 
climate target could simultaneously benefit one another, and a 
negative one implies trade-offs. This method has been widely 
used to examine the association between carbon stocks and 
biodiversity, mainly based on two types of datasets: plot data 
and distribution data. Plot-based correlation studies (Beaudrot 
et al. 2016; de Lima et al. 2013; Flores-Rios et al. 2020; Sullivan 
et  al.  2017) provide valuable ecological insights into the site-
level mechanisms underlying the relationships but are lim-
ited in revealing wider spatial relationships (van der Sande 
et  al.  2017). In parallel, the rapid development of earth obser-
vation technologies and breakthroughs in spatial modeling has 
led to increasing interest in quantifying carbon–biodiversity re-
lationships using distribution data (Armenteras et al. 2015; Di 
Marco et al. 2018; Lecina-Diaz et al. 2018; Murray et al. 2015; 
Strassburg et  al.  2010). Such distribution-based correlations, 
albeit the results of modeling studies, can inform opportuni-
ties for aligning carbon and biodiversity objectives at the large 
scale (Ricketts et al. 2016; Strassburg et al. 2012; van der Sande 
et al. 2017; Visseren-Hamakers et al. 2012).

As yet, the scientific evidence for distribution-based carbon–bio-
diversity relationships is scattered and mixed in terms of study 
contexts and results, limiting the comprehensive understanding 
of their interactions as well as the ability to deliver co-benefits. 
Synthesizing the available knowledge across broad literature is 
urgently needed but challenging, as the relationships are likely 
to be mediated by a wide variety of factors. However, investi-
gating the main factors and quantifying their impacts on car-
bon–biodiversity relationships can serve as a starting point. 
Positive correlations at the global scale are not always seen at 
the national or subnational scale (Paoli et  al.  2010; Sollmann 
et al.  2017; Visseren-Hamakers et al.  2012), and there is some 
evidence suggesting that the spatial extent of the study area 
influences relationships (Armenteras et  al.  2015; Di Marco 
et al. 2018; Roces-Diaz et al. 2018). There is also evidence that 
the choice of different metrics for carbon and biodiversity can 
impact relationships (Egoh et  al.  2009; Locatelli et  al.  2014; 
Strassburg et  al.  2010). Nevertheless, it is still unclear which 

factor is more important in determining the relationship: the 
spatial scale or the metrics used and how much the variations 
are across different conditions. From a local perspective, dif-
ferent relationships have been found for Mediterranean forests 
and boreal forests with the same carbon and biodiversity metrics 
(Lecina-Diaz et al. 2018). As earth's natural communities vary 
by biome (Olson et  al.  2001) and human activities have clear 
impacts on local biodiversity and ecosystem services (Newbold 
et al. 2015; Vačkář et al. 2016), local relationships can also result 
from differences in the local biota and the intensity of human 
pressure (Osuri et al. 2020). Yet, we also lack knowledge of the 
biome-specific relationships and potential influences of human 
impacts thereon.

In this study, we explored how main study factors may influ-
ence the spatial relationship between ecosystem carbon storage 
and biodiversity using a systematic review and meta-analysis. 
We aimed to summarize carbon–biodiversity correlations 
across studies and to explore how factors (spatial scale, metrics, 
local biome, human pressure) and their interactions impact the 
strength of the relationships using linear mixed-effect models. 
We reflected on our main findings and important areas for fu-
ture investigation.

2   |   Methods

2.1   |   Literature Search

We followed the PRISMA protocol for systematic reviews and 
meta-analyses (Moher et al. 2009, 2019; Siddaway et al. 2019). 
The literature search was conducted via the Web of Science in 
September 2022. We included synonyms and related concepts of 
spatial relationships in the search terms (e.g., spatial correlation, 
spatial congruence, spatial concordance, spatial coincidence, 
and spatial association). Similarly, we used “biological diversity” 
and “species” as synonyms and related concepts of biodiver-
sity, and widely used concepts for carbon storage (e.g., “carbon 
stock,” “carbon sequestration,” and “carbon density”). With no 
time limitation, the search returned 504 papers (see Table S1 for 
the full search protocol).

We first filtered the literature based on three criteria: (1) the ar-
ticle includes a spatial assessment of carbon and biodiversity; (2) 
the article reports a correlation of the carbon–biodiversity rela-
tionship; (3) the paper is peer-reviewed, and the study area is 
nonurban (given the high heterogeneity and small area of urban 
studies). After the screening, 37 papers were identified (32 from 
the initial list and 5 after snowball sampling). To ensure that 
relationships are comparable, we included papers reporting 
Pearson's or Spearman's rank correlation. Articles reporting cor-
relations only based on intentional selection were not included. 
For example, Vijay et  al.  (2022), Izquierdo and Clark  (2012), 
and Chan et  al.  (2006) were excluded, as correlations are re-
ported only for the noncontiguous areas selected by return on 
investment criteria or hotspot prioritization. We also consid-
ered temporal differences. Papers obtaining correlations based 
only on potential maps of future scenarios were excluded (e.g., 
Reside et al. 2017), whereas Carvalho-Santos et al.  (2016) was 
kept, as they reported three correlations, one of which is based 
on contemporary data. Overall, 7 papers were excluded during 
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eligibility checking, and 30 papers, published between 2009 and 
2020, were finally included in this review (see Figure 1 for an 
overview of the searching, screening, and eligibility checks, 
Table S2 for the final selected paper list).

2.2   |   Data Processing

We collected correlation coefficients across studies and extracted 
all relevant information, such as the metrics used to character-
ize carbon storage and biodiversity. Some studies present more 
than one relationship, as they cover multiple research areas or 
target one study area but report both the overall relationship 
for the whole area and multiple relationships for regions within 
that area. Some studies obtain multiple relationships by adopt-
ing different pairs of metrics or present different relationships 
at different spatial resolutions. In those cases, we included all 
the reported results and treated each relationship as a separate 
record while tracking where that record came from. Statistically 
insignificant relationships were included if the authors provided 
the correlation coefficients.

We analyzed spatial relationships at two scales: global and local. 
We merged non-global relationships into “local” throughout our 
analyses. We accounted for the different metrics used to char-
acterize carbon storage and biodiversity. To ensure a sufficient 
sample size for each metric category (at least 5, based on McNeish 

and Stapleton 2016), we included commonly used metrics and 
grouped them into categories with meaningful ecological dis-
tinctions. Given that studies considered different compartments 
of the total carbon in an ecosystem (e.g., vegetation stocks or soil 
stocks or both), and soil carbon is generally not spatially con-
gruent with vegetation carbon (Soto-Navarro et al. 2020), we di-
vided carbon metrics into three main categories: vegetation, soil, 
and vegetation and soil. For vegetation carbon, we did not dis-
tinguish between above-ground and below-ground biomass car-
bon, as the latter is often inferred from the former with a specific 
“root-to-shoot” ratio at the same location (Mokany et al. 2006). 
We did not account for the depth of soil organic carbon due 
to insufficient samples. For instance, Murray et  al.  (2015) re-
ported relationships for two different depths (100 and 30 cm); 
we treated them equally and categorized them only by the main 
carbon metric classification. As the concepts of carbon storage 
and carbon sequestration are often used loosely in reporting cor-
relations, we did not separate them in our statistical modeling.

Species assemblages and habitat types vary substantially from 
place to place, as do biodiversity metrics in the reviewed liter-
ature. Habitat quality (HQ) is an ecosystem-level measure and 
accounts for both habitat suitability and anthropogenic threats 
to the habitat (Terrado et al. 2016). We included it based on the 
general evidence that biodiversity is higher in locations with 
higher HQ (Poniatowski et al. 2018; Thomas et al. 2011). We 
also included species richness (SR) as a biodiversity metric, 

FIGURE 1    |    Literature search flow chart. Blue rectangles represent the search processes and filtering criteria. Gray documents denote the identi-
fied papers after each step, and the blue parallelogram shows the final dataset. [Colour figure can be viewed at wileyonlinelibrary.com]
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which is very common in the literature. Considering the lit-
erature's non-standardized taxonomic coverage of SR metrics, 
we aggregated SR metrics using general taxonomic differences 
(flora, fauna, or flora and fauna). Although this classification 
may obscure some details (e.g., SR-fauna does not differenti-
ate the SR of vertebrates from that of invertebrates), it pro-
vides increased resolution beyond ecosystem-level metrics 
while keeping sufficient observations per category. Overall, 
we distinguished four biodiversity metrics: habitat quality 
(HQ), flora species richness (SR-flora), fauna species richness 
(SR-fauna), and flora and fauna species richness (SR-flora & 
fauna).

We classified the local relationships by biome and human 
pressure. Biomes are large areas characterized by a similar 
climate, flora, and fauna and can span multiple continents. 
They were taken from World Wildlife Fund definitions that di-
vide the world into 14 biomes (Olson et al. 2001) (see Table S4 
for classifications). When the study area (non-global study) 
contains more than one biome type, the biome covering the 
largest area was used to represent the local biome type of this 
relationship. Human pressure was categorized into human-
dominated landscapes (HDL) and nonhuman-dominated, nat-
ural landscapes (NDL). One study (Di Marco et al. 2018) with 
a large number of results reported ecoregions in its results, 
so to include this information in our work, we first overlaid 
the human footprint map of 2009 (Venter et  al.  2018) with 
terrestrial ecoregions (Olson et  al.  2001) and calculated the 
average human footprint value for each ecoregion. We then 
defined the ecoregions of an average human footprint value 
≤ 2 as NDL and others as HDL (following Venter et al. 2016). 
For other relationships for which we were generally unable 
to obtain the accurate spatial boundary of the study area, we 
qualitatively determined human pressure by its local land 
use. Relationships derived from study areas dominated by 
anthropogenic land use (e.g., agriculture, forestry, build-up 
areas) were grouped into HDL, while those from more natural 
regions (e.g., protected areas, conservation regions, reserve 
areas) were defined as NDL.

Overall, our quantitative synthesis comprises a dataset of 
1081 correlation records (see Table  S3 for the full dataset). 
It is worth noting that Di Marco et al.  (2018) contribute 875 
relationship records, which account for 81% of our dataset. 
As such, we perform our modeling twice, with Di Marco 
et al. (2018) included and excluded, to ensure that our findings 
are robust to this large contribution. We report findings for 
the total dataset.

2.3   |   Linear Mixed-Effect Modeling

To account for multiple observations from the same individual 
study, we applied mixed-effect modeling to infer the impacts 
of factors on carbon–biodiversity relationships while explic-
itly accounting for the nonindependence in our data (Harrison 
et  al.  2018; Zuur et  al.  2009). The correlation coefficients are 
the response variable in our models. For global and local cor-
relations, there are three categorical predictor variables, each 
with multiple levels: spatial scale (global, local), carbon metric 
(vegetation, soil, vegetation and soil), and biodiversity metric 

(HQ, SR-flora, SR-fauna, SR-flora & fauna). There are two addi-
tional factors for local correlations: biome type (7 biome types) 
and human pressure (HDL, NDL). As this information is not 
available for global correlations, we built two models: one for 
the overall dataset with three factors (spatial scale, carbon met-
ric, and biodiversity metric) and one for the local dataset with 
four factors (biome type, human pressure, carbon metric, and 
biodiversity metric). As our dataset is normally distributed (see 
Data  S2 for more details, Tables  S12 and S13) we used linear 
mixed-effect models throughout our inferential analysis.

As we have unbalanced data, we simplified the random effect 
structure in our models by considering only the random inter-
cepts of studies. That is, we assume study means can vary, but 
all studies have a common slope for the fixed effects in our in-
vestigation. We tested the dependence among studies by Intra-
Class Correlation (Kreft and de Leeuw 1998) and confirmed that 
a random effect of studies is present in our data. For the fixed ef-
fect structure selection, we made a compromise between model 
fit and model complexity. We started with the simplest model, 
including only one main effect, and added more main effects 
and two-way interactions until we considered every possible 
combination of factors. To capture the most influential interac-
tion (if there was one) and reduce the risk of multicollinearity 
among model variables, we followed the principle that in one 
single model structure, if one factor was already involved in one 
interaction term, it was not to be added to another interaction. 
For model comparisons, we held the random effects term con-
stant and used maximum likelihood estimation to select the best 
model structures based on the lowest Akaike information crite-
rion (AIC). We assessed the multicollinearity among categorical 
variables by using Generalized Variance Inflation Factors (Fox 
and Monette  1992) and did not detect multicollinearity in our 
best models (Table  S15). Following the protocol suggested by 
Zuur et al. (2009), we refitted the selected best two models (for 
both the overall model and the local model) using the restricted 
maximum likelihood method to predict model parameters and 
carried out variance analyses. This results in unbiased estimates 
of the variance. We made post hoc comparison tests (p-value ad-
justed by Tukey) based on the best models to identify significant 
differences among levels in each factor (or interaction).

To account for the uncertainty in the estimation of each cor-
relation from primary studies and to assess the robustness of 
our models, we conducted an additional sensitivity analysis. 
As direct measurements of uncertainty (e.g., standard error, 
standard deviation, or confidence interval) were missing from 
most primary studies, we collected the number of observa-
tions (n) the primary studies used to calculate correlation co-
efficients as a proxy of uncertainty. This proxy assumes that 
the larger the number of observations, the lower the uncer-
tainty in the estimate, and we used the square root of n as 
weight in our linear mixed-effect models. We assessed model 
robustness by comparing non-weighted and weighted results. 
In the weighted models, we excluded 31 correlation records 
that did not report the number of observations and for which 
we were unable to estimate the number of observations. Our 
sensitivity analysis shows that the two best models (the best 
overall model and best local model) and our findings remain 
the same, demonstrating the high robustness of our conclu-
sions (see Tables  S7–S11 and Table  S17 for detailed results 
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for weighted models). Given that we can include more stud-
ies when not using weighted models, with larger geographic 
scope, we reported results based on the original full dataset 
(the non-weighted models) in the main text.

We conducted all the analysis in R version 4.3.3. The best-fit 
distribution for our data was selected by using the fitdistrplus 

package in R (Delignette-muller and Dutang 2015). We used the 
lme4, lmerTest, jtools, and effectsize packages (Bates et al. 2015, 
2022; Ben-Shachar et al. 2020; Kuznetsova et al. 2022; Long 2022) 
for model fitting, selection, variance decomposition, and param-
eter estimation (see Data  S2 for detailed statistical modeling). 
We used the car package (Fox and Weisberg  2019) for assess-
ing multicollinearity, the emmeans package (Lenth  2022) for 

FIGURE 2    |    Forest plot of relationships reported in included studies. The lines represent the ranges of the correlation coefficients reported in each 
study. Blue squares mark the median values of correlation coefficients from non-global studies, and orange squares show median values from global 
assessments. [Colour figure can be viewed at wileyonlinelibrary.com]

FIGURE 3    |    Carbon–biodiversity relationship across global and local scales (a) and across biomes (b). The half-violins outline the distribution of 
each group. The boxes represent the range from the first to the third quartile of each group, and the horizontal lines within show the group median. 
Dots with different colors represent correlation samples collected based on the classifications. Annotation texts (n=) show the sample size of each 
group. [Colour figure can be viewed at wileyonlinelibrary.com]
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multiplecomparisons, and the ggplot2 package (Hadley  2016) 
for data plotting.

3   |   Results

Along with two global studies, 28 local studies have been con-
ducted in 23 countries across six continents (Figure  S1). The 
reported relationships vary considerably within and among 
studies, in both direction and magnitude (Figure 2). The global 
assessments (Girardello et al. 2019; Strassburg et al. 2010) pres-
ent uniformly positive relationships, while local studies report 
diverse relationships. The median correlation coefficients from 
each individual study are all positive except for two nationwide 
studies in the UK (Anderson et al. 2009; Eigenbrod et al. 2010). 
In total, 24% of correlations in our dataset are negative, of which 
95% are significant.

3.1   |   Global and Local Difference

Global correlations present a higher median value (+0.54) and 
smaller variation (SD = 0.21), while local correlations show a 
substantially lower median value (+0.23) and larger standard 
deviation (SD = 0.31, Figure  3a). Negative correlations were 
only found in some local studies. When the original studies 
subdivided a larger study area, only a few of the subunits pre-
sented negative relationships (Armenteras et al. 2015; Di Marco 
et al. 2018; Li et al. 2017).

When considering the random effect of primary studies, our 
overall baseline model (intercept-only) shows that, on average 
and across all systems, there is a moderate positive correlation 
of 0.30 (SE = 0.06, p-value << 0.01, Table S14). The best model 
for our overall dataset includes spatial scale and the interaction 
term of metrics. As we described above, the study of Di Marco 
et al. (2018) contributes over 80% of the correlations. Therefore, 
we tested its impact on our modeling. The best models were 
shown to be robust when removing all the data points from this 
study (see details in Tables S7 and S8).

Decomposition of the variance based on our best overall model 
shows that the spatial scale significantly impacts correlations 
(F-value = 5.84, p-value = 0.03, Table  S16). Specifically, when 
holding the metric type constant, correlations at the local scale 
are significantly lower than those at the global scale by 0.38 (p-
value << 0.01, Table S9).

3.2   |   Biome Differences

When examining local relationships within the seven biome 
types, relationships within each biome are still mixed 
(SD = 0.20–0.34, Figure 3b, Table S5), but median correlations 
are all positive. More than half of the correlations in our local 
dataset are from tropical and subtropical forests, reflecting the 
high level of research interest. In contrast, we see very limited 
(only three data points) relationships reported for boreal for-
ests. Mediterranean forests show the highest median correla-
tion (+0.39), and boreal forests present the smallest variation 
(SD = 0.20), both with a relatively smaller sample size. Tropical 

and subtropical forests, temperate forests, and mangroves show 
similar median correlations (+0.26 to +0.29), while temper-
ate forests represent considerably larger variation (SD = 0.34). 
Grasslands show the lowest median correlation (+0.13), lower 
than deserts and xeric shrublands (+0.15).

3.3   |   Impact of the Metric Used

The most frequently used carbon metric is vegetation carbon 
(n = 977), with a median correlation of +0.25 and the smallest 
variance (SD = 0.30). A small proportion of relationships (n = 8) 
are with soil carbon only. The soil metric shows the highest 
variation (SD = 0.45), with the highest median of +0.32. The re-
maining relationships (n = 96) use the total mass of carbon in 
vegetation and soil and yield the lowest median of 0.11 and a 
moderate standard deviation (SD = 0.34).

Over 92% of the relationships are based on animal species rich-
ness (SR-fauna, n = 997), while roughly 2% target woody plants 
(SR-flora, n = 21), and another 2% consider both animal and woody 
species (SR-flora & fauna, n = 22). Different taxonomic coverage 
results in different medians and variances. The lowest median 
and largest variance can be observed for relationships using SR-
flora & fauna as a biodiversity proxy (median = −0.15, SD = 0.33). 
Nonetheless, SR-fauna (median = 0.23, SD = 0.30) and SR-flora 
(median = 0.28, SD = 0.32) alone represent substantially higher 
positive medians. Roughly 4% of relationships are based on HQ, 
and these have the highest median value (+0.34) with the smallest 
variance (SD = 0.29). Weaker and sometimes even negative cor-
relations appear when focussing on a subset of species of special 
interest, such as threatened or endemic species. This also applies 
to the two UK studies reporting only negative relationships; they 
focus on target species in the UK Biodiversity Action Plan scheme 
or “species of conservation concern.”

Among all metric pairs (Figure 4, Table S6), vegetation carbon 
and SR-fauna are the most frequently used combination (n = 929, 
median = 0.24) (both when including and excluding Di Marco 
et al. 2018). The soil and SR-fauna pair show the highest median 
correlation (+0.69), yet with the largest variation (SD = 0.47). 
The vegetation and soil carbon and HQ pair express a similar 

FIGURE 4    |    Carbon–biodiversity relationship under different metric 
combinations. The boxes represent the range from the first to the third 
quartile of each group. The vertical lines in the boxes show the median 
of each group. [Colour figure can be viewed at wileyonlinelibrary.com]
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high median value (+0.66) while having a much smaller varia-
tion (SD = 0.22). The only negative median correlation (−0.2) is 
the linkage between vegetation and soil carbon and SR-flora & 
fauna. The two UK studies reporting only negative relationships 
also used the metric pair. The most stable relationship is from 
vegetation and soil carbon and SR-flora (SD = 0.12). For all SR 
measures, a consistent pattern can be observed that vegetation 
carbon presents a higher median correlation than vegetation and 
soil carbon. However, this is not the case for the habitat metric.

Our overall model indicates that the metric used significantly in-
fluences correlations (F-value = 4.47, p-value << 0.01, Table S16). 
Effect sizes measured by partial eta-squared for the spatial scale 
and metric type are 0.28 (95% CI: 0.02–1.00) and 0.37 (95% CI: 
0.16–1.00), respectively. That is, the metric combination is more 
influential than the spatial scale. Multiple comparison tests 
based on our two best models (the best overall model and the 
best local model) together show that the correlations between 
total carbon storage and HQ are significantly higher than those 
with SR-fauna and SR-flora & fauna (Table S10). That is, with 
the total carbon pool, the ecosystem-level metric (HQ) gener-
ates considerably stronger relationships than taxonomic metrics 
(SR). We also find that correlations between vegetation carbon 
alone and SR-fauna and SR-flora are significantly higher than 
correlations between the total carbon pool and SR-flora & fauna 
(Table S10).

3.4   |   Local System and Human Impact

For local relationships only, the best model includes the inter-
action term of biome and human pressure and the interaction 
term of metrics. Our analysis shows that the metric choice is still 
a predominant factor in local systems (F-value = 4.52, p-value 
<< 0.01, partial effect size = 0.34, Table S16). Despite a smaller 
effect size, the interaction term of biome and human pressure 
also significantly affects local relationships (F-value = 8.41, p-
value << 0.01, partial effect size = 0.16, Table S16). Among the 
four biomes with relationships in both HDL and NDL, we find 
an inconsistent trend in terms of median correlation difference 
(Figure 5). We see higher median relationships in NDL than in 

HDL for temperate forests, grasslands, and deserts, whereas 
the opposite pattern occurs in tropical and subtropical forests. 
Our post hoc test based on the best local model (with Di Marco 
et al. 2018 included) shows that, in tropical and subtropical for-
ests, relationships for NDL and HDL are significantly different, 
with HDL 0.29 (p-value << 0.01) higher than NDL (see Table S11 
for more details).

4   |   Discussion

By conducting a systematic review of carbon–biodiversity rela-
tionships, we find that global relationships are uniformly posi-
tive, while local relationships can be negative and have a larger 
variation. Negative relationships occur in smaller study areas, 
for specific combinations of metrics, and for a small group of 
species. Relationships within each biome are still mixed, but the 
median correlations are all positive.

4.1   |   Spatial Scale as a Significant Factor

Our finding that there is a significant impact of spatial scale on 
correlations is in line with the increasing recognition of the spa-
tial dependence between biodiversity and ecosystem services/
functioning, including carbon storage (Cardinale et  al.  2012; 
Ricketts et al. 2016; Thompson et al. 2018). Although others have 
suggested that spatial scale is an important factor in determining 
carbon–biodiversity correlations (Di Marco et al. 2018; Roces-Diaz 
et al. 2018), their conclusions are limited to their specific study. Our 
study moves beyond the current literature by generalizing conclu-
sions via a meta-analysis, accounting for both the within-study 
and between-study variations. This spatial-scale effect is partly 
explained by the differences in the ecological processes driving 
the biodiversity–carbon relationship at different scales. There is a 
positive relationship between productivity and terrestrial carbon 
stored across scales (Field et al. 2009; Steffen et al. 1998), at least 
up to a certain level of productivity (Keeling and Phillips 2007). In 
contrast, the biodiversity–productivity relationship varies between 
conditions even though it tends to follow a unimodal (hump-
backed) curve (Graham and Duda  2011). In addition, empirical 
evidence shows that scale consistently impacts the SR–productiv-
ity relationship (Graham and Duda 2011). For larger spatial scales, 
Chase and Leibold (2002) found that greater species diversity was 
associated with higher productivity, while Field et al. (2009) found 
that productivity shows a higher correlation with SR than other 
variables they tested, particularly for connected (i.e., non-insular) 
terrestrial habitats. In combination, these ecological patterns may 
explain the lower strength of the carbon–biodiversity relationship 
at a local scale. Another explanation could also be purely statisti-
cal, as a smaller study area implies a smaller range of sampled val-
ues, which makes it more difficult to detect a relationship (Bland 
and Altman 2011).

4.2   |   Difference Between Global and Local 
Correlations

The grand mean of carbon–biodiversity correlations from the 
overall modeling is moderately positive (+0.3, SE = 0.06, p-
value << 0.01), indicating a general opportunity for addressing 

FIGURE 5    |    Relationship between carbon storage and biodiversity 
under combinations of different biomes and levels of human pressure. 
The boxes represent the range from the first to the third quartile of each 
group. The vertical lines in the boxes show the median correlations of 
each group. [Colour figure can be viewed at wileyonlinelibrary.com]
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both issues simultaneously across all conditions. However, the 
significantly higher global relationships than local ones could 
mislead both global and local policymakers. Global analyses can 
inform worldwide prioritization and targets, but they may not 
accurately reflect local conditions. Local policymakers should 
be aware of local heterogeneities to better identify potential 
trade-offs. When linking the same aspects of carbon storage and 
biodiversity, local correlations were 0.38 (p-value = 0.03) lower 
than the global results. This gap is large enough to reverse strong 
global relationships to weak or even negative associations in the 
local context, suggesting that the local scale implies a lower 
probability of achieving synergies between carbon and biodiver-
sity targets than the global picture. Although time-intensive for 
policymakers, this emphasizes the need to carry out location-
specific and biome-specific analyses to inform local policies or 
to consider the estimated differences here to extrapolate local 
relationships from global analyses if local studies are not readily 
available.

4.3   |   Importance of Considering 
the Biodiversity Metric

The importance of biodiversity metrics on the relationships 
highlights different interactions that may exist for different 
aspects of biodiversity and carbon storage. Biodiversity is mul-
tidimensional in nature, primarily composed of three aspects 
(taxonomic, structural, and functional diversity) and has differ-
ent scales, from genes, populations, species, and communities 
to ecosystems (Lyashevska and Farnsworth 2012). Ideally, met-
rics should capture this complexity. In practice, the most widely 
used metrics in our review are SR and HQ. We find that the 
ecosystem-level metric (HQ) shows stronger correlations with 
the total carbon pool, while taxonomic metrics correlate weakly. 
This suggests that a taxonomic perspective alone may not be 
able to capture all influences of an ecosystem on carbon storage, 
while HQ captures more of those characteristics. In addition, 
we find that SR data often focus on narrower taxonomic cate-
gories, such as woody plants and vertebrates, overlooking other 
important categories, such as invertebrates and soil biodiversity 
(Oberprieler et al. 2019). These taxonomic biases in SR and po-
tential observation biases in natural areas could misrepresent 
overall biodiversity impacts (Cardoso et al. 2012).

4.4   |   Different Biodiversity Impacts for Different 
Carbon Pools

Our modeling results show that correlations with the total car-
bon pool (vegetation and soil) can be considerably different from 
the ones with vegetation carbon alone (e.g., when comparing 
the total carbon pool to vegetation carbon alone for SR-flora & 
fauna, although the difference is not significant due to a small 
sample size). The predictive power (i.e., the correlation coeffi-
cient) of the total carbon pool is lower than that of the vegeta-
tion pool alone (and to some extent, the same applies to patterns 
for the species richness of flora). These findings suggest that 
vegetation and soil carbon are likely to have different impacts 
on biodiversity, which could be due to the spatial incongru-
ence (Cameron et  al.  2019; Guerra et  al.  2022; Soto-Navarro 
et al. 2020) and temporal asynchrony (Hong et al. 2023) in the 

development and effects of the two carbon pools. Soil carbon 
pools may also be related to a different component of biodiver-
sity than vegetation carbon, with concomitant different correla-
tion coefficients. Although soil carbon is the largest terrestrial 
carbon reservoir, holding about three times as much carbon as 
vegetation (Friedlingstein et  al.  2020), correlations with soil 
carbon alone account for less than 1% of the data points in the 
dataset used here and demonstrate a larger variation in values 
compared to vegetation carbon. We find that the soil and SR-
fauna pair shows the highest median correlation (+0.69), but we 
fail to obtain statistical evidence for its significant difference. 
We cannot say whether it is because of the small sample size 
or whether it indeed implies an inherently stronger relationship 
than other linkages. More work targeting soil carbon is needed 
to understand the differences in correlations between the two 
carbon pools with biodiversity metrics.

4.5   |   Local Relationships and Human Impacts

More attention on some biomes across the world is necessary 
to understand local relationships and human impacts on them. 
While tropical and subtropical forests are global hotspots of 
carbon storage and biodiversity (Sullivan et al. 2017) and have 
long attracted particular attention, our synthesis shows they do 
not always express exceptionally high positive relationships. We 
see less attention on boreal forests (only three data points in our 
dataset), a biome that contains more than 30% of global forest 
carbon stocks and faces faster-rising temperatures than average 
(Bradshaw and Warkentin 2015; Pan et al. 2011). More evidence 
is also needed for assessing human impacts on carbon–biodi-
versity relationships in different biomes. For temperate forests, 
grasslands, and deserts, higher correlations in NDL than in 
HDL imply adverse consequences of human activities on the in-
herent carbon–biodiversity relationships. But this is not the case 
for tropical and subtropical forests. This inconsistency might be 
partly due to a biodiversity data bias for NDL in tropical and sub-
tropical forests. Those natural forests tend to be inaccessible for 
scientific studies and species observations. Yet, more evidence 
is still needed to explore the human impact on biome-specific 
relationships.

4.6   |   Limitations

There are several limitations of this study. First, we formulated 
our exclusion criteria for primary studies such as to minimize 
the chance of selection bias, but we cannot fully prevent it. For 
instance, species abundance was not included as a biodiversity 
metric due to insufficient sample size. Since species abundance 
may have effects on carbon storage (Conti and Díaz 2013), and 
species abundance can be assumed to be more sensitive than 
SR, as changes in the number of individuals are a prerequisite 
for changes in the presence or absence of species, not including 
it might underestimate the strength of the relationship. Second, 
our study might not be able to cover all potentially relevant fac-
tors mediating these relationships. For example, climate will 
impact the relationship at a large scale (Fei et al. 2018), while 
general ecosystem disturbances could impact local relationships 
(i.e., human disturbances, as broadly already considered, but 
also natural disturbances).
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Thirdly, the categorization of metrics is likely to introduce 
some uncertainty. For example, we did not distinguish car-
bon sequestration from carbon stocks, and above-ground 
carbon from below-ground carbon. Similarly, we did not dis-
tinguish invertebrates from vertebrates, and general species 
from threatened/endemic species. Since more broadly defined 
biodiversity may have a stronger ecological connection with 
carbon storage, targeting a subset of species, such as species 
of high conservation importance, increases the likelihood of 
obtaining weaker or even negative relationships.

There are also uncertainties surrounding the human impact, 
given we were only able to use a two-level categorical variable 
based on local land use. We recommend that correlation studies 
also report detailed spatial data for the locations, which would 
enable future meta-analyses to include greater detail on the im-
pact of human pressures. Moreover, we simplified the random 
effect structure of our models by considering only the random 
intercepts of studies. Increased size of datasets (particularly 
the coverage of observations for different metric combinations) 
would allow researchers to reduce this uncertainty.

Our results are also unavoidably influenced by the inherent 
uncertainties in the included primary studies (e.g., measure-
ment uncertainty in biodiversity or carbon storage, which 
could cause noise and thus reduce the correlation coeffi-
cients). The potential publication bias of these studies could 
have influenced our results, given that studies reporting non-
significant correlations may not be published, and for any 
given sample size, the result is more likely to be statistically 
significant if the correlation (effect size in general) is larger 
(Borenstein et  al.  2009). This tendency means the resulting 
correlation mean from our models is potentially higher than 
in reality.

5   |   Conclusions

The interdependence of climate and biodiversity strategies 
requires a holistic land-based comanagement, in which the 
spatial relationship between carbon storage and biodiversity 
is essential to the magnitude of potential synergies. Through 
a systematic literature review and meta-analysis on spatial 
correlations, we enhance the understanding of the multifac-
eted relationships across different conditions. We find that 
the choice of metric consistently plays a predominant role in 
defining the strength of global and local relationships, which 
highlights different levels of synergies that may exist for dif-
ferent aspects of carbon storage and biodiversity. We also find 
biome and human pressure jointly affect local relationships, 
but the human impacts are not consistent across biomes. 
Negative relationships happen in smaller study areas, for spe-
cific combinations of metrics, and for a small group of species. 
Our results suggest a lower probability of achieving synergies 
between carbon and biodiversity targets at the local scale than 
the global picture. Nonetheless, with a better global represen-
tation of relevant biomes and assessments on the role of soil 
carbon, human impacts, and broad biodiversity metrics, op-
portunities for creating local synergies in carbon storage and 
biodiversity conservation may be optimized.

Acknowledgments

We thank Nathalie Pettorelli for her helpful comments on an earlier 
version of the manuscript, and we are grateful to Hauke Ward, Valerio 
Barbarossa, and Ranran Wang for their helpful discussions.

Conflicts of Interest

The authors declare no conflicts of interest.

Data Availability Statement

The data that supports the findings of this study are available in the 
Supporting Information of this article. The research code is available in 
Zenodo (DOI: https://​doi.​org/​10.​5281/​zenodo.​14870192).

References

Allan, J. R., O. Venter, and J. E. M. Watson. 2017. “Temporally Inter-
Comparable Maps of Terrestrial Wilderness and the Last of the Wild.” 
Scientific Data 4, no. 1: 170187. https://​doi.​org/​10.​1038/​sdata.​2017.​187.

Anderson, B. J., P. R. Armsworth, F. Eigenbrod, et  al. 2009. “Spatial 
Covariance Between Biodiversity and Other Ecosystem Service 
Priorities.” Journal of Applied Ecology 46, no. 4: 888–896. https://​doi.​
org/​10.​1111/j.​1365-​2664.​2009.​01666.​x.

Armenteras, D., N. Rodríguez, and J. Retana. 2015. “National and 
Regional Relationships of Carbon Storage and Tropical Biodiversity.” 
Biological Conservation 192: 378–386. https://​doi.​org/​10.​1016/j.​biocon.​
2015.​10.​014.

Bates, D., M. Mächler, B. Bolker, and S. Walker. 2015. “Fitting Linear 
Mixed-Effects Models Using lme4.” Journal of Statistical Software 67, 
no. 1: 1–48. https://​doi.​org/​10.​18637/​​jss.​v067.​i01.

Bates, D., M. Maechler, B. Bolker, et al. 2022. “Package ‘lme4’.” https://​
cran.​r-​proje​ct.​org/​web/​packa​ges/​lme4/​index.​html.

Beaudrot, L., K. Kroetz, P. Alvarez-Loayza, et al. 2016. “Limited Carbon 
and Biodiversity Co-Benefits for Tropical Forest Mammals and Birds.” 
Ecological Applications 26, no. 4: 1098–1111. https://​doi.​org/​10.​1890/​
15-​0935.

Ben-Shachar, M. S., D. Lüdecke, and D. Makowski. 2020. “effect-
size: Estimation of Effect Size Indices and Standardized Parameters.” 
Journal of Open Source Software 5, no. 56: 2815. https://​doi.​org/​10.​
21105/​​joss.​02815​.

Bland, J. M., and D. G. Altman. 2011. “Correlation in Restricted Ranges 
of Data.” BMJ 342: d556. https://​doi.​org/​10.​1136/​bmj.​d556.

Bongaarts, J. 2019. “IPBES, 2019. Summary for Policymakers of the 
Global Assessment Report on Biodiversity and Ecosystem Services of 
the Intergovernmental Science-Policy Platform on Biodiversity and 
Ecosystem Services.” Population and Development Review 45, no. 3: 
680–681. https://​doi.​org/​10.​1111/​padr.​12283​.

Borenstein, M., L. V. Hedges, J. P. T. Higgins, and H. R. Rothstein. 2009. 
“Publication Bias.” In Introduction to Meta-Analysis, 277–292. Wiley. 
https://​doi.​org/​10.​1002/​97804​70743​386.​ch30.

Bradshaw, C. J. A., and I. G. Warkentin. 2015. “Global Estimates of 
Boreal Forest Carbon Stocks and Flux.” Global and Planetary Change 
128: 24–30. https://​doi.​org/​10.​1016/j.​glopl​acha.​2015.​02.​004.

Cameron, E. K., I. S. Martins, P. Lavelle, et al. 2019. “Global Mismatches 
in Aboveground and Belowground Biodiversity.” Conservation Biology 
33, no. 5: 1187–1192. https://​doi.​org/​10.​1111/​cobi.​13311​.

Cardinale, B. J., J. E. Duffy, A. Gonzalez, et al. 2012. “Biodiversity Loss 
and Its Impact on Humanity.” Nature 486, no. 7401: 59–67. https://​doi.​
org/​10.​1038/​natur​e11148.

 1099145x, 2025, 8, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/ldr.5531, W

iley O
nline L

ibrary on [12/11/2025]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense

https://doi.org/10.5281/zenodo.14870192
https://doi.org/10.1038/sdata.2017.187
https://doi.org/10.1111/j.1365-2664.2009.01666.x
https://doi.org/10.1111/j.1365-2664.2009.01666.x
https://doi.org/10.1016/j.biocon.2015.10.014
https://doi.org/10.1016/j.biocon.2015.10.014
https://doi.org/10.18637/jss.v067.i01
https://cran.r-project.org/web/packages/lme4/index.html
https://cran.r-project.org/web/packages/lme4/index.html
https://doi.org/10.1890/15-0935
https://doi.org/10.1890/15-0935
https://doi.org/10.21105/joss.02815
https://doi.org/10.21105/joss.02815
https://doi.org/10.1136/bmj.d556
https://doi.org/10.1111/padr.12283
https://doi.org/10.1002/9780470743386.ch30
https://doi.org/10.1016/j.gloplacha.2015.02.004
https://doi.org/10.1111/cobi.13311
https://doi.org/10.1038/nature11148
https://doi.org/10.1038/nature11148


2795

Cardoso, P., P. A. V. Borges, K. A. Triantis, M. A. Ferrández, and J. L. 
Martín. 2012. “The Underrepresentation and Misrepresentation of 
Invertebrates in the IUCN Red List.” Biological Conservation 149, no. 
1: 147–148. https://​www.​scien​cedir​ect.​com/​scien​ce/​artic​le/​pii/​S0006​
32071​2001176.

Carvalho-Santos, C., R. Sousa-Silva, J. Gonçalves, and J. P. Honrado. 
2016. “Ecosystem Services and Biodiversity Conservation Under 
Forestation Scenarios: Options to Improve Management in the Vez 
Watershed, NW Portugal.” Regional Environmental Change 16, no. 6: 
1557–1570. https://​doi.​org/​10.​1007/​s1011​3-​015-​0892-​0.

Ceballos, G., P. R. Ehrlich, A. D. Barnosky, A. García, R. M. Pringle, 
and T. M. Palmer. 2015. “Accelerated Modern Human-Induced Species 
Losses: Entering the Sixth Mass Extinction.” Science Advances 1, no. 5: 
9–13. https://​doi.​org/​10.​1126/​sciadv.​1400253.

Chan, K. M. A., M. R. Shaw, D. R. Cameron, E. C. Underwood, and G. 
C. Daily. 2006. “Conservation Planning for Ecosystem Services.” PLoS 
Biology 4, no. 11: e379.

Chase, J. M., and M. A. Leibold. 2002. “Spatial Scale Dictates the 
Productivity–Biodiversity Relationship.” Nature 416, no. 6879: 427–430. 
https://​doi.​org/​10.​1038/​416427a.

Conti, G., and S. Díaz. 2013. “Plant Functional Diversity and Carbon 
Storage – An Empirical Test in Semi-Arid Forest Ecosystems.” Journal 
of Ecology 101, no. 1: 18–28. https://​doi.​org/​10.​1111/​1365-​2745.​12012​.

Cord, A. F., B. Bartkowski, M. Beckmann, et  al. 2017. “Towards 
Systematic Analyses of Ecosystem Service Trade-Offs and Synergies: 
Main Concepts, Methods and the Road Ahead.” Ecosystem Services 
28: 264–272. https://​www.​scien​cedir​ect.​com/​scien​ce/​artic​le/​pii/​S2212​
04161​6303084.

de Lima, R. F., F. Olmos, M. Dallimer, P. W. Atkinson, and J. Barlow. 
2013. “Can REDD Plus Help the Conservation of Restricted-Range 
Island Species? Insights From the Endemism Hotspot of Sao Tome.” 
PLoS One 8, no. 9: e74148. https://​doi.​org/​10.​1371/​journ​al.​pone.​0074148.

Delignette-muller, M. L., and C. Dutang. 2015. “fitdistrplus: An R Package 
for Fitting Distributions.” Journal of Statistical Software 64, no. 4: 1–34.

Di Marco, M., J. E. M. Watson, D. J. Currie, H. P. Possingham, and O. 
Venter. 2018. “The Extent and Predictability of the Biodiversity-Carbon 
Correlation.” Ecology Letters 21, no. 3: 365–375. https://​doi.​org/​10.​1111/​
ele.​12903​.

Díaz, S., J. Settele, E. S. Brondízio, et al. 2019. “Pervasive Human-Driven 
Decline of Life on Earth Points to the Need for Transformative Change.” 
Science 366, no. 6471: eaax3100. https://​doi.​org/​10.​1126/​scien​ce.​aax3100.

Dinerstein, E., A. R. Joshi, C. Vynne, A. T. L. Lee, and M. França. 
2020. “A “Global Safety Net” to Reverse Biodiversity Loss and Stabilize 
Earth's Climate.” Science Advances 6, no. September: 1–14.

Egoh, B., B. Reyers, M. Rouget, M. Bode, and D. M. Richardson. 2009. 
“Spatial Congruence Between Biodiversity and Ecosystem Services in 
South Africa.” Biological Conservation 142, no. 3: 553–562. https://​doi.​
org/​10.​1016/j.​biocon.​2008.​11.​009.

Eigenbrod, F., P. R. Armsworth, B. J. Anderson, et al. 2010. “The Impact 
of Proxy-Based Methods on Mapping the Distribution of Ecosystem 
Services.” Journal of Applied Ecology 47, no. 2: 377–385. https://​doi.​org/​
10.​1111/j.​1365-​2664.​2010.​01777.​x.

Fei, S., I. Jo, Q. Guo, et al. 2018. “Impacts of Climate on the Biodiversity-
Productivity Relationship in Natural Forests.” Nature Communications 
9, no. 1: 5436. https://​doi.​org/​10.​1038/​s4146​7-​018-​07880​-​w.

Field, R., B. A. Hawkins, H. V. Cornell, et  al. 2009. “Spatial Species-
Richness Gradients Across Scales: A Meta-Analysis.” Journal of 
Biogeography 36, no. 1: 132–147. https://​doi.​org/​10.​1111/j.​1365-​2699.​
2008.​01963.​x.

Flores-Rios, A., E. Thomas, P. P. Peri, et  al. 2020. “Co-Benefits of 
Soil Carbon Protection for Invertebrate Conservation.” Biological 
Conservation 252: 108859. https://​doi.​org/​10.​1016/j.​biocon.​2020.​108859.

Fox, J., and G. Monette. 1992. “Generalized Collinearity Diagnostics.” 
Journal of the American Statistical Association 87, no. 417: 178–183. 
https://​doi.​org/​10.​1080/​01621​459.​1992.​10475190.

Fox, J., and S. Weisberg. 2019. An R Companion to Applied Regression. 
3rd ed. Sage.

Friedlingstein, P., M. O'Sullivan, M. W. Jones, et  al. 2020. “Global 
Carbon Budget 2020.” Earth System Science Data 12, no. 4: 3269–3340. 
https://​doi.​org/​10.​5194/​essd-​12-​3269-​2020.

Gardner, T. A., N. D. Burgess, N. Aguilar-Amuchastegui, et  al. 2012. 
“A Framework for Integrating Biodiversity Concerns Into National 
REDD+ Programmes.” Biological Conservation 154: 61–71. https://​doi.​
org/​10.​1016/j.​biocon.​2011.​11.​018.

Girardello, M., A. Santangeli, E. Mori, et  al. 2019. “Global Synergies 
and Trade-Offs Between Multiple Dimensions of Biodiversity and 
Ecosystem Services.” Scientific Reports 9, no. 1: 1–8. https://​doi.​org/​10.​
1038/​s4159​8-​019-​41342​-​7.

Graham, J. H., and J. J. Duda. 2011. “The Humpbacked Species 
Richness-Curve: A Contingent Rule for Community Ecology.” 
International Journal of Ecology 2011: 868426. https://​doi.​org/​10.​
1155/​2011/​868426.

Guerra, C. A., M. Berdugo, D. J. Eldridge, et al. 2022. “Global Hotspots 
for Soil Nature Conservation.” Nature 610, no. 7933: 693–698. https://​
doi.​org/​10.​1038/​s4158​6-​022-​05292​-​x.

Hadley, W. 2016. ggplot2: Elegant Graphics for Data Analysis. 
Springer-Verlag.

Harrison, X. A., L. Donaldson, M. E. Correa-cano, et al. 2018. “A Brief 
Introduction to Mixed Effects Modelling and Multi-Model Inference in 
Ecology.” PeerJ 6: e4794. https://​doi.​org/​10.​7717/​peerj.​4794.

Hong, S., J. Ding, F. Kan, et  al. 2023. “Asymmetry of Carbon 
Sequestrations by Plant and Soil After Forestation Regulated by Soil 
Nitrogen.” Nature Communications 14, no. 1: 3196. https://​doi.​org/​10.​
1038/​s4146​7-​023-​38911​-​w.

Izquierdo, A. E., and M. L. Clark. 2012. “Spatial Analysis of Conservation 
Priorities Based on Ecosystem Services in the Atlantic Forest Region of 
Misiones, Argentina.” Forests 3, no. 3: 764–786. https://​doi.​org/​10.​3390/​
f3030764.

Keeling, H. C., and O. L. Phillips. 2007. “The Global Relationship 
Between Forest Productivity and Biomass.” Global Ecology and 
Biogeography 16, no. 5: 618–631. https://​doi.​org/​10.​1111/j.​1466-​8238.​
2007.​00314.​x.

Kreft, I., and J. de Leeuw. 1998. Introducing Multilevel Modeling. SAGE 
Publications, Ltd. https://​doi.​org/​10.​4135/​97818​49209366.

Kremen, C., and A. M. Merenlender. 2018. “Landscapes That Work for 
Biodiversity and People.” Science 362, no. 6412: eaau6020. https://​doi.​
org/​10.​1126/​scien​ce.​aau6020.

Kuznetsova, A., P. B. Brockhoff, R. H. B. Christensen, and S. P. Jensen. 
2022. “Package ‘lmerTest’.” https://​cran.​r-​proje​ct.​org/​web/​packa​ges/​
lmerT​est/​index.​html.

Lecina-Diaz, J., A. Alvarez, A. Regos, et al. 2018. “The Positive Carbon 
Stocks–Biodiversity Relationship in Forests: Co-Occurrence and 
Drivers Across Five Subclimates.” Ecological Applications 28, no. 6: 
1481–1493. https://​doi.​org/​10.​1002/​eap.​1749.

Leclère, D., M. Obersteiner, M. Barrett, et al. 2020. “Bending the Curve 
of Terrestrial Biodiversity Needs an Integrated Strategy.” Nature 585: 
551–556. https://​doi.​org/​10.​1038/​s4158​6-​020-​2705-​y.

Lenth, R. V. 2022. “Package ‘emmeans’.” https://​doi.​org/​10.​1080/​00031​
305.​1980.​10483031.

Li, R. Q., M. Xu, R. Powers, et  al. 2017. “Quantifying the Evidence 
for Co-Benefits Between Species Conservation and Climate Change 
Mitigation in Giant Panda Habitats.” Scientific Reports 7, no. 1: 12705. 
https://​doi.​org/​10.​1038/​s4159​8-​017-​12843​-​0.

 1099145x, 2025, 8, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/ldr.5531, W

iley O
nline L

ibrary on [12/11/2025]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense

https://www.sciencedirect.com/science/article/pii/S0006320712001176
https://www.sciencedirect.com/science/article/pii/S0006320712001176
https://doi.org/10.1007/s10113-015-0892-0
https://doi.org/10.1126/sciadv.1400253
https://doi.org/10.1038/416427a
https://doi.org/10.1111/1365-2745.12012
https://www.sciencedirect.com/science/article/pii/S2212041616303084
https://www.sciencedirect.com/science/article/pii/S2212041616303084
https://doi.org/10.1371/journal.pone.0074148
https://doi.org/10.1111/ele.12903
https://doi.org/10.1111/ele.12903
https://doi.org/10.1126/science.aax3100
https://doi.org/10.1016/j.biocon.2008.11.009
https://doi.org/10.1016/j.biocon.2008.11.009
https://doi.org/10.1111/j.1365-2664.2010.01777.x
https://doi.org/10.1111/j.1365-2664.2010.01777.x
https://doi.org/10.1038/s41467-018-07880-w
https://doi.org/10.1111/j.1365-2699.2008.01963.x
https://doi.org/10.1111/j.1365-2699.2008.01963.x
https://doi.org/10.1016/j.biocon.2020.108859
https://doi.org/10.1080/01621459.1992.10475190
https://doi.org/10.5194/essd-12-3269-2020
https://doi.org/10.1016/j.biocon.2011.11.018
https://doi.org/10.1016/j.biocon.2011.11.018
https://doi.org/10.1038/s41598-019-41342-7
https://doi.org/10.1038/s41598-019-41342-7
https://doi.org/10.1155/2011/868426
https://doi.org/10.1155/2011/868426
https://doi.org/10.1038/s41586-022-05292-x
https://doi.org/10.1038/s41586-022-05292-x
https://doi.org/10.7717/peerj.4794
https://doi.org/10.1038/s41467-023-38911-w
https://doi.org/10.1038/s41467-023-38911-w
https://doi.org/10.3390/f3030764
https://doi.org/10.3390/f3030764
https://doi.org/10.1111/j.1466-8238.2007.00314.x
https://doi.org/10.1111/j.1466-8238.2007.00314.x
https://doi.org/10.4135/9781849209366
https://doi.org/10.1126/science.aau6020
https://doi.org/10.1126/science.aau6020
https://cran.r-project.org/web/packages/lmerTest/index.html
https://cran.r-project.org/web/packages/lmerTest/index.html
https://doi.org/10.1002/eap.1749
https://doi.org/10.1038/s41586-020-2705-y
https://doi.org/10.1080/00031305.1980.10483031
https://doi.org/10.1080/00031305.1980.10483031
https://doi.org/10.1038/s41598-017-12843-0


2796 Land Degradation & Development, 2025

Lindenmayer, D. B., K. B. Hulvey, R. J. Hobbs, et al. 2012. “Avoiding Bio-
Perversity From Carbon Sequestration Solutions.” Conservation Letters 
5, no. 1: 28–36. https://​doi.​org/​10.​1111/j.​1755-​263X.​2011.​00213.​x.

Locatelli, B., P. Imbach, and S. Wunder. 2014. “Synergies and Trade-Offs 
Between Ecosystem Services in Costa Rica.” Environmental Conservation 
41, no. 1: 27–36. https://​doi.​org/​10.​1017/​S0376​89291​3000234.

Long, J. A. 2022. “jtools: Analysis and Presentation of Social Scientific 
Data.” https://​jtools.​jacob​-​long.​com.

Lyashevska, O., and K. D. Farnsworth. 2012. “How Many Dimensions 
of Biodiversity Do We Need?” Ecological Indicators 18: 485–492. https://​
doi.​org/​10.​1016/j.​ecoli​nd.​2011.​12.​016.

Mace, G. M., M. Barrett, N. D. Burgess, et al. 2018. “Aiming Higher 
to Bend the Curve of Biodiversity Loss.” Nature Sustainability 1: 
448–451.

McNeish, D. M., and L. M. Stapleton. 2016. “The Effect of Small Sample 
Size on Two-Level Model Estimates: A Review and Illustration.” 
Educational Psychology Review 28, no. 2: 295–314. https://​doi.​org/​10.​
1007/​s1064​8-​014-​9287-​x.

Moher, D., A. Liberati, J. Tetzlaff, et al. 2009. “Preferred Reporting Items 
for Systematic Reviews and Meta-Analyses: The PRISMA Statement.” 
PLoS Medicine 6, no. 7: e1000097. https://​doi.​org/​10.​1371/​journ​al.​pmed.​
1000097.

Moher, D., L. Shamseer, M. Clarke, et  al. 2019. “Preferred Reporting 
Items for Systematic Review and Meta-Analysis Protocols (PRISMA-P) 
2015 Statement.” Japanese Pharmacology and Therapeutics 47, no. 8: 
1177–1185.

Mokany, K., R. J. Raison, and A. S. Prokushkin. 2006. “Critical Analysis 
of Root: Shoot Ratios in Terrestrial Biomes.” Global Change Biology 12, 
no. 1: 84–96. https://​doi.​org/​10.​1111/j.​1365-​2486.​2005.​001043.​x.

Mori, A. S. 2020. “Advancing Nature-Based Approaches to Address the 
Biodiversity and Climate Emergency.” Ecology Letters 23, no. 12: 1729–
1732. https://​doi.​org/​10.​1111/​ele.​13594​.

Murray, J. P., R. Grenyer, S. Wunder, N. Raes, and J. P. G. Jones. 2015. 
“Spatial Patterns of Carbon, Biodiversity, Deforestation Threat, and 
REDD+ Projects in Indonesia.” Conservation Biology 29, no. 5: 1434–
1445. https://​doi.​org/​10.​1111/​cobi.​12500​.

Newbold, T. 2018. “Future Effects of Climate and Land-Use Change 
on Terrestrial Vertebrate Community Diversity Under Different 
Scenarios.” Proceedings of the Royal Society B: Biological Sciences 285, 
no. 1881: 20180792. https://​doi.​org/​10.​1098/​rspb.​2018.​0792.

Newbold, T., L. N. Hudson, A. P. Arnell, et  al. 2016. “Has Land Use 
Pushed Terrestrial Biodiversity Beyond the Planetary Boundary? A 
Global Assessment.” Science 353, no. 6296: 288–291. https://​doi.​org/​10.​
1126/​scien​ce.​aaf2201.

Newbold, T., L. N. Hudson, S. L. L. Hill, et al. 2015. “Global Effects of 
Land Use on Local Terrestrial Biodiversity.” Nature 520, no. 7545: 45–
50. https://​doi.​org/​10.​1038/​natur​e14324.

Oberprieler, S. K., A. N. Andersen, G. R. Gillespie, and L. D. Einoder. 
2019. “Vertebrates Are Poor Umbrellas for Invertebrates: Cross-Taxon 
Congruence in an Australian Tropical Savanna.” Ecosphere 10, no. 6: 
e02755. https://​doi.​org/​10.​1002/​ecs2.​2755.

Olson, D. M., E. Dinerstein, E. D. Wikramanayake, et  al. 2001. 
“Terrestrial Ecoregions of the World: A New Map of Life on Earth.” 
Bioscience 51, no. 11: 933–938.

Osuri, A. M., S. Machado, J. Ratnam, et  al. 2020. “Tree Diversity 
and Carbon Storage Cobenefits in Tropical Human-Dominated 
Landscapes.” Conservation Letters 13, no. 2: 1–9. https://​doi.​org/​10.​
1111/​conl.​12699​.

Pan, Y., R. A. Birdsey, J. Fang, et  al. 2011. “A Large and Persistent 
Carbon Sink in the World's Forests.” Science 333, no. 6045: 988–993. 
https://​doi.​org/​10.​1126/​scien​ce.​1201609.

Paoli, G. D., P. L. Wells, E. Meijaard, et  al. 2010. “Biodiversity 
Conservation in the REDD.” Carbon Balance and Management 5, no. 1: 
7. https://​doi.​org/​10.​1186/​1750-​0680-​5-​7.

Poniatowski, D., G. Stuhldreher, F. Löffler, and T. Fartmann. 2018. 
“Patch Occupancy of Grassland Specialists: Habitat Quality Matters 
More Than Habitat Connectivity.” Biological Conservation 225: 237–
244. https://​doi.​org/​10.​1016/j.​biocon.​2018.​07.​018.

Pörtner, H.-O., R. J. Scholes, J. Agard, et al. 2021. “Scientific Outcome of 
the IPBES-IPCC Co-Sponsored Workshop on Biodiversity and Climate 
Change; IPBES Secretariat, Bonn, Germany.” Zenodo: 12–34. https://​
doi.​org/​10.​5281/​zenodo.​4659158.

Potts, M. D., L. C. Kelley, and H. M. Doll. 2013. “Maximizing Biodiversity 
Co-Benefits Under REDD+: A Decoupled Approach.” Environmental 
Research Letters 8, no. 2: 024019. https://​doi.​org/​10.​1088/​1748-​9326/8/​
2/​024019.

Reside, A. E., J. VanDerWal, and C. Moran. 2017. “Trade-Offs in Carbon 
Storage and Biodiversity Conservation Under Climate Change Reveal 
Risk to Endemic Species.” Biological Conservation 207: 9–16. https://​doi.​
org/​10.​1016/j.​biocon.​2017.​01.​004.

Ricketts, T. H., K. B. Watson, I. Koh, et al. 2016. “Disaggregating the 
Evidence Linking Biodiversity and Ecosystem Services.” Nature 
Communications 7: 13106. https://​doi.​org/​10.​1038/​ncomm​s13106.

Roces-Diaz, J. V., J. Vayreda, M. Banque-Casanovas, et  al. 2018. “The 
Spatial Level of Analysis Affects the Patterns of Forest Ecosystem Services 
Supply and Their Relationships.” Science of the Total Environment 626: 
1270–1283. https://​doi.​org/​10.​1016/j.​scito​tenv.​2018.​01.​150.

Sabatini, F. M., R. B. de Andrade, Y. Paillet, et  al. 2019. “Trade-Offs 
Between Carbon Stocks and Biodiversity in European Temperate 
Forests.” Global Change Biology 25, no. 2: 536–548. https://​doi.​org/​10.​
1111/​gcb.​14503​.

Schober, P., C. Boer, and L. A. Schwarte. 2018. “Correlation Coefficients: 
Appropriate Use and Interpretation.” Anesthesia & Analgesia 126, no. 5: 
1763–1768.

Seddon, N., B. Turner, P. Berry, A. Chausson, and C. A. J. Girardin. 2019. 
“Grounding Nature-Based Climate Solutions in Sound Biodiversity 
Science.” Nature Climate Change 9, no. 2: 84–87. https://​doi.​org/​10.​
1038/​s4155​8-​019-​0405-​0.

Siddaway, A. P., A. M. Wood, and L. V. Hedges. 2019. “How to Do 
a Systematic Review: A Best Practice Guide for Conducting and 
Reporting Narrative Reviews, Meta-Analyses, and Meta-Syntheses.” 
Annual Review of Psychology 70: 747–770. https://​doi.​org/​10.​1146/​annur​
ev-​psych​-​01041​8-​102803.

Smith, P., A. Arneth, D. K. A. Barnes, et  al. 2022. “How Do We Best 
Synergize Climate Mitigation Actions to Co-Benefit Biodiversity?” 
Global Change Biology 28, no. 8: 2555–2577. https://​doi.​org/​10.​1111/​gcb.​
16056​.

Sollmann, R., A. Mohamed, J. Niedballa, et  al. 2017. “Quantifying 
Mammal Biodiversity Co-Benefits in Certified Tropical Forests.” 
Diversity and Distributions 23, no. 3: 317–328. https://​doi.​org/​10.​1111/​
ddi.​12530​.

Soto-Navarro, C., C. Ravilious, A. Arnell, et  al. 2020. “Mapping Co-
Benefits for Carbon Storage and Biodiversity to Inform Conservation 
Policy and Action.” Philosophical Transactions of the Royal Society, B: 
Biological Sciences 375, no. 1794: 20190128. https://​doi.​org/​10.​1098/​rstb.​
2019.​0128.

Steffen, W., I. Noble, J. Canadell, et al. 1998. “The Terrestrial Carbon 
Cycle: Implications for the Kyoto Protocol.” Science 280, no. 5368: 1393–
1394. https://​doi.​org/​10.​1126/​scien​ce.​280.​5368.​1393.

Strassburg, B. B. N., A. Kelly, A. Balmford, et  al. 2010. “Global 
Congruence of Carbon Storage and Biodiversity in Terrestrial 
Ecosystems.” Conservation Letters 3, no. 2: 98–105. https://​doi.​org/​10.​
1111/j.​1755-​263X.​2009.​00092.​x.

 1099145x, 2025, 8, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/ldr.5531, W

iley O
nline L

ibrary on [12/11/2025]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense

https://doi.org/10.1111/j.1755-263X.2011.00213.x
https://doi.org/10.1017/S0376892913000234
https://jtools.jacob-long.com
https://doi.org/10.1016/j.ecolind.2011.12.016
https://doi.org/10.1016/j.ecolind.2011.12.016
https://doi.org/10.1007/s10648-014-9287-x
https://doi.org/10.1007/s10648-014-9287-x
https://doi.org/10.1371/journal.pmed.1000097
https://doi.org/10.1371/journal.pmed.1000097
https://doi.org/10.1111/j.1365-2486.2005.001043.x
https://doi.org/10.1111/ele.13594
https://doi.org/10.1111/cobi.12500
https://doi.org/10.1098/rspb.2018.0792
https://doi.org/10.1126/science.aaf2201
https://doi.org/10.1126/science.aaf2201
https://doi.org/10.1038/nature14324
https://doi.org/10.1002/ecs2.2755
https://doi.org/10.1111/conl.12699
https://doi.org/10.1111/conl.12699
https://doi.org/10.1126/science.1201609
https://doi.org/10.1186/1750-0680-5-7
https://doi.org/10.1016/j.biocon.2018.07.018
https://doi.org/10.5281/zenodo.4659158
https://doi.org/10.5281/zenodo.4659158
https://doi.org/10.1088/1748-9326/8/2/024019
https://doi.org/10.1088/1748-9326/8/2/024019
https://doi.org/10.1016/j.biocon.2017.01.004
https://doi.org/10.1016/j.biocon.2017.01.004
https://doi.org/10.1038/ncomms13106
https://doi.org/10.1016/j.scitotenv.2018.01.150
https://doi.org/10.1111/gcb.14503
https://doi.org/10.1111/gcb.14503
https://doi.org/10.1038/s41558-019-0405-0
https://doi.org/10.1038/s41558-019-0405-0
https://doi.org/10.1146/annurev-psych-010418-102803
https://doi.org/10.1146/annurev-psych-010418-102803
https://doi.org/10.1111/gcb.16056
https://doi.org/10.1111/gcb.16056
https://doi.org/10.1111/ddi.12530
https://doi.org/10.1111/ddi.12530
https://doi.org/10.1098/rstb.2019.0128
https://doi.org/10.1098/rstb.2019.0128
https://doi.org/10.1126/science.280.5368.1393
https://doi.org/10.1111/j.1755-263X.2009.00092.x
https://doi.org/10.1111/j.1755-263X.2009.00092.x


2797

Strassburg, B. B. N., A. S. L. Rodrigues, M. Gusti, et al. 2012. “Impacts of 
Incentives to Reduce Emissions From Deforestation on Global Species 
Extinctions.” Nature Climate Change 2, no. 5: 350–355. https://​doi.​org/​
10.​1038/​nclim​ate1375.

Sullivan, M. J. P., J. Talbot, S. L. Lewis, et  al. 2017. “Diversity and 
Carbon Storage Across the Tropical Forest Biome.” Scientific Reports 7, 
no. January: 1–12. https://​doi.​org/​10.​1038/​srep3​9102.

Terrado, M., S. Sabater, B. Chaplin-Kramer, L. Mandle, G. Ziv, and V. 
Acuña. 2016. “Model Development for the Assessment of Terrestrial and 
Aquatic Habitat Quality in Conservation Planning.” Science of the Total 
Environment 540: 63–70. https://​doi.​org/​10.​1016/j.​scito​tenv.​2015.​03.​064.

Thomas, C. D., B. J. Anderson, A. Moilanen, et al. 2013. “Reconciling 
Biodiversity and Carbon Conservation.” Ecology Letters 16, no. s1: 39–
47. https://​doi.​org/​10.​1111/​ele.​12054​.

Thomas, J. A., D. J. Simcox, and T. Hovestadt. 2011. “Evidence Based 
Conservation of Butterflies.” Journal of Insect Conservation 15, no. 1: 
241–258. https://​doi.​org/​10.​1007/​s1084​1-​010-​9341-​z.

Thompson, P. L., F. Isbell, M. Loreau, M. I. O'Connor, and A. Gonzalez. 
2018. “The Strength of the Biodiversity–Ecosystem Function Relationship 
Depends on Spatial Scale.” Proceedings of the Royal Society B: Biological 
Sciences 285, no. 1880: 20180038. https://​doi.​org/​10.​1098/​rspb.​2018.​0038.

Vačkář, D., Z. V. Harmáčková, H. Kaňková, and K. Stupková. 2016. 
“Human Transformation of Ecosystems: Comparing Protected and 
Unprotected Areas With Natural Baselines.” Ecological Indicators 66: 
321–328. https://​doi.​org/​10.​1016/j.​ecoli​nd.​2016.​02.​001.

Vallet, A., B. Locatelli, H. Levrel, et al. 2018. “Relationships Between 
Ecosystem Services: Comparing Methods for Assessing Tradeoffs and 
Synergies.” Ecological Economics 150: 96–106. https://​doi.​org/​10.​1016/j.​
ecole​con.​2018.​04.​002.

van der Sande, M. T., L. Poorter, L. Kooistra, et al. 2017. “Biodiversity 
in Species, Traits, and Structure Determines Carbon Stocks and Uptake 
in Tropical Forests.” Biotropica 49, no. 5: 593–603. https://​doi.​org/​10.​
1111/​btp.​12453​.

Venter, O., E. W. Sanderson, A. Magrach, et al. 2016. “Sixteen Years of 
Change in the Global Terrestrial Human Footprint and Implications for 
Biodiversity Conservation.” Nature Communications 7: 12558.

Venter, O., E. W. Sanderson, A. Magrach, et al. 2018. Last of the Wild 
Project, Version 3 (LWP-3): 2009 Human Footprint, 2018 Release. NASA 
Socioeconomic Data and Applications Center (SEDAC).

Vijay, V., J. R. B. Fisher, and P. R. Armsworth. 2022. “Co-Benefits 
for Terrestrial Biodiversity and Ecosystem Services Available From 
Contrasting Land Protection Policies in the Contiguous United States.” 
Conservation Letters 15, no. 5: e12907. https://​doi.​org/​10.​1111/​conl.​12907​.

Visseren-Hamakers, I. J., C. McDermott, M. J. Vijge, and B. Cashore. 
2012. “Trade-Offs, Co-Benefits and Safeguards: Current Debates on the 
Breadth of REDD+.” Current Opinion in Environmental Sustainability 
4, no. 6: 646–653. https://​doi.​org/​10.​1016/j.​cosust.​2012.​10.​005.

Zuur, A. F., E. N. Leno, N. Walker, A. A. Saveliev, and G. M. Smith. 2009. 
Mixed Effects Models and Extensions in Ecology With R. Springer.

Supporting Information

Additional supporting information can be found online in the 
Supporting Information section.

 1099145x, 2025, 8, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/ldr.5531, W

iley O
nline L

ibrary on [12/11/2025]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense

https://doi.org/10.1038/nclimate1375
https://doi.org/10.1038/nclimate1375
https://doi.org/10.1038/srep39102
https://doi.org/10.1016/j.scitotenv.2015.03.064
https://doi.org/10.1111/ele.12054
https://doi.org/10.1007/s10841-010-9341-z
https://doi.org/10.1098/rspb.2018.0038
https://doi.org/10.1016/j.ecolind.2016.02.001
https://doi.org/10.1016/j.ecolecon.2018.04.002
https://doi.org/10.1016/j.ecolecon.2018.04.002
https://doi.org/10.1111/btp.12453
https://doi.org/10.1111/btp.12453
https://doi.org/10.1111/conl.12907
https://doi.org/10.1016/j.cosust.2012.10.005

	Exploring the Spatial Relationship Between Carbon Storage and Biodiversity: A Systematic Review and Meta-Analysis
	ABSTRACT
	1   |   Introduction
	2   |   Methods
	2.1   |   Literature Search
	2.2   |   Data Processing
	2.3   |   Linear Mixed-Effect Modeling

	3   |   Results
	3.1   |   Global and Local Difference
	3.2   |   Biome Differences
	3.3   |   Impact of the Metric Used
	3.4   |   Local System and Human Impact

	4   |   Discussion
	4.1   |   Spatial Scale as a Significant Factor
	4.2   |   Difference Between Global and Local Correlations
	4.3   |   Importance of Considering the Biodiversity Metric
	4.4   |   Different Biodiversity Impacts for Different Carbon Pools
	4.5   |   Local Relationships and Human Impacts
	4.6   |   Limitations

	5   |   Conclusions
	Acknowledgments
	Conflicts of Interest
	Data Availability Statement
	References


