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Abstract

While widespread imitation of the productivity of the land biosphere by nutrients, like nitrogen and phosphorus, was demonstrated 
many decades ago, representation of nutrient cycles in global land models has been relatively recent. Over the last three years, 
significant progress has been made in understanding some of the key processes and their representation in global land models. 
They include the significance of plant–microbial interaction in affecting nutrient cycles, inorganic soil phosphorus transformation, 
and nitrogen release from rocks. As a result, our understanding of the linkages among geology, biology, and climate controlling 
nutrient cycles is improving. However, progress in modelling nutrient cycles at a global scale is still confronted with large 
uncertainties in representing key processes owing to lack of data at the relevant scales for evaluating coupled carbon and nutrient 
cycles. Here we recommend two approaches to advance modelling of land nutrient cycles: the application of machine learning 
techniques to bridge the gap between global modelling and scattered site-level information and the use of optimality principles to 
identify key mechanisms driving spatial and temporal patterns of nutrients.
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Introduction
The land biosphere has taken up about one-quarter of the cumu-
lative anthropogenic CO

2
 emissions since the start of the 

industrial revolution, thereby reducing the amount of anthro-
pogenic CO

2
 emissions that would otherwise remain in the  

atmosphere. Together with the ocean carbon sink, this car-
bon sink over land is currently slowing down anthropogenic  
global warming. To what degree this land carbon sink will 
continue into the future remains highly uncertain. A major 
source of uncertainty is to what extent the strength of the land  
carbon sink is controlled by soil nutrients1.

Since the 1990s, climate models used to predict future climate 
change have been extended to include biogeochemical proc-
esses, such as carbon cycling. Different from climate models,  
these earth system models project future climate change by 
accounting for the feedbacks between the changes in physi-
cal climate and the carbon cycle2. While none of the earth sys-
tem models used for future climate projections in the fourth 
assessment report of the International Panel on Climate Change  
(IPCC) included nutrient cycles, five of the 11 earth sys-
tem models in the forthcoming sixth IPCC assessment report 
have an explicit representation of nitrogen cycles and another  
model includes both nitrogen and phosphorus cycles3. In addi-
tion to earth system models, nutrient cycles have been included 
in more than 10 land biogeochemistry models4. However, 
while most models agree on a limiting effect of nutrients on the 
response of carbon uptake to increasing CO

2
 and climate change, 

the onset, strength, and evolution of nutrient limitation vary  
significantly among models2,4.

The development of land biogeochemical models is often con-
fronted with a lack of (even basic) information needed to 
parameterize critical processes, hampering our quantitative  
understanding of many key processes and their interactions. 

While these models are based on a set of working hypotheses, 
evaluation, improvement, and further development of these 
models are needed to ensure that they keep pace with the  
ever-evolving knowledge in theory and increasing availability of  
observation-based data.

In this review, we summarize recent (over the last three years) 
advances in understanding of some of the key processes gov-
erning land nutrient cycles on scales relevant for the earth  
system. We focus on those advances that can inform future 
model developments to improve our capabilities to project 
future land carbon balance and in turn its effect on climate 
change. Finally, we identify some of the key gaps and present an  
outlook for the future development within the next five years.

The cycles of nitrogen and phosphorus
At present, the only nutrient cycles that have been included 
in global land biogeochemical models are those for nitrogen 
and phosphorus, and their representations vary widely among  
models. Earlier approaches to include nutrient cycles relied 
on the use of prescribed carbon to nutrient ratios of organic  
matter pools, i.e. through fixed stoichiometric ratios, to cou-
ple nutrient cycles to the carbon cycles. Flexible stoichiometry 
is now used in most land models to accommodate the widely 
observed variations in carbon to nutrient ratios. Most but not 
all of the known major processes are included in current land  
nutrient models.

There are key differences between nitrogen and phosphorus 
cycles that theoretically lead to their distinct effects on response 
of the land biosphere to warming, increasing atmospheric  
CO

2
, and land use change.

The terrestrial nitrogen cycle as shown in Figure 1 has two 
major inputs: biological nitrogen fixation and atmospheric  

Figure 1. Cycles of carbon (C), nitrogen (N), or phosphorus (P) in vegetation biomass (Veg) and soil organic matter (SOM) or inorganic 
soil N or labile soil P on land as estimated by a model-data fusion framework5. The considered fluxes (in italic) and stocks (in bold) 
correspond to the ones commonly represented in most land biogeochemical models.
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deposition. A recent study6 quantified another potentially 
significant nitrogen input of 0.02 to 0.03 PgN/year from  
rock-weathering. These inputs together provide about  
0.28 PgN/year to the land biosphere at present, or about 40% 
of the plant nitrogen uptake globally (Figure 1). These large 
inputs are balanced by comparable losses from soil and veg-
etation through gaseous emissions, leaching of dissolved nitro-
gen, and losses of particulate matter by water and wind erosion 
as well as by fires (Figure 1). Within ecosystems, nitrogen is  
recycled: plants take up inorganic nitrogen (nitrate or ammo-
nium) and amino acids from soils and return nitrogen in 
organic form to the soil through litter fall and root exudates 
at a rate about 0.6 PgN/year. The organic nitrogen in soil or  
litter is mineralized by soil microbes, making it available again 
for plant uptake. In most terrestrial ecosystems, more than  
95% of total soil nitrogen is in organic form.

Different from the nitrogen cycle, inputs and losses of phos-
phorus are small compared to the phosphorus pool sizes of  
ecosystems (Figure 1). Natural inputs include rock weather-
ing and atmospheric deposition. Outputs are dominated by 
particulate losses from soil erosion, which are currently not 
represented in global land models but are estimated to be 
up to one order of magnitude larger than loss by leaching of  
dissolved phosphorus at a global scale7. Most of the annual 
inorganic phosphorus requirement of plants and soil biota is 
met through recycling from organic matter and desorption of 
organic and inorganic phosphorus in soil. Soil organic phos-
phorus is mineralized by soil microbes (biological miner-
alization) or through phosphatase enzymes or organic acids 
released to the soil by plants and microbes (biochemical miner-
alization). About 20 to 65% of soil phosphorus is inorganic, of  
which only a small fraction (<5%) is labile and biologically 
available. It has to be noted that some fraction of stabilized  
inorganic soil phosphorus is not represented in global land  
models, as that fraction is considered to be unavailable for  
biological uptake on the timescales of interest (less than a few  
centuries).

The relative concentration of carbon and nutrients (stoichiom-
etry) in biomass can be quite variable depending on plant tissue 
type, plant species, leaf age, local climate, and soil conditions.  
Typically, leaf carbon to nitrogen is about 25 to 40 gC/gN  
for broadleaves and 40 to 80 gC/gN for needle leaves. Carbon 
to nitrogen ratio in woody tissue or coarse roots is much higher 
than leaf  or  fine  root, varying from 150  to  >1,000  gC/gN5.  
Leaf nitrogen to phosphorus ratio was observed to decrease 
with an increase in latitude, varying from >40 gN/gP  
in evergreen tropical forest to <20 gN/gP in the northern  
tundra, suggesting a decrease in phosphorus and an increase in  
nitrogen limitation from low to high latitudes.

Recent advances in modelling nitrogen and 
phosphorus cycles
One of the greatest challenges in developing global land  
nutrient models is the lack of a (quantitative) understanding 
of some key processes that govern gains, losses, and recycling 

of nutrients at the ecosystem scale. While gains and losses  
of nutrients control the amount of nutrients, the internal recy-
cling of nutrients within land ecosystems is a major control on 
nutrient availability. These three aspects have been shown to 
be critical for nutrient controls on land carbon uptake in theo-
retical studies8, and the representation of underlying proc-
esses remains rudimentary in most global land models. Despite 
these challenges, significant progress has been made in  
several key areas and is described in the following sections.

Nutrient inputs
Biological nitrogen fixation (BNF) is presumably the larg-
est natural nitrogen input to the land biosphere (about 60 to  
110 TgN/year), and its response to increasing atmospheric CO

2
 

and climate change will likely have a significant impact on the  
carbon balance of natural ecosystems9. However, BNF is only 
rudimentarily represented in land nutrient models. BNF is  
usually prescribed as a time-invariant model input or mod-
elled using empirical relationships with ecosystem productivity  
or drivers thereof in global land models. This approach 
may underestimate biological nitrogen fixation rate in the 
future. As shown by Peng et al.9, the commonly used empiri-
cal approaches underestimate the increase in BNF, and thus 
underestimate future carbon uptake, particularly for ever-
green needleleaf forests under future climate conditions and  
higher CO

2
 concentration. Given the importance of BNF on glo-

bal land carbon uptake, significant research and progress are 
anticipated in BNF on land within the next few years through  
data synthesis and theoretical modelling10.

Nitrogen input from rock-weathering might have been over-
looked as a major source for nitrogen. The pioneering work 
by Houlton, Morford, and Dahlgren6 estimated a substan-
tial global source from rock-weathering of 19 to 31 TgN/year, 
which is about 10% of the total nitrogen inputs estimated by  
model-data fusion (Figure 1). If proven true, this would  
somewhat alter the spatial pattern of nitrogen scarcity and 
the evolution of the nitrogen cycle in global models due to  
environmental drivers, which differ from the ones of BNF.

Nutrient recycling
Nitrogen. As plants largely take up nutrients from the soil pri-
marily in inorganic forms, recycling of nutrients from dead 
organic matter by microbe-mediated mineralization is critical for  
plant growth and nutrient cycling. Nutrient mineralization 
rate is usually modelled to vary with the amount and quality  
of substrate and environmental conditions, whereas the role 
of soil microbes has been largely ignored, primarily because 
of their minor biomass (a few percent of total soil organic car-
bon) and short turnover time (days). However, recent studies  
suggest that microbial dynamics control spatial variation and 
residence time of soil carbon11,12. So far, only a few models 
have included soil microbial processes explicitly13,14, one of 
which resolves dynamics of different soil enzymes and func-
tioning of different classes of decomposers (bacteria, fungi, 
and macrofauna)15. By explicitly representing different classes  
of soil heterotrophic organisms, these models can simulate 
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shifts in decomposer community composition and in the effi-
ciency at which microbes convert substrate into microbial  
biomass, which are shown to affect nutrient recycling and land 
carbon balance under global changes in response to nitrogen  
addition, warming, and elevated CO

2
15,16.

Nutrients are taken up by plants through direct root uptake 
or by symbioses with root-associated fungi (mycorrhizae), 
which enhance nutrient uptake from soils with low available  
nutrients. Mycorrhizae mine nutrients that are not accessible 
to plant roots in return for photosynthetic carbon from plants. 
The carbon cost of nutrient acquisition through mycorrhizae 
is significantly higher than direct root uptake when soil nutri-
ent concentration is high but becomes highly cost effective  
when soil nutrient supply is scarce. Raven and colleagues  
proposed a theoretical framework17 for quantifying the carbon 
cost of different phosphorus acquisition strategies. Each cost 
has two components: one being independent of soil inorganic  
phosphorus concentration and the other decreasing with an 
increase in soil inorganic phosphorus concentration. They  
speculated that a mixture of different strategies may be the  
optimal strategy of phosphorus acquisition in the field because 
of the large variation of inorganic phosphorus concentration  
and highly heterogeneous soil environment in soils. Their 
framework offers a way forward to assess the relative advan-
tage or disadvantage of different nutrient acquisition strate-
gies in a given environment and can potentially be implemented  
into global land models.

Phosphorus. Phosphorus can limit plant growth, even though 
the annual requirement by plants is very small compared to the 
amount of soil phosphorus (Figure 1). This limitation origi-
nates partly from the uneven distribution of soil phosphorus  
in space and, more importantly, from most soil inorganic  
phosphorus being chemically or physically stabilized and  
unavailable for direct biological uptake. The representation of 
different soil phosphorus forms in land biogeochemical mod-
els is often incomplete5 and is usually based on limited field 
observations with the values of some model parameters being 
chosen arbitrarily. As a result, values of the same parameters  
can vary from model to model18.

Realistic representation of different soil phosphorus frac-
tions and their dynamics is critically important for modelling 
phosphorus cycle on land. However, their representation in  
global land models remains crude7. Recent advances in data 
compilations, i.e. of soil phosphorus fractionation data19  
and isotopic labelling experiments20, provide the opportunity 
to build data-driven models of soil phosphorus transforma-
tion. Analysis by Helfenstein et al.18 found that turnover rate 
of the same inorganic phosphorus pools as quantified using  
the Hedley fractionation varied by several orders of magnitude, 
which contradicted the constant rates assumed for inorganic 
phosphorus pools in all global land models13–15. The expected 
impact of data-constrained model parameters is a more robust 
quantification of the bio-availability of soil phosphorus for plant  

productivity and ecosystem carbon storage of natural  
ecosystems. This is a major source of uncertainty regarding  
phosphorus constraints on future land carbon uptake4.

Biochemical mineralization is an important process for  
recycling of organic soil phosphorus and is often modelled 
as a function of maximum biochemical mineralization rate 
that is assigned a constant value for a given soil type or plant  
functional type in global land models. While limited data are 
available on the activity of the soil enzymes mediating this  
reaction (phosphatase)21 and large-scale environmental drivers  
have been identified21,22, the relationship between maxi-
mum biochemical mineralization rate and enzyme activity 
has not yet been quantified for most soils or ecosystem types. 
Uses of calibrated values for maximum biochemical miner-
alization rate will probably remain a viable option for global  
modelling until more data or data synthesis becomes available.

Major gaps
Biogeochemical models including nutrient cycles started 
to become part of earth system models used for climate  
projections about a decade ago. While significant progress has 
been made in model development, some major processes and  
fluxes remain unrepresented in current models. Here we have 
selected four processes as examples that likely affect nutri-
ent cycling significantly but are currently not adequately  
represented in most global land models.

Fires
Fires can affect ecosystem nutrient cycling directly through  
altering the physical and chemical properties of soils and by 
emission of nutrients from the combusted biomass and indi-
rectly through their impact on ecosystem structure and com-
position. The effects of fires on nutrient cycling are well 
documented for many ecosystems23,24. However, we lack quanti-
tative understanding of how some key processes, such as nutrient  
mineralization and soil microbial community biomass and  
composition, are affected by the intensity and frequency of fires  
and how those impacts vary among different ecosystems. As 
a result, impacts of fires on nutrient cycling are not included  
in most land nutrient models.

Particulate nutrient losses by erosion
The loss of particulate matter due to soil erosion is currently 
omitted in land surface models, despite being the major loss 
pathway of phosphorus for a wide range of land ecosystems  
with a strong acceleration due to human land use. Esti-
mates for natural ecosystems are scarce and highly uncertain.  
For global cropland area, estimates range from 1 to 26 Tg/year7. 
Representations of the transport and deposition of particulate 
organic matter by water for use in land surface models are being 
developed but have not been adapted for nutrient cycles nor 
included in earth system models25. The inclusion of these proc-
esses in nutrient models will likely affect the simulated evo-
lution of phosphorus fluxes in the recent past and for future  
scenarios due to land uses and management.
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Unresolved land surface heterogeneity
For modelling terrestrial nutrient cycles at a global scale, the 
use of relatively coarse spatial resolution is necessary because 
of limited computing resources and lack of input data to the 
land biogeochemical models. One consequence is that the  
unresolved fine-scale variations of some key processes can 
have significant influence on the modelled processes at coarse 
scales. For example, vertical or micro-scale heterogene-
ity can have significant impact on the simulated soil carbon  
profile26,27 and respiration28. Strategies for resolving land surface 
heterogeneity in global models are emerging29. One of the strat-
egies is to develop broad-scale relationships using fine-scale 
process-based modelling. For example, a generic model of soil 
aeration developed by Yan and colleagues30 based on sound 
theoretical understanding of soil micro-scale processes pro-
vides a parameterization compatible for use in earth system  
models.

Unresolved legacy effects of past disturbances
A common assumption in climate change studies is that the 
biogeochemical cycles are in a steady state with preindustrial 
boundary conditions, i.e. a state in which the stocks of matter 
do not change over time. However, natural and anthropo-
genic disturbances can push ecosystems temporarily out of  
equilibrium. Therefore, a steady state assumption for initial 
pool size can significantly affect model simulations, but such 
effects are rarely assessed. In the case of phosphorus where soil 
phosphorus is controlled by processes operating on geological 
time scales, use of the steady state assumption is worrisome 
in particular. Some model approaches use reconstructions  
of the observed (i.e. transient) soil phosphorus stocks to initial-
ize soil phosphorus pools; the accuracy of these approaches 
depends on the representativeness of the reconstructed phos-
phorus pools31. Errors are likely to be very large for many 
regions where few data were used in the reconstruction. The 
impact of these uncertainties on simulated phosphorus cycling  
has not been assessed systematically.

Outlook
Progress in modelling nutrient cycling and interlinkages with 
the carbon cycle in the past has been rather slow, and poten-
tially important nutrients (like potassium) as well as key proc-
esses of the included nutrient cycles remain unresolved in 
models. While future efforts are required to include key miss-
ing processes and explore additional nutrients, one major diffi-
culty in modelling nutrient cycles at a global scale is the lack of  
ready-to-use data for model development and evaluation. On 
the other hand, a large number of scattered small-scale field  
observations has not been used for developing or evaluat-
ing land biogeochemical models. In the following, we outline  
two complementary approaches aiming at bridging the gap  
between models and data.

Data mining using machine-learning
Lack of reliable global data has been a major obstacle in devel-
oping land nutrient models, e.g. for phosphorus. Furthermore, 
the definitions of different functional pools of soil phosphorus  

vary significantly among different models. As a result,  
the predicted stock of labile soil phosphorus for a tropi-
cal forest in the Amazon varied by a factor of 10 among the 
models that were driven by the same boundary conditions4. 
Recently, the number of measurements of soil phosphorus has  
significantly increased19: for example, vertical profiles of soil 
phosphorus are available from over 2,000 sites in Australia and 
China alone, but they have only limited use for global model-
ling because the area as represented by those field measure-
ments is much smaller than the spatial resolution of a typical  
global model (from 50 by 50 km2 to 200 by 200 km2).

Machine learning may offer a solution32 to bridge the gap 
between scales. Machine learning can be used to develop rela-
tionships between climate, soil, and vegetation and the target 
variables, such as total soil phosphorus and its fractions, using  
site-scale observations in different regions or globally. Those 
relationships can then be used to upscale the scattered site-level  
observations to a global scale. The resulting large-scale data-
set can be used to benchmark soil phosphorus models and to 
identify environmental drivers. Recently, Sun et al.22 applied 
this approach to a compilation of measurements of phosphatase 
activity, which governs the recycling of soil phosphorus. Their  
approach was limited to Europe because of the lack of data 
available elsewhere, which indicates that data availability 
remains a major bottleneck. With increasing field observations33  
and applications of advanced machine learning, we will develop 
a better understanding of plant–microbe interaction and  
nutrient cycles at a regional to global scale.

Optimality principles
Basic ecological principles based on optimization, such as the 
evolutionary stable strategies, maximizing fitness, or mini-
mizing the cost of risks, offer an independent constraint on  
the predictions made by biogeochemical models34. This is  
particularly useful for the global land models of nutrient cycles  
with many poorly understood processes.

An example is the representation of nutrient acquisition by 
plants. Current approaches to model nutrient uptake vary from 
taking the minimum of nutrient demand and soil supply to  
representing the competition among multiple soil organisms 
and plant roots for available nutrients14. By applying optimal-
ity principles, Lu and Hedin35 successfully predicted a global 
pattern of plant symbiotic relationships with soil microbes as  
the observed36 with a much lower number of parameters than 
most conventional biochemical models. While it may not be 
possible to apply optimality principles to global land models  
directly, it is possible to apply them first in simplified land 
models as a transitional step. Results from these studies may  
help improve the representation of nutrient acquisition in  
modelling nutrient cycles in the future.

However, there are some important caveats of optimality prin-
ciples. One is the definition of the optimum. For example, 
an optimal nutrient acquisition that maximizes the marginal 
return per carbon investment depends on cost and benefit, and  
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that optimal strategy can be very different from the one based 
on an evolutionary stable strategy that accounts for compe-
tition and life history. What implications those two differ-
ent optima have on the modelled nutrient cycle is yet to be 
explored. Answers to this question may guide the development 
of models of nutrient acquisition strategy for different plant  
functional types in the future.

The combined approach
The above two approaches are complementary. Data mining 
can be used to identify key patterns within a large number of 
observations but does not provide insights into specific proc-
esses as represented in the global models, while the optimality 
approach can be used to quantify those key processes in winning  

the competition. That winning strategy is critically depend-
ent on how cost and benefit are constructed, which would be 
guided by the patterns as identified from data mining. Together, 
these two approaches can be powerful in studying some partially  
understood systems, such as global nutrient cycles on land.

Acknowledgments
We are grateful for the constructive comments from  
Drs Vivek Arora (University of Victoria, Canada) and Athanasios  
Paschalis (Imperial College London, UK). We also acknowl-
edge support from a National Science Foundation Research  
Coordination Grant (INCyTE; DEB-1754126) to investigate  
nutrient cycling in terrestrial ecosystems.

References Faculty Opinions Recommended

1.   Wang S, Zhang Y, Ju W, et al.: Recent global decline of CO 2 fertilization 
effects on vegetation photosynthesis. Science. 2020; 370(6522): 1295–300.  
PubMed Abstract | Publisher Full Text | Faculty Opinions Recommendation 

2.  Davies-Barnard T, Meyerholt J, Zaehle S, et al.: Nitrogen cycling in CMIP6 land 
surface models: progress and limitations. Biogeosciences Discussions. 2020; 
17(20): 5129–5148.  
Publisher Full Text 

3.   Arora VK, Katavouta A, Williams RG, et al.: Carbon-concentration and 
carbon-climate feedbacks in CMIP6 models and their comparison to CMIP5 
models. Biogeosciences. 2020; 17(16): 4173–222.  
Publisher Full Text | Faculty Opinions Recommendation 

4.   Fleischer K, Rammig A, de Kauwe MG, et al.: Amazon forest response to 
CO2 fertilization dependent on plant phosphorus acquisition. Nat Geosci. 2019; 
12: 736–41.  
Publisher Full Text | Faculty Opinions Recommendation 

5.  Wang Y, Ciais P, Goll D, et al.: GOLUM-CNP v1.0: A data-driven modeling of 
carbon, nitrogen and phosphorus cycles in major terrestrial biomes. Geosci 
Model Dev. 2018; 11(9): 3903–28.  
Publisher Full Text 

6.   Houlton BZ, Morford SL, Dahlgren RA: Convergent evidence for widespread 
rock nitrogen sources in Earth’s surface environment. Science. 2018; 
360(6384): 58–62.  
PubMed Abstract | Publisher Full Text | Faculty Opinions Recommendation 

7.   Alewell C, Ringeval B, Ballabio C, et al.: Global phosphorus shortage will be 
aggravated by soil erosion. Nat Commun. 2020; 11(1): 4546.  
PubMed Abstract | Publisher Full Text | Free Full Text | 
Faculty Opinions Recommendation 

8.  Sun Y, Peng S, Goll DS, et al.: Diagnosing phosphorus limitations in natural 
terrestrial ecosystems in carbon cycle models. Earths Future. 2017; 5(7): 
730–49.  
PubMed Abstract | Publisher Full Text | Free Full Text 

9.  Peng J, Wang YP, Houlton BZ, et al.: Global Carbon Sequestration Is Highly 
Sensitive to Model‐Based Formulations of Nitrogen Fixation. Global 
Biogeochem Cycles. 2020; 34(1): e2019GB006296.  
Publisher Full Text 

10.   Davies‐Barnard T, Friedlingstein P: The Global Distribution of Biological 
Nitrogen Fixation in Terrestrial Natural Ecosystems. Global Biogeochem Cycles. 
2020; 34(3): e2019GB006387.  
Publisher Full Text | Faculty Opinions Recommendation 

11.  Liang C, Schimel JP, Jastrow JD: The importance of anabolism in microbial 
control over soil carbon storage. Nat Microbiol. 2017; 2: 17105.  
PubMed Abstract | Publisher Full Text 

12.  Zhang H, Goll DS, Wang YP, et al.: Microbial dynamics and soil 
physicochemical properties explain large-scale variations in soil organic 
carbon. Glob Chang Biol. 2020.  
PubMed Abstract | Publisher Full Text 

13.  Yu L, Ahrens B, Wutzler T, et al.: Jena Soil Model (JSM v1.0; revision 1934): A 
microbial soil organic carbon model integrated with nitrogen and phosphorus 

processes. Geosci Model Dev. 2020; 13: 783–803.  
Publisher Full Text 

14.  Zhu Q, Riley WJ, Tang J, et al.: Representing Nitrogen, Phosphorus, and 
Carbon Interactions in the E3SM Land Model: Development and Global 
Benchmarking. J Adv Model Earth Syst. 2019; 11(7): 2238–58.  
Publisher Full Text 

15.   Fatichi S, Manzoni S, Or D, et al.: A Mechanistic Model of Microbially 
Mediated Soil Biogeochemical Processes: A Reality Check. Global Biogeochem 
Cycles. 2019; 33(6): 620–48.  
Publisher Full Text | Faculty Opinions Recommendation 

16.   Sulman BN, Shevliakova E, Brzostek ER, et al.: Diverse Mycorrhizal 
Associations Enhance Terrestrial C Storage in a Global Model. Global 
Biogeochem Cycles. 2019; 33(4): 501–23.  
Publisher Full Text | Faculty Opinions Recommendation 

17.   Raven JA, Lambers H, Smith SE, et al.: Costs of acquiring phosphorus by 
vascular land plants: Patterns and implications for plant coexistence. New 
Phytol. 2018; 217(4): 1420–7.  
PubMed Abstract | Publisher Full Text | Faculty Opinions Recommendation 

18.  Helfenstein J, Pistocchi C, Oberson A, et al.: Estimates of mean residence times 
of phosphorus in commonly considered inorganic soil phosphorus pools. 
Biogeosciences. 2020; 17(2): 441–54.  
Publisher Full Text 

19.   Hou E, Tan X, Heenan M, et al.: A global dataset of plant available and 
unavailable phosphorus in natural soils derived by Hedley method. Sci Data. 
2018; 5: 180166.  
PubMed Abstract | Publisher Full Text | Free Full Text | 
Faculty Opinions Recommendation 

20.   Helfenstein J, Tamburini F, von Sperber C, et al.: Combining spectroscopic 
and isotopic techniques gives a dynamic view of phosphorus cycling in soil. 
Nat Commun. 2018; 9(1): 3226.  
PubMed Abstract | Publisher Full Text | Free Full Text | 
Faculty Opinions Recommendation 

21.  Margalef O, Sardans J, Fernández-Martínez M, et al.: Global patterns of 
phosphatase activity in natural soils. Sci Rep. 2017; 7(1): 1337.  
PubMed Abstract | Publisher Full Text | Free Full Text 

22.  Sun Y, Goll DS, Ciais P, et al.: Spatial Pattern and Environmental Drivers of 
Acid Phosphatase Activity in Europe. Front Big Data. 2020; 2: 51.  
PubMed Abstract | Publisher Full Text | Free Full Text 

23.   Bauters M, Drake TW, Verbeeck H, et al.: High fire-derived nitrogen 
deposition on central African forests. Proc Natl Acad Sci U S A. 2018; 115(3): 
549–54.  
PubMed Abstract | Publisher Full Text | Free Full Text | 
Faculty Opinions Recommendation 

24.   McLauchlan KK, Higuera PE, Miesel J, et al.: Fire as a fundamental 
ecological process: Research advances and frontiers. J Ecol. 2020; 108(5): 
2047–69.  
Publisher Full Text | Faculty Opinions Recommendation 

25.   Naipal V, Lauerwald R, Ciais P, et al.: CE-DYNAM (v1): A spatially explicit 

https://facultyopinions.com/739185227
http://www.ncbi.nlm.nih.gov/pubmed/33303610
http://dx.doi.org/10.1126/science.abb7772
https://facultyopinions.com/739185227
http://dx.doi.org/10.5194/bg-17-5129-2020
https://facultyopinions.com/738535540
http://dx.doi.org/10.5194/bg-17-4173-2020
https://facultyopinions.com/738535540
https://facultyopinions.com/736385630
http://dx.doi.org/10.1038/s41561-019-0404-9
https://facultyopinions.com/736385630
http://dx.doi.org/10.5194/gmd-11-3903-2018
https://facultyopinions.com/738656559
https://facultyopinions.com/prime/732992982
http://www.ncbi.nlm.nih.gov/pubmed/29622648
http://dx.doi.org/10.1126/science.aan4399
https://facultyopinions.com/prime/732992982
https://facultyopinions.com/prime/738656559
http://www.ncbi.nlm.nih.gov/pubmed/32917863
http://dx.doi.org/10.1038/s41467-020-18326-7
http://www.ncbi.nlm.nih.gov/pmc/articles/7486398
https://facultyopinions.com/prime/738656559
http://www.ncbi.nlm.nih.gov/pubmed/28989942
http://dx.doi.org/10.1002/2016EF000472
http://www.ncbi.nlm.nih.gov/pmc/articles/5606506
http://dx.doi.org/10.1029/2019GB006296
https://facultyopinions.com/737378436
http://dx.doi.org/10.1029/2019GB006387
https://facultyopinions.com/737378436
http://www.ncbi.nlm.nih.gov/pubmed/28741607
http://dx.doi.org/10.1038/nmicrobiol.2017.105
http://www.ncbi.nlm.nih.gov/pubmed/31926046
http://dx.doi.org/10.1111/gcb.14994
http://dx.doi.org/10.5194/gmd-13-783-2020
http://dx.doi.org/10.1029/2018MS001571
https://facultyopinions.com/737866157
http://dx.doi.org/10.1029/2018GB006077
https://facultyopinions.com/737866157
https://facultyopinions.com/740082777
http://dx.doi.org/10.1029/2018GB005973
https://facultyopinions.com/740082777
https://facultyopinions.com/732392568
http://www.ncbi.nlm.nih.gov/pubmed/29292829
http://dx.doi.org/10.1111/nph.14967
https://facultyopinions.com/732392568
http://dx.doi.org/10.5194/bg-17-441-2020
https://facultyopinions.com/733847299
http://www.ncbi.nlm.nih.gov/pubmed/30129932
http://dx.doi.org/10.1038/sdata.2018.166
http://www.ncbi.nlm.nih.gov/pmc/articles/6103263
https://facultyopinions.com/733847299
https://facultyopinions.com/733814424
http://www.ncbi.nlm.nih.gov/pubmed/30104647
http://dx.doi.org/10.1038/s41467-018-05731-2
http://www.ncbi.nlm.nih.gov/pmc/articles/6089999
https://facultyopinions.com/733814424
http://www.ncbi.nlm.nih.gov/pubmed/28465504
http://dx.doi.org/10.1038/s41598-017-01418-8
http://www.ncbi.nlm.nih.gov/pmc/articles/5431046
http://www.ncbi.nlm.nih.gov/pubmed/33693374
http://dx.doi.org/10.3389/fdata.2019.00051
http://www.ncbi.nlm.nih.gov/pmc/articles/7931918
https://facultyopinions.com/732395250
http://www.ncbi.nlm.nih.gov/pubmed/29295919
http://dx.doi.org/10.1073/pnas.1714597115
http://www.ncbi.nlm.nih.gov/pmc/articles/5776982
https://facultyopinions.com/732395250
https://facultyopinions.com/737857673
http://dx.doi.org/10.1111/1365-2745.13403
https://facultyopinions.com/737857673
https://facultyopinions.com/740082814


Faculty Reviews 2021 10:(53)Faculty Opinions

process-based carbon erosion scheme for use in Earth system models. Geosci 
Model Dev. 2020; 13: 1201–22.  
Publisher Full Text | Faculty Opinions Recommendation 

26.  Huang Y, Zhu D, Ciais P, et al.: Matrix-Based Sensitivity Assessment of Soil 
Organic Carbon Storage: A Case Study from the ORCHIDEE-MICT Model.  
J Adv Model Earth Syst. 2018; 10(8): 1790–808.  
PubMed Abstract | Publisher Full Text | Free Full Text 

27.  Wang YP, Zhang H, Ciais P, et al.: Microbial Activity and Root Carbon Inputs 
Are More Important than Soil Carbon Diffusion in Simulating Soil Carbon 
Profiles. J Geophys Res. 2021; 126(4): e2020JG006205.  
Publisher Full Text 

28.   Chakrawal A, Herrmann AM, Koestel J, et al.: Dynamic upscaling of 
decomposition kinetics for carbon cycling models. Geosci Model Dev. 2020; 
13(3): 1399–429.  
Publisher Full Text | Faculty Opinions Recommendation 

29.   Fisher RA, Koven CD: Perspectives on the Future of Land Surface Models 
and the Challenges of Representing Complex Terrestrial Systems. J Adv Model 
Earth Syst. 2020; 12(4): e2018MS001453.  
Publisher Full Text | Faculty Opinions Recommendation 

30.   Yan Z, Bond-Lamberty B, Todd-Brown KE, et al.: A moisture function of 
soil heterotrophic respiration that incorporates microscale processes. Nat 
Commun. 2018; 9(1): 2562.  
PubMed Abstract | Publisher Full Text | Free Full Text | 
Faculty Opinions Recommendation 

31.   Yang X, Ricciuto DM, Thornton PE, et al.: The Effects of Phosphorus Cycle 
Dynamics on Carbon Sources and Sinks in the Amazon Region: A Modeling 
Study Using ELM v1. J Geophys Res. 2019; 124(12): 3686–98.  
Publisher Full Text | Faculty Opinions Recommendation 

32.   Reichstein M, Camps-Valls G, Stevens B, et al.: Deep learning and process 
understanding for data-driven Earth system science. Nature. 2019; 566(7743): 
195–204.  
PubMed Abstract | Publisher Full Text | Faculty Opinions Recommendation 

33.   Guerrero‐Ramírez NR, Mommer L, Freschet GT, et al.: Global root traits 
(GRooT) database. Global Ecol Biogeogr. 2021; 30(1): 25–37.  
Publisher Full Text | Faculty Opinions Recommendation 

34.   Franklin O, Harrison SP, Dewar R, et al.: Organizing principles for vegetation 
dynamics. Nat Plants. 2020; 6(5): 444–53.  
PubMed Abstract | Publisher Full Text | Faculty Opinions Recommendation 

35.   Lu M, Hedin LO: Global plant-symbiont organization and emergence of 
biogeochemical cycles resolved by evolution-based trait modelling. Nat Ecol 
Evol. 2019; 3(2): 239–50.  
PubMed Abstract | Publisher Full Text | Faculty Opinions Recommendation 

36.   Soudzilovskaia NA, van Bodegom PM, Terrer C, et al.: Global mycorrhizal 
plant distribution linked to terrestrial carbon stocks. Nat Commun. 2019; 10(1): 
5077.  
PubMed Abstract | Publisher Full Text | Free Full Text | 
Faculty Opinions Recommendation 

http://dx.doi.org/10.5194/gmd-13-1201-2020
https://facultyopinions.com/740082814
http://www.ncbi.nlm.nih.gov/pubmed/31031883
http://dx.doi.org/10.1029/2017MS001237
http://www.ncbi.nlm.nih.gov/pmc/articles/6473517
http://dx.doi.org/10.1029/2020JG006205
https://facultyopinions.com/739288966
http://dx.doi.org/10.5194/gmd-13-1399-2020
https://facultyopinions.com/739288966
https://facultyopinions.com/737911668
http://dx.doi.org/10.1029/2018MS001453
https://facultyopinions.com/737911668
https://facultyopinions.com/733575089
http://www.ncbi.nlm.nih.gov/pubmed/29967415
http://dx.doi.org/10.1038/s41467-018-04971-6
http://www.ncbi.nlm.nih.gov/pmc/articles/6028431
https://facultyopinions.com/733575089
https://facultyopinions.com/740082862
http://dx.doi.org/10.1029/2019JG005082
https://facultyopinions.com/740082862
https://facultyopinions.com/735088694
http://www.ncbi.nlm.nih.gov/pubmed/30760912
http://dx.doi.org/10.1038/s41586-019-0912-1
https://facultyopinions.com/735088694
https://facultyopinions.com/739207508
http://dx.doi.org/10.1111/geb.13179
https://facultyopinions.com/739207508
https://facultyopinions.com/737933072
http://www.ncbi.nlm.nih.gov/pubmed/32393882
http://dx.doi.org/10.1038/s41477-020-0655-x
https://facultyopinions.com/737933072
https://facultyopinions.com/734905800
http://www.ncbi.nlm.nih.gov/pubmed/30664701
http://dx.doi.org/10.1038/s41559-018-0759-0
https://facultyopinions.com/734905800
https://facultyopinions.com/736877316
http://www.ncbi.nlm.nih.gov/pubmed/31700000
http://dx.doi.org/10.1038/s41467-019-13019-2
http://www.ncbi.nlm.nih.gov/pmc/articles/6838125
https://facultyopinions.com/736877316

	10-53_Wang_Front.pdf
	10-53_Wang.pdf



