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Abstract: Biogeochemical simulation models are important tools for
describing and quantifying the contribution of agricultural systems to C
sequestration and GHG source/sink status. The abundance of simulation
tools developed over recent decades, however, creates a difficulty
because predictions from different models show large variability.
Discrepancies between the conclusions of different modelling studies are
often ascribed to differences in the physical and biogeochemical
processes incorporated in equations of C and N cycles and their
interactions. Here we review the literature to determine the state-of-
the-art in modelling agricultural (crop and grassland) systems. In order
to carry out this study, we selected the range of biogeochemical models
used by the CN-MIP consortium of FACCE-JPI (http://www.faccejpi.com):
APSIM, CERES-EGC, DayCent, DNDC, DSSAT, EPIC, PaSim, RothC and STICS. In
our analysis, these models were assessed for the quality and
comprehensiveness of underlying processes related to pedo-climatic
conditions and management practices, but also with respect to time and
space of application, and for their accuracy in multiple contexts.
Overall, it emerged that there is a possible impact of ill-defined pedo-
climatic conditions in the unsatisfactory performance of the models
(45.9%), followed by limitations in the algorithms simulating the effects

of management practices (33.8%). The multiplicity of scales in both time
and space is a fundamental feature, which explains the remaining
weaknesses (i.e. 20.3%). Innovative aspects have been identified for

future development of C and N models. They include the explicit
representation of soil microbial biomass to drive soil organic matter
turnover, the effect of N shortage on SOM decomposition, the improvements
related to the production and consumption of gases and an adequate
simulations of gas transport in soil. On these bases, the assessment of
trends and gaps in the modelling approaches currently employed to



represent biogeochemical cycles in crop and grassland systems appears an
essential step for future research.

Response to Reviewers: Revision 2

Reviewer #3: The authors provide a thorough review of models for modeling
C and N cycling in agronomic systems. The review is interest and
informative, especially with regards to highlighted discrepancies in
modeling capacity and accuracy. This research is important for modeling
GHG, and impacts of management practices on agricultural output of GHG.
Especially useful is the identification of shortcoming and potential
sources of error in the models tested. The manuscript should be published
after (very) minor revision. Minor suggested changes:

1. Line 58: and an adequate simulation of gas
Response to Reviewer comment No. 1: Modified as suggested.

2. line 58: Given these conditions, the assessment
Response to Reviewer comment No. 2: Modified as suggested.

3. Line 83-84: that C and nitrogen (N) cycling strongly depend on
Response to Reviewer comment No. 3: Modified as suggested.

4. Line 102: even when models are run under the same conditions of
Response to Reviewer comment No. 4: Modified as suggested.

5. Line 150: carbon dioxide (C02), and nitrate (NO3))
Response to Reviewer comment No. 5: Modified as suggested.

6. Line 191: adequate options and parameters values allows to simulate
simulation of a wide
Response to Reviewer comment No. 6: Modified as suggested.

7. Line 193: It allows considering consideration of the effect
Response to Reviewer comment No. 7: Modified as suggested.

8. Line 211: Then, in theat level 2
Response to Reviewer comment No. 8: Modified as suggested.

9. Line 218: knowledge on of the
Response to Reviewer comment No. 9: Modified as suggested.

10. line 275: of N in the soil profile
Response to Reviewer comment No. 10: Modified as suggested.

11. line 293-4: Reference evapotranspiration is accounted bycalculated
using the Penman-Monteith (56%), or Penman and Priestley-Taylor (44%)
equations.

Response to Reviewer comment No. 11: Modified as suggested.

12. Line 311-13: In general from our analysis indicated emerged that
the three main processes belonging to the general class of GHG emissions
and other fluxes are almost fully simulated by the considered models.
Merge single-sentence paragraphs into larger paragraphs throughout
results.

Response to Reviewer comment No. 12: Modified in the text: (see
L:315:318: “For better assessing how C and N cycles are involved in the
simulation of GHG emissions and other fluxes within several models, three



main processes were identified (Table S4, see supplementary material).
Overall, our analysis indicates that these three main processes are
almost fully simulated by the considered models”).

13. Line 314: In the main process called CO2 the The most important C-
fluxes from the ecosystems were considered in the main process called
"Co2".

Response to Reviewer comment No. 13: Modified as suggested.

14. Line 364: e.g. STICS accounts for burial through tillage
Response to Reviewer comment No. 14: Modified as suggested.

15. Line 393: such as patterns of air temperature, precipitation, solar
radiation, also and including
Response to Reviewer comment No. 15: Modified as suggested.

l6. Line 427: i.e. under- or over-estimation
Response to Reviewer comment No. 16: Modified as suggested.

17. Line 432: anaerobic conditions, e.g. Bollmann
Response to Reviewer comment No. 17: Modified as suggested.

18. Line 461: The Amount amount of bound enzymes increases with the
increasing layer charge of
Response to Reviewer comment No. 18: Modified as suggested.

19. Line 466: affects the amount of soil enzymes
Response to Reviewer comment No. 19: Modified as suggested.

20. Line 467: At leastAnd finally, the increase. Throughout, change
"fine texture soil" to "fine textured soil"
Response to Reviewer comment No. 20: Modified as suggested.

21. Line 502: due to different types of
Response to Reviewer comment No. 21: Modified as suggested.

22. Line 529: the models subroutines
Response to Reviewer comment No. 22: Modified as suggested.

23. Line 531: the fact that the model
Response to Reviewer comment No. 23: Modified as suggested.

24, Line 605: underestimation of particulate organic C
Response to Reviewer comment No. 24: Modified as suggested.

25. Line 607: fertilization and tillage, which were probably the most
commonly simulated
Response to Reviewer comment No. 25: Modified as suggested.

26. Lines 619-20: related to the ecosystem and climate, which makinges
it difficult to define the parameter which most strongly
Response to Reviewer comment No. 26: Modified as suggested.

27. Lines 627-8: rice cultivation being too low (i.e. effect of
waterlogged soil not included in RothC) being too low

Response to Reviewer comment No. 27: Modified as suggested.

28. Line 643: ones where they have been previously



Response to Reviewer comment No. 28: Modified as suggested.

29. Line 656: with the results of Li et al. (2005),
Response to Reviewer comment No. 29: Modified as suggested.

30. Line 680: agriculture fits
Response to Reviewer comment No. 30: Modified as suggested.

31. Line 693: physics, and the interface between the two that
Response to Reviewer comment No. 31: Modified as suggested.

32. Line 749: to optimize resources
Response to Reviewer comment No. 32: Modified as suggested.

33. Several places: correct spelling of vermiculite
Response to Reviewer comment No. 33: Corrected

34. Line 834: should take into account for ions interactions
Response to Reviewer comment No. 34: Modified as suggested.

35. Lines 858-861: For the N cycle, the main limitations inherent in
model structure were found under different pedo-climatic conditions
(51.7%), whilst for the scale of application the major weaknesses were

due to different pedo-climatic conditions (20.4%). Consider rewrite -
it's a bit cumbersome as written.
Response to Reviewer comment No. 35: Modified in the text: (see

L:865:867: “For both the N-cycle modelling and scale of application, the
main limitations were found in the response to different pedo-climatic
conditions (51.1% and 20.2%, respectively).

Reviewer #4: This manuscript is trying to present a comprehensive
analysis of the strengths and weaknesses of existing state-of-the-art
agro-ecosystems models in terms of simulating C and N fluxes. Such an
effort is timely and is expected to contribute to further activities
intended to improve agro-ecosystem models to address climate change
challenges. I understand that the authors have to review numerous
literatures. Here I would like to point out several minor inaccuracies
that I hope the authors will fix before acceptance for publication. My
specific comments are as follows:

1. Page 1 line 46, instead of citing "www.faccejpi.com", better to
cite other literature that focuses on describing the CN-MIP.

Response to Reviewer comment No. 1: We thank the reviewer for the
comment. We changed the website address, which now specifically targets
to the CN-MIP project. The project being ongoing, peer-review literature
has not yet been published from CN-MIP. The current paper is the first
main contribution.

2. Page 2 line 60: "appears an essential step for future research".
"appears to be .." is better.
Response to Reviewer comment No. 2: Modified as suggested.

3. page 18 line 575: ".. soil capacity to transform crop residue in
SOC" is confusing.

Response to Reviewer comment No. 3: The sentence has been rewritten (see:
1L593:594) .



4. Page 6 lines 181-185, the description of EPIC does not reflect the
state-of-the-art of its development in C-N cycling. Please consider
changes according to the following information.

a) The latest public version of EPIC is 1102. This version is not
available on the website at epicapex.tamu.edu, but is available by
contacting Jimmy Williams and has already been widely used in the USDA
CEAP projects and numerous papers (e.g. Izaurralde et al. 2006; Zhang et
al. 2015).

b) EPIC can simulate more than 100 crops and grasses.

c) The development of EPIC CN algorithms is closely tied to the
ongoing soil and water assessment tool (SWAT; Arnold et al. 1998)
development efforts as described in Zhang et al. (2013). The agro-
ecosystem module within the SWAT model is based on EPIC and provides
updates back to EPIC. Therefore, I suggest using EPIC/SWAT as one model,
instead of only mentioning EPIC.

d) Recent development of EPIC/SWAT (Yang et al. 2017) enables
simulation of "N20 losses from nitrification" and "Denitrification:
N2/N20 ratio". So please change this in table 4.

e) relevant references are as follows:

Arnold, J. G., R. Srinivasan, R. S. Muttiah, and J. R. Willianms. 1998.
Large area hydrologic modeling and assessment part 1: model development.
Journal of the American Water Resources Association 34:73-89.

Yang, Q., X. Zhang, M. Abraha, S. Del Grosso, G. P. Robertson, and J.
Chen. 2017. Enhancing the soil and water assessment tool model for
simulating N20 emissions of three agricultural systems. Ecosystem Health
and Sustainability 3(2):e01259. doi: 10.1002/ehs2.1259

Zhang, X., Izaurralde, R.C., Arnold, J.G., Williams, J.R. and Srinivasan,
R., 2013. Modifying the Soil and Water Assessment Tool to simulate
cropland carbon flux: Model development and initial evaluation. Science
of the Total Environment, 463, pp.810-822.

Zhang, X., Izaurralde, R.C., Manowitz, D.H., Sahajpal, R., West, T.O.,
Thomson, A.M., Xu, M., Zhao, K., LeDuc, S.D. and Williams, J.R., 2015.
Regional scale cropland carbon budgets: Evaluating a geospatial
agricultural modeling system using inventory data. Environmental
Modelling & Software, 63, pp.199-216.

Izaurralde, R.C., Williams, J.R., McGill, W.B., Rosenberg, N.J. and
Jakas, M.Q., 2006. Simulating soil C dynamics with EPIC: Model
description and testing against long-term data. Ecological Modelling,
192(3), pp.362-384.

Response to Reviewer comment No. 4: We thank the reviewer for these
comments. We modified the text (see L176-183: “EPIC (Environmental Policy
Integrated Climate) (Williams, 1995, Izaurralde et al., 2012) can
simulate about 130 crop and grass species through its plant growth model,
which uses unique parameter values for each species. It can predict
changes in soil, water, nutrient, pesticide movements, and yields as a
consequence of management decisions. It also assesses water quality, N
and C cycling, climate change impacts, and the effects of atmospheric
CO2. Moreover, novel algorithms were recently implemented (Izaurralde et

al., 2012) to improve the simulation of C and N transformations, gas (02,
C02, and N20) and solute (NO3-, NO2-) movement, and ecosystem C balance
and fluxes (Izaurralde et al., 2012)") and the tables (see Table 4, 5, ©

and 7) according to the information received by the EPIC development
team.

For the comment at point C, we consider the use of the notation EPIC/SWAT
not appropriate in this case for several reasons. As stated in lines 108-
116 of the manuscript, we examined I this study the nine models used
within the research project CN-MIP. Only EPIC, and not SWAT, was used
within this research project. It is certainly true that EPIC and SWAT



share several algorithms and subroutines. However, the two models cannot
be unambiguously associated because EPIC is a field scale model, while
SWAT is a watershed model. In particular, EPIC simulates with a higher
level of detail the crop growth and some soil processes and dynamics.
Because of these differences, the two models produce different results
with the same inputs. EPIC and SWAT developing people at Blackland
Research Station in Temple, TX (USA), with whom we have interacted prior
to revising the manuscript, agree on dealing with EPIC and SWAT as
distinct models. This means that the use of EPIC/SWAT is not appropriate.
For the comment at point E, SWAT not being part of this exercise, and
based on our previous comment, we consider the first three references in
list suggested by the reviewer as not applicable to this study. We have
included the fourth reference suggested because it supports our analysis,
which has also implied to modify the results. The last suggested citation
was already included in the previously submitted manuscript.

5. For DOC simulation, I think DayCent can do it. Please double check
and revise this information in Table 4.

Response to Reviewer comment No. 5: We thank the reviewer for the
comment. The information reported in table 4 has been modified
accordingly.



Cover Letter

November 29", 2016

Dear Editor,

We would like to submit the enclosed manuscript entitled “Review and analysis of strengths
and weaknesses of agro-ecosystem models for simulating C and N fluxes”, which we wish to

be considered for publication in Science of the Total Environment.

This is a review paper analysing strengths and weaknesses of simulation models commonly
used to simulate C and N fluxes in crop and grassland systems. The content of the paper
mostly reflects the experience of the consortium (bringing together 10 organizations from six
countries) and the evaluation conducted in the ongoing project “C and N models
intercomparison and improvement to assess management options for GHG mitigation in agro-
systems worldwide” (CN-MIP, 2014-2017), established within the Joint Programming
Initiative on  Agriculture, Food Security and Climate Change (FACCE-JPI,

http://www.faccejpi.com). The study assesses several processes linking soil, vegetation and

atmosphere compartments (in interaction with farming practices), and provides an insight on
some recent research progresses in the field of biogeochemistry that could inform further

model developments

The authors believe the paper fits into the journal’s scope and aim, and would be of interest
for journal’s readership. They would thus value and feel privileged to receive feedback from

your journal.

The authors declare that they have no conflict of interest. The authors also acknowledge that
the content of the manuscript has not been published previously nor is being considered for

publication elsewhere.

Sincerely,

The authors
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Responses to Reviewers Comments

Revision 1

Reviewer #1: This review study performed by Brilli et al. is comprehensive and systematic. In the
manuscript, the authors compared nine agricultural models that can simulate C and N cycling, the
underlying processes, abilities, and limitations of different models were analyzed and discussed,
and also some perspectives on model development are given. The manuscript is written well and
informative, and is acceptable by the journal of Science of the Total Environment. However, some
minor revisions are needed, especially the format, as listed below.

1.

10.

Abstract, the full name of each abbreviation should be given, such as "C", "GHG", "SOM",
etc.
Modified as suggested.

The section 2.1 is some information on background, so | suggest integrate these two
paragraphs into the introduction section. While, the section 3.1 is the method you used to
analyze different models, so it would be better to move this part to approaches section.

We agree with these suggestions. Parts of sub-section 2.1. have been integrated into the
Introduction section. Sub-section 3.1. has been moved to the Modelling approach section
(Section 2), and has become Sub-section 2.2.

Line 148, change "Tab." to "Table", and the same for all the text.
Modified as suggested.

Line 157, add the full name to each abbreviation when it used first, and then use the
abbreviation in the follow text. For example, line 163 "NPP" and "NEE"; line 427, "WFPS"
should be given in line 394; line 439 "BD" should be given in line 393; line 469, the
abbreviation of "SOM™" has been given in line 88. Line 624 "GHG" has been given in line65.
Please check the whole text carefully.

Modified as suggested.

Line 248, the supplementary tables should be named as Table S1, S2, ... S5.
Modified as suggested.

Line 316-317, why use capital letters for "Gross Primary Production" and others?
Modified as suggested (with lower-case letters).

Line 325-330, I suggest use "CO;" rather than "CO,-GHG", and use "Non CO,-Gas" instead
of "Non CO,-GHG" because N, and NH; are not GHG.
Modified as suggested.

Line 448, set "2" as subscript.
Modified as suggested.

Line 477, not only archaea but also bacteria and fungi can carry out nitrification.
Added to the text.

Line 477-487, heterotrophic nitrification has been demonstrated to widely occur in terrestrial
ecosystems, including cropland and grassland (Chen et al., 2015). Heterotrophic nitrification
is a different process from autotrophic nitrification. Has this process been included in these
nine models?



11.

12.

13.

14.

15.

16.

Chen, Z.M., Ding, W.X., Xu, Y.H., Miiller, C., Rutting, T., Yu, H.Y., Fan, J.L., Zhang, J.B.,
Zhu, T.B., 2015. Importance of heterotrophic nitrification and dissimilatory nitrate reduction
to ammonium in a cropland soil: Evidences from a 15N tracing study to literature synthesis.
Soil Biology and Biochemistry 91, 65-75.

We thank the reviewer for this comment. In our analysis we considered the process of
nitrification without discerning if it was from autotrophs or heterotrophs, since none of the
models reported in the paper is able to make it.

Line 484, moisture is an important factors influencing nitrification rate.
The authors agree. Moisture has also been mentioned in the text

Line 508-509, C/N is one of the major factors, so add largely before "depends on". Change
"plant residues" to "organic materials".
Modified as suggested (L:502-507 in the revised text).

Line 509-513, it has been found that the composition of organic materials rather than a
simple indicator of C/N (Bonanomi et al., 2013). Is there any model considering the
composition or structure of SOM?

Bonanomi, G., Incerti, G., Giannino, F., Mingo, A., Lanzotti, V., Mazzoleni, S., 2013. Litter
quality assessed by solid state 13C NMR spectroscopy predicts decay rate better than C/N
and lignin/N ratios. Soil Biology and Biochemistry 56, 40-48.

We thank the reviewer for this comment. Biogeochemical processes are hard to be
reproduced and their representation is often simpler than reality. As far as nitrification, we
did not consider the composition of organic materials since the nine models used are mainly
based on C/N ratios without distinct differences between organic components. However, this
could be another point which could be treated by future modelling works.

Line 579-582, this sentence is confusing. Do you mean "compared with conventional tillage,
no/reduced tillage may lead to ..."? Generally, we compared conservation tillage with
conventional tillage.

The authors agree. The sentence has been rewritten accordingly.

Section 5, this section mainly focuses on SOM decomposition, how about model
development in N transformation and management which are also major aspects in this
review?

We thank the reviewer for the suggestion. We acknowledge in the text the importance of N
transformation and management, as well as plant-soil interactions (several references have
been added. See L:690-692) without developing them, which would have excessively
expanded the text. As specified in the text, in this section we made a choice to focus soil
biology and soil physics for the reasons explained in L:693-702

Line 673-678, some other important areas also generally not have been considered in the
current models, such as the microbial traits, including the abundance, community structure
and function, the plant-soil interaction and the feedback of ecosystem process to climate
change. Particularly, the ignored microbial characteristic is an important cause of the
discrepancies of model results.

We thank the reviewer for the suggestion. We have added a short paragraph concerning the
inclusion of microbial traits in models at the end of the section relative to soil microbial
biomass representation in models (L:729-736 in the revised text). As above, we
acknowledge that other suggested areas are important without developing them, which
would have made the text too heavy.



17.

18.

Table 7 is too large and there are too many references, move Table 7 and the involved
references to supplementary material.

The authors believe Table 7 should be in the main text as it provides accurate information,
which is essential to the rationale of the paper.

The references need to be carefully formatted. The issue number is presented in some
reference but not all. Delete the issue number. List all the author names of each reference.
The initials of the titles should be in low case except the first word (such as line 959-961,
1341-1343, etc.). Carefully check all the superscripts and subscripts (such as line 903, 906,
1033, 1037, 1041, 1136, 1273, 1364, 1496, 1499, etc.).

The format of references was corrected.

Reviewer #2:

1. Page 4, Line 112: The word "... improvement ..." should be changed to "... improving ..."
Modified as suggested.

2. Page 4, line 126. (Graux et al., 2013). In the "References” section the "et al" should be
replaced with names of other contributors.

Done.

3. Page 4, Lines 127-18: In other places such as: (Palosuo et al., 2011, Rotter et al., 2012,
Asseng et al., 2013, Sandor et al., 2016) references are not fully cited in the "References"
section. Apparently, these authors have used this format throughout this manuscript. This
approach makes it somewhat more time consuming to keep track of works of other
contributors when searching databases available on the Internet.

The reference section has been improved by adding the names of all co-authors to multi-
author papers in the list.

4. Page 5, line 134: "... understanding grounded in state-of-the art knowledge.” "When the
phrase (state of the art) is used as a noun it is not hyphenated. It is hyphenated when it is
used as an adjective. Adjective Example: | like your state-of the-art technology. Noun
Example: The technology is state of the art."”

Modified as suggested.

5. Page 5, line 147: "... (Tab. 1)..." Is this abbreviation for the word "Table" permitted? The
same format follows later in this manuscript. Even in the captions of table the word "Table"
is abbreviated to "Tab."

The word “Tab.” has been changed to “Table” in the whole text and caption.

6. Page 5, line 156: "... agriculture activity..." should read, "agricultural activity..."
Modified as suggested.

7. Page 6, line 163: "... model allows to simulate also..." Revise this please...
Modified in the text (i.e. Also, the model can simulate...).

8. Page 6, line 173: "... integrates..." should be changed to, "... integrate..."

Modified as suggested.



10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

Page 5, line 181: "... model which..." should be changed to, "... model, which..."
Modified as suggested.

Page 5, line 189: "viii) RothC..." should be changed to, "viii) RothC..."
The formatting does not allow this change.

Page 6, line 194: "... model which..." should be changed to, "... model, which..."
Modified as suggested.

Page 7, line 197: "It allows to consider the..." should be changed to, "It allows considering
the..."
Modified as suggested.

Page 7, line 215. Reference has been made to Table 2 but in Table 2, the parameter (*NA)
has been defined as "Not information available." The proper word is "No,” i.e.: "No
information is available.” This applies to other tables. By the way, "NA" should be defined
clearly within the text of the manuscript and/or in the caption for all tables.

Modified as suggested.

In Table 3, column 2: The number in the parentheses should be defined.
We thank the reviewer for this comment. Numbers in brackets have been detailed in the
figure caption of the text.

Page 7, line 25: "... (Tab. 2a-e in supplementary material)." | did not find this information.
Please clarify.
We referred to the five tables in supplementary material. Sentence has been rewritten as

follows: (Tables S1-5 in supplementary material).

Page 8, line 245: "... longer term..." could be changed to "... longer-term..."
Modified as suggested.

Page 8, line 247. 1 could not find Table 3a.
“Table 3a” has been modified to “Table S1”. It can be found in supplementary material.

Page 9, line 268. I could not find Table 3b.
“Table 3b” has been modified to “Table S2”. It can be found in supplementary material.

Page 9, line 273: "The water transport calculation scheme in soil is mainly described by the
capacity (or tipping bucket) approach (78%)." This needs to be rewritten. Perhaps: The soil
water balance is primarily described by estimation of soil water availability through adding
daily rainfall and subtracting transpiration, evaporation and runoff from an estimated
maximum soil water holding capacity. The curious readers perhaps find the works by Paul et
al. (2003) and Weiskittel et al. (2010)...

We thank the reviewer for this comment. We gave now a better description of the soil water
balance (L:269-274 in the revised text).

Page 9, line 276: "... or/and..." should be changed to "... and/or..."
Modified as suggested.

Page 9, line 283. I could not find (Tab. 3c).
“Table 3¢” has been modified to “Table S3”. It can be found in supplementary material.



22.

23.

24,

25.

26.

27.

28.

Page 10, line 309. Could not find Table 3d.
“Table 3d” has been modified to “Table S4”. It can be found in supplementary material.

Page 11, line 358. Could not find Table 3e.
“Table 3e” has been modified to “Table S5”. It can be found in supplementary material.

Page 13, lines 401 to 410: The "scale of application” should better defined. Authors'
definition is not clear.

We added in the text (L:396-400 in the revised text) “The scale of application refers to the
influence on the model performances of the data types used. They may go from high-
frequency measurements specific to the study site, which have been collected experimentally
within carefully designed plans, to low-frequency data which have been administratively
aggregated at a coarse spatial resolution (e.g. regional or national summaries) ”.

Page 13, line 417: "... features..." could be changed to properties.
Modified as suggested

Page 14, line 447. Make sure N20O is correctly typed.
Done

Page 14, line 456: It is true that in soils rich in expanding pedogenic 2:1 phyllosilicates
some organic molecules penetrate between the layers are as such fixed and are less
susceptible to decomposition through soil enzyme activities. Additionally, however, soil
enzyme activities are reduced by association of enzymes' active sites with such
phyllosilicates resulting in reduced decomposition of organic matter. Lack of oxygen in
clayey soils also negatively affects amount of soil enzymes through reduction in the number
of enzyme-producing microorganisms. Note that a soil can have a clayey texture but
different types of clay have different effect on SOC decomposition. In other words, soil
enzyme activities are reduced more significantly in a soil that is montmorillonitic than a soil
that is kaolinitic. The increase in temperature expected to increase the rate of microbial and
biochemical reactions in the pedosphere but only at the upper part of the A horizon if soil is
highly montmorillonitic. For reference, look at work by Tabatabai, Bayan and Eivazi,
among others.

We thank the reviewer for the comment. We have added a paragraph concerning the
response of enzyme activities in different soil types. (L:459-471 in the revised text): “In
addition, a relevant fraction of microbial extracellular enzymes is adsorbed by external and
internal surfaces of clay size particles of soil phyllosilicate minerals (Burns et al., 2013).
Amount of bound enzymes increases with increasing layer charge of phyllosilicates
(montmorillonite > illite > kaolinite) (Bayan and Eivazi, 1999). Sorption causes
conformational changes of enzymes’ active sites, and in turn reduces or even suppresses the
activity of enzymes (Bayan and Eivazi, 1999, Burns et al., 2013). Moreover, anaerobic
conditions, that are expected to occur mostly in finer texture soils, also negatively affects
amount of soil enzymes through reduction in the number of enzyme-producing
microorganisms (Inglett et al., 2005). At least, the increase of clay content affects soil
aggregation, indirectly affecting SOC through the creation of macro-aggregates that can
physically protect organic matter molecules from further microbial mineralization (Rice,
2002, Plante et al., 2006). Thus, an overall reduction in SOM turnover in fine texture soils is
expected due to reduced substrate availability and overall microbial activity.”

Page 14, lines 461 and 462: Rewrite starting with, "..., thus..."



29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

The sentence has been rewritten: (L:472-474 in the revised text) “However, the effect of
texture on SOC decomposition is controversial. For instance, for 10 sites in Canada (**C-
labelled study) Gregorich et al. (2016) found that temperature (neither soil texture nor other
soil properties) was the only driver of decomposition”.

Page 15, line 496 and 497: "... whilst soils with high organic matter content (high dissolved
organic C) and anaerobic conditions..." Here, it appears that these authors equate the high
organic matter content to high level of dissolved organic C in the soil solution. This is not
necessarily correct. When it comes to decomposition of soil organic matter, the role of soil
enzymes cannot be underestimated.

To avoid any ambiguities, we delated the sentence within brackets (i.e. high dissolved
organic C).

Caption for Table 17: "... has been considered." Should read, "... have been considered."
Modified as suggested.

Page 19, line 609: "... infuences" should be changed to "influences"

Done.

Page 19, line 614: "... disturbances which..." change to, "... disturbances, which..."

Modified as suggested.

Page 20, line 646: change "... 1 day ..." to, "... 1-day...)
Modified as suggested.

Page 20, line 648: Change "... soil which..." to, "... soil, which..."
Modified as suggested.

Page 22, lines 721 to 735: The argument regarding CUE and NUE must involve soil enzyme
activities. Without reference to enzymes involved in mineralization of N and C in the SOM,
the discussion becomes highly speculative.

We agree with the reviewer. We have added a short paragraph in the revised text (L:747-
757) about the effect of soil enzyme activities on CUE and NUE.

Page 23, line 761: "... SOM in soil..." change to, "... SOM..."
Modified as suggested.

Page 23, line 766 and page 25, line 836: Please check O2 to make sure it is not O3.
Modified as suggested.

Page 24, line 782: "... soil ammonium concentration are accurately..." Change to, "... soil
ammonium concentration be accurately...".
Modified as suggested.

Page 24, lines 780 to 794. The research on NH4+ fixation has been done. If the soil is
vermiculitic (includes vermiculite or Al-interlayered vermiculite) NH4+, having an ionic
radius similar to K+ will be fixed in the interlayer spaces of vermiculite. Upon drying of
such pedogenic clay size vermiculite, the fixation become more permanent as the
vermiculate structure collapses to that of muscovite. Authors should search the literature to
find proper references... A good place to start might be to look at the book: Methods of Soil



40.

Analysis: Physical and Mineralogical Methods. ISBN-13: 978-0891180883 - ISBN-10:
0891180885

We have added a short paragraph in the revised text (L:814-837) explaining the theory of
ion (ammonium) fixation by 2:1 clay minerals. However we did not address all aspects
related to fixation and release, directing interested readers to the reviews by Nommik and
Vahtras (1982) and Nieder et al. (2011).

Page 25, lines 825 to 827: "Although the above reported weaknesses were already known
due to a wide number of published studies, in the present analysis we have tried to relate
them to their causes in the view of using them as an effective basis for improving current
modelling approaches.”. | find some of the explanations to be limited in scope. Please see
comments above.

We agree with the reviewer. Based on both reviewers' comments we provided better
explanation in several parts of the (revised) text about soil physical and biological processes
(see responses to above comments). These explanations would hopefully result in an
improvement of the text. Highlighting the complexity of physical, chemical and biological
processes, we emphasize how they are difficult to be reproduced within process-based
models. The added text mostly indicate as these processes should be described in more
detail into models in order to increase the reliability of outputs.



Revision 2

Reviewer #3: The authors provide a thorough review of models for modeling C and N cycling in
agronomic systems. The review is interest and informative, especially with regards to highlighted
discrepancies in modeling capacity and accuracy. This research is important for modeling GHG,
and impacts of management practices on agricultural output of GHG. Especially useful is the
identification of shortcoming and potential sources of error in the models tested. The manuscript
should be published after (very) minor revision. Minor suggested changes:

1.

10.

11.

12.

Line 58: and an adequate simulation of gas
Modified as suggested.

line 58: Given these conditions, the assessment
Modified as suggested.

Line 83-84: that C and nitrogen (N) cycling strongly depend on
Modified as suggested.

Line 102: even when models are run under the same conditions of
Modified as suggested.

Line 150: carbon dioxide (CO2), and nitrate (NO3))
Modified as suggested.

Line 191: adequate options and parameters values allows to simulate simulation of a wide
Modified as suggested.

Line 193: It allows considering consideration of the effect
Modified as suggested.

Line 211: Then, in theat level 2
Modified as suggested.

Line 218: knowledge on of the
Modified as suggested.

line 275: of N in the soil profile
Modified as suggested.

line 293-4: Reference evapotranspiration is accounted bycalculated using the Penman-
Monteith (56%), or Penman and Priestley-Taylor (44%) equations.
Modified as suggested.

Line 311-13: In general from our analysis indicated emerged that the three main processes
belonging to the general class of GHG emissions and other fluxes are almost fully simulated
by the considered models. Merge single-sentence paragraphs into larger paragraphs
throughout results.

Modified in the text: (see L:315:318: “For better assessing how C and N cycles are involved

in the simulation of GHG emissions and other fluxes within several models, three main
processes were identified (Table S4, see supplementary material). Overall, our analysis



13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24,

25.

26.

indicates that these three main processes are almost fully simulated by the considered
models™).

Line 314: In the main process called CO2 the The most important C-fluxes from the
ecosystems were considered in the main process called "CO2".
Modified as suggested.

Line 364: e.g. STICS accounts for burial through tillage
Modified as suggested.

Line 393: such as patterns of air temperature, precipitation, solar radiation, also and
including
Modified as suggested.

Line 427: i.e. under- or over-estimation
Modified as suggested.

Line 432: anaerobic conditions, e.g. Bollmann
Modified as suggested.

Line 461: The Amount amount of bound enzymes increases with the increasing layer charge
of
Modified as suggested.

Line 466: affects the amount of soil enzymes
Modified as suggested.

Line 467: At leastAnd finally, the increase. Throughout, change "fine texture soil” to "fine
textured soil"
Modified as suggested.

Line 502: due to different types of
Modified as suggested.

Line 529: the models subroutines
Modified as suggested.

Line 531: the fact that the model
Modified as suggested.

Line 605: underestimation of particulate organic C
Modified as suggested.

Line 607: fertilization and tillage, which were probably the most commonly simulated
Modified as suggested.

Lines 619-20: related to the ecosystem and climate, which makinges it difficult to define the
parameter which most strongly
Modified as suggested.



217.

28.

29.

30.

31.

32.

33.

34.

35.

Lines 627-8: rice cultivation being too low (i.e. effect of waterlogged soil not included in
RothC) being too low
Modified as suggested.

Line 643: ones where they have been previously
Modified as suggested.

Line 656: with the results of Li et al. (2005),
Modified as suggested.

Line 680: agriculture fits
Modified as suggested.

Line 693: physics, and the interface between the two that
Modified as suggested.

Line 749: to optimize resources
Modified as suggested.

Several places: correct spelling of vermiculite
Corrected

Line 834: should take into account for ions interactions
Modified as suggested.

Lines 858-861: For the N cycle, the main limitations inherent in model structure were found
under different pedo-climatic conditions (51.7%), whilst for the scale of application the
major weaknesses were due to different pedo-climatic conditions (20.4%). Consider rewrite
- it's a bit cumbersome as written.

Modified in the text: (see L:865:867: “For both the N-cycle modelling and scale of
application, the main limitations were found in the response to different pedo-climatic
conditions (51.1% and 20.2%, respectively).



Reviewer #4: This manuscript is trying to present a comprehensive analysis of the strengths and
weaknesses of existing state-of-the-art agro-ecosystems models in terms of simulating C and N
fluxes. Such an effort is timely and is expected to contribute to further activities intended to
improve agro-ecosystem models to address climate change challenges. | understand that the authors
have to review numerous literatures. Here | would like to point out several minor inaccuracies that |
hope the authors will fix before acceptance for publication. My specific comments are as follows:

1.

3.

Page 1 line 46, instead of citing "www.faccejpi.com”, better to cite other literature that
focuses on describing the CN-MIP.

We thank the reviewer for the comment. We changed the website address, which now
specifically targets to the CN-MIP project. The project being ongoing, peer-review literature
has not yet been published from CN-MIP. The current paper is the first main contribution.

Page 2 line 60: "appears an essential step for future research". "appears to be ..." is better.
Modified as suggested.

page 18 line 575: "... soil capacity to transform crop residue in SOC" is confusing.
The sentence has been rewritten (see: L593:594).

Page 6 lines 181-185, the description of EPIC does not reflect the state-of-the-art of its
development in C-N cycling. Please consider changes according to the following
information.

a) The latest public version of EPIC is 1102. This version is not available on the
website at epicapex.tamu.edu, but is available by contacting Jimmy Williams and has
already been widely used in the USDA CEAP projects and numerous papers (e.g.
Izaurralde et al. 2006; Zhang et al. 2015).

b) EPIC can simulate more than 100 crops and grasses.

c) The development of EPIC CN algorithms is closely tied to the ongoing soil and
water assessment tool (SWAT; Arnold et al. 1998) development efforts as described
in Zhang et al. (2013). The agro-ecosystem module within the SWAT model is based
on EPIC and provides updates back to EPIC. Therefore, | suggest using
EPIC/SWAT as one model, instead of only mentioning EPIC.

d) Recent development of EPIC/SWAT (Yang et al. 2017) enables simulation of "N20
losses from nitrification” and "Denitrification: N2/N20 ratio". So please change this
in table 4.

e) relevant references are as follows:

Arnold, J. G., R. Srinivasan, R. S. Muttiah, and J. R. Willianms. 1998. Large area
hydrologic modeling and assessment part 1: model development. Journal of the
American Water Resources Association 34:73-89.

Yang, Q., X. Zhang, M. Abraha, S. Del Grosso, G. P. Robertson, and J. Chen. 2017.
Enhancing the soil and water assessment tool model for simulating N20O emissions
of three agricultural systems. Ecosystem Health and Sustainability 3(2):e01259. doi:
10.1002/ehs2.1259

Zhang, X., lzaurralde, R.C., Arnold, J.G., Williams, J.R. and Srinivasan, R., 2013.
Modifying the Soil and Water Assessment Tool to simulate cropland carbon flux:



Model development and initial evaluation. Science of the Total Environment, 463,
pp.810-822.

Zhang, X., lzaurralde, R.C., Manowitz, D.H., Sahajpal, R., West, T.O., Thomson,
AM., Xu, M., Zhao, K., LeDuc, S.D. and Williams, J.R., 2015. Regional scale
cropland carbon budgets: Evaluating a geospatial agricultural modeling system using
inventory data. Environmental Modelling & Software, 63, pp.199-216.
Izaurralde, R.C., Williams, J.R., McGill, W.B., Rosenberg, N.J. and Jakas, M.Q.,
2006. Simulating soil C dynamics with EPIC: Model description and testing against
long-term data. Ecological Modelling, 192(3), pp.362-384.

We thank the reviewer for these comments. We modified the text (see L176-183: “EPIC
(Environmental Policy Integrated Climate) (Williams, 1995, lzaurralde et al., 2012) can
simulate about 130 crop and grass species through its plant growth model, which uses unique
parameter values for each species. It can predict changes in soil, water, nutrient, pesticide
movements, and yields as a consequence of management decisions. It also assesses water
quality, N and C cycling, climate change impacts, and the effects of atmospheric CO..
Moreover, novel algorithms were recently implemented (lzaurralde et al., 2012) to improve
the simulation of C and N transformations, gas (O,, CO,, and N,O) and solute (NO3’, NOy)
movement, and ecosystem C balance and fluxes (lzaurralde et al., 2012)") and the tables (see
Table 4, 5, 6 and 7) according to the information received by the EPIC development team.

For the comment at point C, we consider the use of the notation EPIC/SWAT not appropriate
in this case for several reasons. As stated in lines 108-116 of the manuscript, we examined |
this study the nine models used within the research project CN-MIP. Only EPIC, and not
SWAT, was used within this research project. It is certainly true that EPIC and SWAT share
several algorithms and subroutines. However, the two models cannot be unambiguously
associated because EPIC is a field scale model, while SWAT is a watershed model. In
particular, EPIC simulates with a higher level of detail the crop growth and some soil
processes and dynamics. Because of these differences, the two models produce different
results with the same inputs. EPIC and SWAT developing people at Blackland Research
Station in Temple, TX (USA), with whom we have interacted prior to revising the
manuscript, agree on dealing with EPIC and SWAT as distinct models. This means that the
use of EPIC/SWAT is not appropriate.

For the comment at point E, SWAT not being part of this exercise, and based on our previous
comment, we consider the first three references in list suggested by the reviewer as not
applicable to this study. We have included the fourth reference suggested because it supports
our analysis, which has also implied to modify the results. The last suggested citation was
already included in the previously submitted manuscript.

5. For DOC simulation, | think DayCent can do it. Please double check and revise this
information in Table 4.
We thank the reviewer for the comment. The information reported in table 4 has been
modified accordingly.
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e Improved approaches of gas transport in soil are required for future modelling work
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Abstract

Biogeochemical simulation models are important tools for describing and quantifying the
contribution of agricultural systems to carbon sequestration and greenhouse gas source/sink
status. The abundance of simulation tools developed over recent decades, however, creates a
difficulty because predictions from different models show large variability. Discrepancies
between the conclusions of different modelling studies are often ascribed to differences in the
physical and biogeochemical processes incorporated in equations of carbon and nitrogen
cycles and their interactions. Here we review the literature to determine the state-of-the-art in
modelling agricultural (crop and grassland) systems. In order to carry out this study, we
selected the range of biogeochemical models used by the CN-MIP consortium of FACCE-JPI
(https://wwwé6.inra.fr/cnmip/Project): APSIM, CERES-EGC, DayCent, DNDC, DSSAT,

EPIC, PaSim, RothC and STICS. In our analysis, these models were assessed for the quality

and comprehensiveness of underlying processes related to pedo-climatic conditions and
management practices, but also with respect to time and space of application, and for their
accuracy in multiple contexts. Overall, it emerged that there is a possible impact of ill-defined
pedo-climatic conditions in the unsatisfactory performance of the models (45.9%), followed
by limitations in the algorithms simulating the effects of management practices (33.8%). The
multiplicity of scales in both time and space is a fundamental feature, which explains the
remaining weaknesses (i.e. 20.3%). Innovative aspects have been identified for future
development of carbon and nitrogen models. They include the explicit representation of soil
microbial biomass to drive soil organic matter turnover, the effect of nitrogen shortage on soil
organic matter decomposition, the improvements related to the production and consumption
of gases and an adequate simulation of gas transport in soil. Given these conditions, the
assessment of trends and gaps in the modelling approaches currently employed to represent
biogeochemical cycles in crop and grassland systems appears to be an essential step for future

research.

Keywords: Biogeochemical models, C cycle, N cycle, management, pedo-climate
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1. Introduction

The sensitivity of soil carbon (C) stocks and greenhouse gas (GHG) emissions to
climate and management practices demands a comprehensive methodology for effective
policy analyses (Li et al., 1994). Enhancing soil C sequestration and reducing GHG emissions
from agricultural soils are key objectives for reducing the climate impact of food production
and they strongly depend on agricultural practices such as crop residue return, soil tillage
modalities, and enhanced nitrogen (N) fertilization management. Whether C return to soils
appear as a main controlling factor, in some cases (e.g. dry climates) reduced tillage may also
be an effective measure for enhancing C sequestration (e.g. Chatskikh et al., 2008; Powlson et
al., 2012). To avoid pollution swapping, assessments of the potential to reduce climate impact
should also include other impacts such as nitrate (NO3’) leaching into groundwater, ammonia
volatilization and soil erosion, which can also be reduced, for example, by increasing the use
of grazed pastures in dairy farms (Rotz et al.,, 2009, Peyraud, 2011). In addition, it is
important to consider the interactions on the hundred-year timescale of soil C equilibration
(Lardy et al., 2011) and the relatively more rapid changes induced by agricultural practices
(Angers et al., 1995). It is likely that most agricultural soils are not in equilibrium with respect
to C storage and have the greatest potential for short-term C losses or gains, while they may
also be sensitive to the effects of long-term, climate-driven processes (Wutzler and
Reichstein, 2007). It is also important to recall that C and nitrogen (N) cycling strongly
depend on interactions among plant growth processes, soil water dynamics and soil N
dynamics that are highly non-linear and thus difficult to predict with simple approaches.

Process-based ecosystem models take the approach of simulating underlying
biogeochemical processes, such as plant photosynthesis and respiration, using mathematical
equations that determine the allocation of C from atmospheric CO, into biomass down to the
soil organic matter (SOM). A relatively complete suite of biogeochemical processes (e.g.
plant growth, organic matter decomposition, fermentation, ammonia volatilisation,
nitrification and denitrification) is generally embedded in these models, enabling computation
of transport and transformations in plant—soil ecosystems. Sub-models are designed to interact
with each other to describe cycles of water, C and N for target ecosystems, thus any change in
the environmental factors collectively affect a group of biogeochemical reactions. Extensively
tested biogeochemical models (with the coupled C-N cycling) are effective tools for
examining the magnitude and spatial-temporal patterns of C and N fluxes, and play an
important role in designing specific policies appropriate to the soils, climate, and agricultural

conditions of a location or region. In recent decades, these tools have also been used for

3
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assessing the expected impacts of future climate, as represented by several climate change
scenarios (Graux et al., 2013). However, results of state-of the-art terrestrial biogeochemical
models, describing the contribution of agricultural systems to C sequestration and GHG
source/sink status, may diverge significantly even when models are run under the same
conditions of climate, soil and management (Palosuo et al., 2011, Rotter et al., 2012, Asseng
et al., 2013, Sandor et al., 2016; Sandor et al., 2017). Such differences between model results
are often attributed to physical and biogeochemical processes being inadequately resolved
and, for these models, the improvement of algorithms and structure is recommended beyond
parameter optimization (Tian et al., 2011, Lu and Tian, 2013).

It is the goal of this paper to examine the strengths and weaknesses of nine crop and
grassland models that incorporate C and N fluxes into biogeochemical frameworks and fully
assess C and GHG dynamics in agricultural soils. These models are commonly applied
worldwide and are used to simulate biogeochemical and related outputs by the project “C and
N models intercomparison and improvement to assess management options for GHG
mitigation in agro-systems worldwide” (CN-MIP, 2014-2017), established within the Joint
Programming Initiative on Agriculture, Food Security and Climate Change (FACCE-JPI,

http://www.faccejpi.com), which brings together 10 organizations from six countries. With

this analysis we are not arguing against the quality of models. While highlighting weaknesses
and limits of current modelling approaches as documented in several published studies, we
intend to offer a general overview as a basis for new ways of improving current modelling
approaches.

The following rationale has been used in the organization of this article. We first present
the conceptual basis of the models analysed and the approach used for gaining insight into
their compositional sub-systems. Section 3 presents results of the approach used. Section 4
reports on the documented performance of biogeochemical models against data, and discuss
their relative strengths and weaknesses. Section 5 presents an outlook on recent research
developments and future approaches. In Section 6, remarks are made concerning the bearing

of the findings on a wider interpretation of biogeochemical modelling.

2. Modelling approaches
2.1. The CN-MIP models

The nine models considered for the CN-MIP exercise are process-based models mainly
developed for crop or grassland ecosystems. They attempt to reproduce the most relevant

ecological and physiological process through a theoretical understanding grounded in state of

4
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the art knowledge. In this way, they reproduce specific agro-ecological dynamics under
prescribed conditions of climate, soil and management, thanks to the concepts and
relationships that interlink entities of the real world. Most models represent plant phenology
and yield-formation processes, together with functional processes at the basis of SOM (Soil
Organic Matter) turnover, gas exchange at the soil-plant-atmosphere interface and soil water
dynamics.

The nine models analysed for this intercomparison are: APSIM, CERES-EGC, DayCent,
DNDC, DSSAT, EPIC, PaSim, RothC and STICS (Table 1). Below, a brief description of each
model is provided.

i) APSIM (The Agricultural Production Systems slMulator) (Keating et al., 2003;
Holzworth et al., 2014) simulates several systems through the interaction among plants,
animals, soil, climate and management. The model allows the analysis of the whole-farm
system, including crop and pasture sequences and rotations, and livestock.

i) CERES-EGC (Crop Environment REsource Synthesis - Environnement et Grandes
Cultures) (Gabrielle et al., 1995) simulates the biogeochemical cycles of water, C and N in
agro-ecosystems. The model predicts crop production and the environmental impacts related
to the agricultural activity (e.g. nitrous oxide (N2O), nitrogen oxide (NO), ammonia (NHs),
carbon dioxide (COy), and nitrate (NO3)) based on management for a wide range of arable
crops (e.g. wheat, barley, maize, sorghum, sunflower, pea, sugar-beet, oilseed rape and
miscanthus). Crop-specific modules include approaches for plant growth and development,
coupled to a generic soil sub-model.

iii) DayCent (Parton et al., 1994) is a biogeochemical model able to simulate crop growth,
soil C dynamics, N leaching, gaseous emissions (e.g. N2O, NO, nitrogen (N,), NH3, methane
(CH,) and COy) and C fluxes - e.g. net primary production (NPP), net ecosystem exchange
(NEE) - in crop fields, grassland, forest, and savanna ecosystems. Also, the model can
simulate several management practices (i.e. fertilization, tillage, pruning, cutting, grazing,
etc.) as well as specific external disturbances (i.e. fires).

iv) DNDC (DeNitrification-DeComposition) (Li et al., 1992a) simulates C and N
biogeochemistry in agro-ecosystems. The model predicts crop growth, soil regimes (i.e.
temperature and moisture), soil C dynamics, N leaching, and trace gases emissions (e.g. N,O,
NO, N;, NHsz, CH4 and COy). The model was expanded in 2012 to include biophysical
processes in whole-farm systems (Li et al., 2012).

v) DSSAT (Decision Support System For Agrotechnology Transfer) (IBSNAT,
1993, Tsuji, 1998, Uehara, 1998 and Jones et al., 1998), was originally developed to facilitate

5
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the application of crop models in a systems approach to agronomic research. DSSAT ver. 4.6
(i.e. cropping system model, CSM) and its crop simulation models integrate the effects of soil,
crop phenotype, weather and management options. DSSAT includes improved application
programs for seasonal, spatial, sequence and crop rotation analyses that assess the economic
risks and environmental impacts associated with irrigation, fertilizer and nutrient
management, climate variability, climate change, soil carbon sequestration, and precision
management. The model can predict crop yield, resource dynamics such as for water, N and
C, environmental impact (i.e. N leaching), evapotranspiration and soil organic matter (SOM)
accumulation.

vi) EPIC (Environmental Policy Integrated Climate) (Williams, 1995, lzaurralde et al.,
2012) can simulate about 130 crop and grass species through its plant growth model, which
uses unique parameter values for each species. It can predict changes in soil, water, nutrient,
pesticide movements, and yields as a consequence of management decisions. It also assesses
water quality, N and C cycling, climate change impacts, and the effects of atmospheric CO..
Moreover, novel algorithms were recently implemented (lIzaurralde et al., 2012) to improve
the simulation of C and N transformations, gas (O,, CO,, and N,O) and solute (NO3", NO;)
movement, and ecosystem C balance and fluxes (lzaurralde et al., 2012).

vii)PaSim (Pasture Simulation model) (Riedo et al., 1998) is a process-based, grassland-
specific ecosystem model that simulates grassland and pasture productivity and GHG
emissions to the atmosphere. The model consists of sub-models for grass, animals,
microclimate, soil biology, soil physics and management.

Viii) RothC (Rothamsted Carbon model) (Coleman and Jenkinson, 1999) is a
specific tool for the assessment of organic C turnover in non-waterlogged topsoil. The model
allows for the effects of soil type, temperature, moisture content and plant cover on the
turnover process.

iX) STICS (Simulateur mulTIdiscplinaire pour les Cultures Standard) (Brisson et al., 1998)
is a soil-crop model, which is built on a generic framework for plant description. Within this
framework, the selection of adequate options and parameters values allows the simulation of a
wide range of plants, from annual crops to perennial grasses or trees. The model simulates
plant growth as well as water, C and N fluxes. It allows consideration of the effect of a large
range of management options on agronomic (biomass or grain productivity and quality) and
environmental (C and N storage, nitrate leaching, N,O emissions) outputs.

Most of the models included in this review are in active development and use, and this
activity can result in a temporal fluidity of model descriptions. The information provided in
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this section is based on the authors’ knowledge of the state of the models at the beginning of

the project CN-MIP as well as on published material.

2.2.  Model analysis

For reducing the uncertainty in estimating the magnitude and spatial-temporal patterns
of C and N fluxes from several agro-systems (i.e. crops, grassland and livestock), and for
improving the understanding of how these tools work, we analysed the most important
processes and approaches implemented into the models. This analysis was based on a top-
down approach focused at gaining insight into compositional sub-systems. On this basis, we
indicated three levels of information containing specific processes/approaches that were sub-
divided according to different levels of detail.

The starting point (level 1) was the detection of discrete units considered in agricultural
modelling, which are essential to characterize agricultural systems. In this level, characterized
by the lowest level of detail required for the analysis, we differentiated five general classes
that should be implemented within all biophysical/biogeochemical process-based models for
crops and grasslands. These classes concern ecological and physiological processes,
management options, soil structure, and weather inputs (Table 2).

Then, at the level 2 (intermediate level of detail) specific processes were identified
within each general class (level 2). In this level 20 "main processes™ were identified, which
we retained as basic to describe the most important biophysical/biogeochemical dynamics
(Table 3) of each general class indicated in the previous level.

Finally, in the level 3 (highest level of detail) almost 200 modelling approaches (i.e.
methods, options or components), identifying specific dynamics or mechanisms contained
within the previous main processes (supplementary material) were reported (level 3). These
approaches were extrapolated taking into account the current existing knowledge of the
different methods, options and components able to describe the most important
biophysical/biogeochemical dynamics (Tables S1-5 in supplementary material).

There are a number of advantages to such a “top-down” approach. An advantage is the
insight that can be gained from examining the level of detail that each model provides. This in
turn helps in identifying areas in the model structures to establish their reliability and
relevance for intended purposes. Such an approach also helps in tracing possible links with
the basic processes of each model (identification of the strengths and weaknesses) either in
the case of mismatch between model outputs and measurements, or in the case of

disagreement among model results in similar conditions.
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Results reported below were based on the highest level of detail (level 3 — see

supplementary material).

3. Results
3.1. Meteorological variables

Meteorological inputs strongly influence model outputs since they affect plant growth,
plant development stages, and soil turnover/balances, including flux exchanges at the soil-
plant-atmosphere interface. The number and type of climatic variables required by each model
informs us about the relationship between model outputs and climate drivers. In principle, for
the modelling of surface reactions and diffusion of volatile products (e.g. N2O emissions, soil
water content dynamics), the higher the resolution in the climate information (e.g. hourly to
sub-hourly weather inputs), the more accurate the model response is for short-term processes
but the higher the probability that missing data may be present in the weather series used. For
longer-term processes such as soil organic carbon (SOC) decomposition, higher temporal
resolution data may not improve the accuracy of the model response.

From our analysis (Table S1, see supplementary material) we observed that the nine
models involved in CN-MIP mostly use climate inputs at daily resolution (89%), whereas
PaSim uses the hourly time scale (but with an option also available for daily inputs), and
RothC uses a monthly time-step.

The most commonly used meteorological variables are precipitation, air temperature
and wind speed. Concerning air temperature, the daily maximum and minimum air
temperatures are used by almost all models (89%).

Relative humidity (daily mean) and global solar radiation are also used by 67% and
56% of the models, respectively. The atmospheric concentration of CO; is an optional input
for many models (78%), with the exception of CERES-EGC and RothC.

Finally, only a few models use specific meteorological variables such as cloudiness,

sunshine duration, dew-point temperature and actual vapour pressure.

3.2. Sail

Similarly to climate inputs, soil characteristics also have a great influence on model
outputs. These characteristics strongly influence crop growth and fluxes related to the gaseous
biogeochemical cycles as water, C and N. Some soil inputs are assumed as constant values
(i.e. parameters), not changing during the simulation. Different soil properties (e.g. texture,
pH, bulk density, etc.) can affect plant growth and the environmental conditions for the
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microbial activity driving the formation and decomposition of SOM and mediating
biochemical processes.

From our analysis (Table S2, see supplementary material), it emerged that soil processes
are mostly calculated based on the differentiation of the soil profile into a sequence of distinct
layers, with generation of outputs for each of these subdivisions. In PaSim model, the whole
soil profile is the basis for the modelling of C dynamics. The soil temperature is calculated
from energy balance (44%) or based on a response function of air temperature (56%).

The soil water balance is mainly simulated by using the ‘tipping bucket’ approach
(78%), in which the soil water availability is accounted for by adding rainfall and subtracting
evapotranspiration and runoff (Weiskittel et al., 2010) from an estimated maximum soil water
holding capacity (which depends on texture and the soil organic matter content). This
approach is also defined "cascading"”, since it assumes that water can move only downward
through the soil profile, filling up the layers until field capacity is reached.

For the transport and transformation of N in the soil profile, most models estimate pools
and fluxes of NOs-N (78%) and/or NH4-N (89%).

3.3.  Plant ecophysiology and partitioning

Crop and grassland models differ in the algorithms reflecting plant ecophysiology
(growth and development) and partitioning (above and below-ground biomass and yield),
which can lead to differences in simulated yield and total biomass, in turn affecting estimated
C and N fluxes.

In our analysis (Table S3, see supplementary material), almost half of the models
consider the mechanism of C allocation as a function of development stage (56%), whilst
almost all the models take into account C assimilation (89%). The latter is mainly driven by
RUE-type processes (Radiation Use Efficiency) and/or P-R = gross photosynthesis —
respiration-type processes (56%).

Phenology is simulated by almost all models (89%) through the use of growing degree
days (GDD) (89%), whilst photoperiod and vernalization are represented by 56% of the
models.

Leaf area is accounted for by considering the leaf area index (LAI) (89%), whilst the
simulation of the number of leaves and evolution of the specific leaf area are almost ignored.

Reference evapotranspiration is accounted by using Penman-Monteith (56%), Penman
and Priestley—Taylor (44%).
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Root distribution is simulated by 78% of the models, mainly through a linear approach
(56%).

For the most part, models consider a dynamic partitioning of assimilates among plant
organs (78%), based on the age of organs (78%). Within-plant partitioning occurs across
roots, grains, stems and sheaths, and leaf blades, for 89, 78, 78 and 67% of the models,
respectively.

Yield formation is mainly based on partitioning during reproductive stages (67%) and
harvest index-type (44%). The yields mostly simulated are forage (89%), roots and grains
(78%), tubers (67%) and fibre (56%).

The factors limiting plant growth most strongly among the nine models were water
deficit and nitrogen deficiency (88%).

3.4, GHG emissions and other fluxes

For better assessing how C and N cycles are involved in the simulation of GHG
emissions and other fluxes within several models, three main processes were detected (Table
S4, see supplementary material). Overall, our analysis indicates that these three main
processes are almost fully simulated by the considered models.

The most important C-fluxes from the ecosystems were considered in the main process
called "CO;". More specifically, they include the gross primary production (GPP), NPP, NEE,
the net biome production (NBP) and several types of respiration processes, e.g. ecosystem
respiration (RECO), heterotrophic respiration from both soil and grazing animals, and
autotrophic respiration.

NPP and NEE are the most commonly simulated C-fluxes (67%), followed by GPP
(56%) and RECO (44%), whilst just a few models simulate the NBP. Despite only 44% of the
models taking into account RECO, most of them only consider soil respiration (89%). Plant
respiration is considered by 56% of the models, whilst only 33% of the models take into
account respiration from grazing animals.

Among all of the models analysed only DNDC is able to simulate all the CO, fluxes
considered. More than 70% of CO,-GHG can be simulated also by APSIM, DayCent and
PaSim. The CO, simulated by the highest number of models (i.e. six models) are NPP, NEE
and soil respiration.

The main non-CO, fluxes (for simplicity called non CO,-gas) include CH4, N2O, several
N emissions (i.e. NH3, NOy, N>) and Os.
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N,O emissions are most commonly simulated (78%), followed by NH3; (56%). By
contrast, only a few models generate CH, and N, emission outputs (44%) and NOy (33%).
None of the models provide ozone (O3) emissions output.

N,O emissions provided by the models are mostly generated by denitrification and
nitrification (78%), mainly based (i.e. >70% of the models) on a soil N pools (e.g. nitrate
pool, NH, pool) with soil water and temperature acting as main drivers of change on mineral
N pools.

Among all models analysed DayCent and DNDC were able to simulate all non CO,-gas
considered in our analysis. However, more than 70% of non CO,-gas can be simulated also by
APSIM, PaSim and CERES-EGC. The non CO,-GHG simulated by the highest number of
models (i.e. seven models) was N,O. The models able to simulate the highest number of
variables (i.e. CH4, N,O and N,) were APSIM, DayCent, DNDC and PaSim.

Ten specific N processes were considered in the models: nitrification, denitrification,
volatilization, leaching, symbiotic fixation, assimilation, mineralization, immobilization, plant
uptake, and clay fixation. All these processes were widely simulated (i.e. >70%) by the
models considered in our analyses, with the only exception of clay fixation, that is considered
only by DNDC model.

Among the models analysed, only RothC does not take into account any N process. All
the remaining models are able to simulate each of the N processes considered in our analysis,
with the only exceptions being APSIM, which does not consider NH3 volatilization, and

PaSim and STICS, which only take account of assimilation indirectly (C:N-driven).

3.5, Management

All models are able to simulate the impact of the most common farming practices (i.e.
harvesting, mowing, fertilization, tillage, irrigation, etc.) on the processes described so far. By
contrast, specific options for grasslands, such as plant use and nutrient returns from grazing
animals (as well as animal performances such as weight growth and milk production) are
simulated by a lower number of models (Table S5, see supplementary material).

Harvesting, cutting, tillage, irrigation and crop rotation are widely simulated (>70% of
models). Moreover, all models simulate fertilization and residue management. Concerning
fertilization, however, only application of mineral N and organic amendments are widely
simulated, while only a few models simulate other types of fertilizer such as phosphorus,
potassium, sulphur and calcium. Similarly, the management of crop residues is based mainly
on their burning or leaving on the ground surface, whilst only 33% of the models also
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consider burial (e.g. STICS accounts for burial through tillage). Among other agricultural
practices, about half of the models consider pruning and water management (i.e. rice), but
only a few consider pesticide application.

The practices considered in the analysis are generally set by users. Some models also
offer options to trigger management events (i.e. fertilization and irrigation) based on changing
conditions during the simulation.

Simulation of grazing, animal performances and nutrient returns were taken into
account as specific options for grasslands.

Concerning grazing, models are for the most part based on user-determined settings
(start and end dates, animal density); some of them also include options related to evolving
conditions (APSIM, EPIC and PaSim), selective grazing (APSIM and PaSim) and trampling
effect (APSIM).

Animal performance simulation is considered by 55% of the models through
simple/static methods (APSIM and EPIC) or detailed/dynamic methods (PaSim), and based
on feeding standards or fill units (APSIM, DNDC and RothC).

Finally, nutrient return was considered by 66% of the models, based on uniform
distribution of returns across the whole field.

CERES-EGC, DSSAT and STICS do not include very specific agricultural options for
grasslands. APSIM is the most detailed model for grasslands.

4. C and N cycles: performance, strengths and weaknesses

In this section, we provide an overview of the C and N approaches used by the CN-MIP
models (see Table 4 and supplementary), and their performance as documented for a broad
gradient of geographic and climatic conditions, as well as a variety of soil types and
management practices, to gain insight into their main strengths and weaknesses. To do that,
we have summarised the results of 130 published modelling studies (Table 5).

In the analysis of the effects on C and N cycles of pedo-climatic conditions, we
considered variations of soil features such as temperature and moisture, texture, bulk density
(BD), pH, SOC, C and N dynamics and water-filled pore space (WFPS), and climate
conditions such as patterns of air temperature, precipitation, solar radiation, and including
frequency and intensity of extreme events such as floods and drought. Management practices
include changes in agricultural practices such as tillage, fertilization, irrigation, crop variety
on soil and vegetation and, in turn, on C and N cycles. The scale of application refers to the

influence on the model performances of the data types used. They may go from high-
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frequency measurements specific to the study site, which have been collected experimentally
within carefully designed plans, to low-frequency data which have been administratively
aggregated at a coarse spatial resolution (e.g. regional or national summaries).

Several types of weaknesses emerged in 95 modelling studies (Table 6), where
criticalities in assessing the impact of pedo-climatic conditions (45.9%) and management
practices (33.8%) on environmental variables are reflected in unsatisfactory model
performances. These latter were mostly related to limitations of model structure with respect
to difficulties of the algorithms in simulating the effects of different management practices on
C and N cycling. By contrast, only a few weaknesses were due to the scale of application,
strictly related to the high variability in time and space of C and N cycles (16.2% and 4.1%
for pedo-climatic conditions and management practices, respectively). For the C cycle, major
limitations of model structure were related to management practices (43.6%), whilst for the
scale of application, the major weaknesses were due to different pedo-climatic conditions
(11.5%). For the N cycle, however, limitations inherent in model structure were predominant
under different pedo-climatic conditions (51.1%), whilst for the scale of application, major

weaknesses were due to different pedo-climatic conditions (20.2%).

4.1.  Model structures and pedo-climatic conditions

Soil properties and climate conditions emerged as important factors for ensuring the
effective representation of outputs (Table 7). While climate issues were mainly related to
precipitation only, pedological factors concerned both the effect of changes of physical
(texture, bulk density and soil hydrologic properties) and chemical (C and N processes) soil
properties on C and N cycles.

Concerning soil physical characteristics, a primary role in modelling issues was played
by the soil water properties. Errors in the simulation of soil water content (SWC) were the
main cause of general discrepancies concerning C and N emissions in many studies (Table 7).
Discrepancies in C and N outputs were also observed under specific soil water conditions
such as the impact of soil freezing and thawing (Li et al., 2010) or soil shrinking and swelling
(Babu et al., 2006). Again, an inappropriate setting of initial state variables determined
discrepancies in N emissions (i.e. under- or over-estimation of N,O emissions peaks,
Gabrielle et al., 2006). Considerable overestimations of N,O emissions were found to be
closely related to overestimation of WFPS. WFPS is indeed one of the most important soil
variables influencing C and N cycles. For instance, microbially-mediated soil respiration and
N cycling processes tend to be higher or lower with increasing soil water content (e.g.

13



437
438
439
440
441
442
443
444
445
446
447
448
449
450
451
452
453
454
455
456
457
458
459
460
461
462
463
464
465
466
467
468
469
470

increased nitrification under aerobic conditions, increased denitrification under anaerobic
conditions, e.g. Bollmann. As WFPS reaches high values, soil respiration tends to decline and
denitrification occurs, resulting in N losses via N,O and N emissions. This condition was
observed especially for DayCent (Stehfest and Muller, 2004, Abdalla et al., 2010, Xing et al.,
2011, Ryals et al., 2014, 2015) and DNDC (Saggar et al., 2004, Abdalla et al., 2010). Fast
drainage is a particular issue for both the DayCent and DNDC models which drain water in
excess of field capacity immediately. This condition makes these models unable to accurately
predict N emissions at sites that consistently show soil moisture above FC (e.g. Uzoma et al.,
2015).

Soil bulk density (BD) was also a source of modelling error in simulating C and N
cycles. For CERES-EGC, Gabirielle et al. (2006) found a discrepancy in N,O emission peaks
due to inappropriate parametrization of soil water retention properties and bulk density from
test site to regional scales. Drouet et al. (2011) confirmed that BD was one of the most
influential factors for N,O emissions in CERES-EGC. The effect of BD increase was also
reported for DayCent by De Gryze et al. (2010) and Abdalla et al. (2009), respectively, which
observed an underestimation of N,O emissions in a conservation tillage treatment due to the
increase in BD, and an associated decrease in pore space over time as DayCent maintains a
steady BD and simulation compaction, while the conservation tilled field site resulted in
increased BD and reduced N,O emissions (Pisante et al., 2015). In fact, most of the selected
models, with the exception of EPIC, DNDC and STICS, do not simulate soil compaction or
loosening, as BD remains constant over time.

Texture was also found to be an influential soil physical characteristic. Congreves et al.
(2016) found an underestimation in NH; emissions with the DNDC model, which is unable to
simulate a heterogeneous soil profile. Similarly, Gagnon et al. (2016) confirmed that DNDC
does not effectively discriminate across soil textures to simulate soil CO, respiration. Clay
concentration affects SOC accumulation in different ways. According to some studies
(Nichols, 1984, Burke et al., 1989), SOC increases with increasing clay content due to the
bonds between the surface of clay particles and organic matter that retard the decomposition
process. In addition, a relevant fraction of microbial extracellular enzymes is adsorbed by
external and internal surfaces of clay size particles of soil phyllosilicate minerals (Burns et al.,
2013). The amount of bound enzymes increases with the increasing layer charge of
phyllosilicates (montmorillonite > illite > kaolinite) (Bayan and Eivazi, 1999). Sorption
causes conformational changes of enzymes’ active sites, and in turn reduces or even

suppresses the activity of enzymes (Bayan and Eivazi, 1999, Burns et al., 2013). Moreover,
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anaerobic conditions, that are expected to occur mostly in finer texture soils, also negatively
affect the amount of soil enzymes through reduction in the number of enzyme-producing
microorganisms (Inglett et al., 2005). Finally, the increase of clay content affects soil
aggregation, indirectly affecting SOC through the creation of macro-aggregates that can
physically protect organic matter molecules from further microbial mineralization (Rice,
2002, Plante et al., 2006). Thus, an overall reduction in SOM turnover in fine textured soils is
expected due to reduced substrate availability and overall microbial activity.

However, the effect of texture on SOC decomposition is controversial. For instance, for
10 sites in Canada (**C-labelled study) Gregorich et al. (2016) found that temperature (neither
soil texture nor other soil properties) was the only driver of decomposition. Furthermore,
texture parametrization is another possible source of error. For instance, Gijsman et al. (2002)
indicated that inaccuracies in soil texture data used as inputs may have affected soil retention
characteristics, thus resulting in discrepancies in SOC and soil mineral N dynamics.

Soil chemical processes are generally similar between the models and all models
considered showed difficulty in reproducing the observed C and N cycles. The processes
influencing SOM in the models include nitrification, denitrification, immobilization and
mineralization.

Discrepancies between modelled and observed data were often related to an
inappropriate SOC content parametrization (Pathak et al., 2005, Calanca et al., 2007,
Causarano et al., 2007, Smith et al., 2012, Gagnon et al., 2016). However, a considerable
source of error was also due to overestimation of SOC content (Abdalla et al., 2010, Gijsman
et al., 2002) or to the rate of soil C decomposition (Snow et al., 1999, De Gryze et al., 2010,
Lietal., 2015).

Nitrification is a two-stage process, performed by different groups of Archaea, bacteria
and fungi, consisting in the oxidation of ammonia or ammonium to nitrite (step 1) followed
by the oxidation of the nitrite to nitrate (step 2). For DayCent, Li et al. (2005) and Del Grosso
et al. (2008) found that overestimation in the nitrification rate was one of the main sources of
error for N emissions estimation. This was also found by Drouet et al. (2011), showing that
discrepancies in N,O emissions simulated by CERES-EGC were due to the high sensitivity of
the model to the maximum rate of nitrification. The nitrification rate, however, is usually
associated with a number of environmental factors including the substrate and oxygen (O2)
concentration, moisture, temperature and pH. For instance, this was observed by Li et al.
(2005), who pointed out that poor simulation of NH4" was caused by the inaccurate regulation
of the effect of temperature on nitrification in DayCent.
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Denitrification is a process where the reduction of soil nitrate to N-containing gases
takes place. The major discrepancies between modelled and observed N emissions were due
to an underestimation of the denitrification rate (Thorburn et al., 2010, Xing et al. 2011, Fitton
et al., 2014a, b). The underestimation of the denitrification rate can be due to different types
of errors. For instance, for APSIM, Thorburn et al. (2010) found the source of error in the
model parametrization, with the default value of denitrification coefficient much lower than
the optimized value. By contrast, Xing et al. (2011) indicated the response of denitrification
rate to soil temperature and moisture (or WFPS) as the main source leading to the
underestimation of denitrification. Generally, denitrification rates have been reported to be
directly proportional to temperature (Seitzinger, 1988), whilst soils with high organic matter
content (high dissolved organic C) and anaerobic conditions (i.e. waterlogged or poorly-
drained soils) can more easily favour high denitrification rates.

Another important source of modelling error resulted from the inaccurate estimation of
the immobilization-mineralization processes. N immobilization or mineralization depends on
the C:N ratio of the organic materials. The C:N ratio generally tends to decrease as the
organic matter becomes more decomposed. Inaccurate C:N parametrization can easily lead to
errors in C and N cycle related outputs. For instance, Li et al. (2015) observed for the DSSAT
model that differences between the modelled and measured soil C:N ratios led to SOC
overestimation. In the EPIC model, He et al. (2006) observed that general discrepancies in C
and N dynamics (i.e. lower net N mineralization rate, humification, etc.) were likely due to N
mineralization algorithms which may have underpredicted net N mineralization (NMN)
observable under field conditions. Smith et al. (2008) and Fitton et al. (2014a, b) found that
the underestimation in mineralization rate led to underestimation of N,O emissions. In the
same way, Del Grosso et al. (2010) indicated that overestimation of N,O emissions was due to
N mineralization rates that were too high and too responsive to climate drivers.

Finally, climate conditions influence the C and N outputs in several studies analysed.
Some issues were related to how the climate data have been used. For instance, in APSIM,
Thorburn et al. (2010) found discrepancies in N emissions (i.e. underestimation of
denitrification and N,O peaks) due to the application of spatially averaged rainfall data
instead of the use of specific test-site rainfall data. In other cases, the main issues were due to
the sensitivity of the model subroutines. For instance, Wattenbach et al. (2010) observed
overestimation in NEE peaks in southern European regions due to issues in coupling water
and C-fluxes. These issues were probably caused by the fact that the model was originally
developed to represent conditions typical of Northern regions. Again, Lawton et al. (2006)
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reported overestimation of NEE because of the oversensitivity of PaSim to initial
conditions/winter conditions. Most of the issues related to general discrepancies in simulated
C and N cycles, however, were related to precipitation only (Stehfest and Muller, 2004,
Jarecki et al., 2008, De Gyrze et al., 2010, Ludwig et al., 2011, Lehuger et al., 2014).
Precipitation and the resulting soil water dynamics strongly influence N cycling in terrestrial
ecosystems since it affects both physical transport and N biological transformations by soil
microorganisms (Brooks et al., 1999, Corre et al., 2002, Aranibar et al., 2004).

4.2.  Model structure and management

Management has a great impact on C and N cycles. In biophysical and biogeochemical
models, the correct representation of practices such as fertilization, irrigation and tillage in
crop systems, and cutting and grazing in grassland systems, is needed to ensure the greatest
suitability of outputs.

In the models, fertilization, which influences soil C and N transformations (e.g.
acidification following fertilization) and trace gas emissions, was often not well represented
(Table 7). For DayCent, Fitton et al. (2014a, b) indicated an underestimation of N,O
emissions due to the low sensitivity of the model at low N application rates. In DNDC,
Congreves et al. (2016) found that NH3; emissions were underestimated due to a simple
modelled cascade water flow, which may have limited the ability of the model to simulate
slurry infiltration rates. Also, Causarano et al. (2007) observed general discrepancies in C-
dynamics (i.e. overestimation of microbial biomass C and total organic C, underestimation of
particulate organic C), due to inadequate representation of the effects of tillage and manure in
the EPIC model. Another issue related to fertilization was the inability of many models to
replicate the effect of specific types of fertilizer. For instance, using DayCent Stehfest and
Muller (2004) found overestimation of N,O emissions under urine application, where N was
concentrated in small hotspots. For the same model, Ryals et al. (2014 and 2015)
underestimated CO, emissions since no soil water benefits were provided by adding compost.
This condition was likely due to the lack of increased modelled decomposition because the
model was not able to increase soil water contents when compost was added. Gu et al. (2014)
overestimated N,O emissions, soil nitrate and ammonia concentrations due to the inability of
DNDC to include canopy interception and foliar N uptake when spraying liquid fertilizer.

Finally, residue management was one of the main weaknesses related to N management
(Cavero et al., 1996, Sleutel et al., 2006, Rampazzo Todorovic et al., 2010, Wang et al.,
2013). The amount of N applied with residues depends on the quantity of residues and their N
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concentration. These two factors affect the mineralization-immobilization turnover, whilst
their net balance varies with environmental conditions (mainly soil moisture and temperature)
and the characteristics of the organic matter (i.e. C:N and the decomposition rate). Since
residues directly influence soil C and N processes, residue management in the models resulted
in consistent modelling weaknesses. For instance, Justes et al. (2009) underestimated the N
mineralization in STICS due to inappropriate parametrization of the model (i.e. default values
of the decomposition module were used). In a similar way, Liu et al. (2009) overestimated the
SOC content when stubble (wheat and lupine) was applied due to the use of the conventional
setting of the stubble retention factor in RothC. Using DayCent and DNDC, Smith et al.
(2012) underestimated SOC due to a slight overestimation of residue removal impact.
However, the authors indicated that this could have been partly due to the inherent variability
in SOC measurements. Smith et al. (2012) also found that DNDC tended to underestimate the
rate of SOC change as affected by residue removal at some sites. Using DSSAT, Hartkamp et
al. (2004) overestimated SOC in the crop rotations with N fertilization. This overestimation
was due to inaccurate initial SOC (i.e. overestimated SOC values) which was related to an
overestimation of the biomass incorporated into the soil. Similarly, Wang et al. (2005)
underestimated the SOC content using the EPIC model due to a structural error in
underestimating the return of corn residues. He et al. (2006) found general discrepancies in C
and N dynamics because the EPIC model underestimated the capacity of the soil to transform
crop residues into SOM.

Tillage is one of the agricultural practices most commonly simulated by the models and
an issue in most modelling applications. The use of tillage or reduced tillage can greatly affect
soil properties, and since the models do not adjust some soil properties overtime (such as bulk
density) which results in inaccuracies in simulations. Compared with conventional tillage,
no/reduced tillage may lead to increasing rather than decreasing emissions (e.g. due to higher
density and WFPS, more SOM near the soil surface thus higher denitrification potential,
tendency to acidification and thus lower reduction of N,O to Ny etc.). Identifying
mechanisms which help understand simulate emissions with no tillage is thus a key issue. In
our analysis management effects (i.e. tillage) which influences topsoil erosion emerged as a
point of weakness. This is because many models do not take into account adequately C-losses
due to erosion. For instance, Nieto et al. (2010, 2013) overestimated SOC content using
RothC, whilst Billen et al. (2009) observed general discrepancies in SOC content with EPIC.

Another point of weakness in simulated tillage was the inadequate representation of
changes in soil properties over time. For instance, Luo et al. (2011), using APSIM,
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underestimated SOC decomposition. In this case, whilst tillage may have led to acceleration
in soil C oxidation due to changes in soil environmental parameters (i.e. water retention,
porosity, aeration, etc.), APSIM failed to simulate changes in these soil properties over time,
which is a common issue amongst most models. Similarly, Causarano et al. (2007) found
general discrepancies in C dynamics (i.e. overestimation of microbial biomass C and total
organic C, underestimation of particulate organic C) due to an inadequate reproduction of the
effects of tillage and manure on soil properties.

In addition to fertilization and tillage, which were probably the most commonly
simulated agronomic practices, model weaknesses were found in relation to other practices.
For instance irrigation, especially accompanied by fertilization, was observed to affect
simulated C and N cycles. Jackson et al. (1994) and Cavero et al. (1999) underestimated N
fluxes under irrigated experiments using EPIC. The main source of error was related to an
overestimation of the soil N losses via leaching or denitrification during the irrigated crop
period. Grassland management was also seen to be a possible point of weakness for the
models. For instance, Lawton et al. (2006), Vuichard et al. (2007) and Ma et al. (2015)
observed general discrepancies in C-fluxes (i.e. net ecosystem exchange and ecosystem
respiration) under different grazing intensities using a grassland-specific model (PaSim). As
suggested by Vuichard et al. (2007), a continuous defoliation by grazing is indeed difficult to
account for as a permanent disturbance in the model. The grazing effect, however, is
associated with other parameters related to ecosystem and climate conditions, which makes it
difficult to pinpoint the parameter which most strongly influences the uncertainty of the
model output (Gottschalk et al., 2007).

Finally, model weaknesses also result from management options that are not included.
This type of weakness has emerged in several studies carried out using the RothC model. For
instance Skjemstad et al. (2004) found general discrepancies in C dynamics due to ecosystem
disturbances, which were not included in RothC (i.e. clearing and burning of pulled
vegetation). Shirato and Yokazawa (2005) underestimated SOC content due to the
decomposition rate of SOM under rice cultivation being too low (i.e. effect of waterlogged
soil not included in RothC), and Farina et al. (2013) reported some discrepancies in C-fluxes

when the model simulated rotations that included a fallow period.

4.3.  Time-scale
Biophysical and biogeochemical models enable the estimation of C and N emissions at
various temporal and spatial scales. Compared to the emission factor approaches often used
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by organizations and individuals to calculate GHG emissions for a range of activities, these
tools include the influences of agricultural practices, land-use change and soil properties, and
estimate the influences of weather on emissions over time.

The ability of these models to accurately reproduce detailed dynamics of C and N
emissions depends on the degrees of complexity of the model itself. Current process models,
with high complexity, are able to calculate in detail both C and N emissions due to their
consideration of all soil-plant-atmosphere interactions. These tools are able to provide
reasonable estimates of trace gas emissions from soils, usually for a specific site and at
seasonal or annual time scales. By contrast, however, they are less successful at finer time
resolution (e.g. daily) and on different sites from the ones where they have been previously
calibrated. In our analysis several studies showed weaknesses due to the time-spatial scale
associated with both pedo-climatic conditions and management.

Concerning time-scale weaknesses, Xing et al. (2011) underestimated N,O emissions at
the daily time step using APSIM, while the use of the hourly time step may have likely
improved the estimate of predicted total daily emissions. This is because, in the APSIM
model, as in most models, N,O emissions were released immediately to the atmosphere
without delay upon change in environmental conditions whereas the observations indicated
that there was a 1-10 hour lag between peaks of soil moisture and gaseous emissions.
Similarly, Lehuger et al. (2011) using CERES-EGC indicated an overestimation in N,O
emissions, probably due to a possible time lag between the production of gaseous N,O in the
soil and its emission to the atmosphere. Also, several studies carried out using DayCent
(Parton et al., 2001, Del Grosso et al., 2005, 2010) observed some discrepancies in simulated
N emissions due to time-lag. This was found to agree with the results of Li et al. (2005),
which indicated that DayCent often has a 1-day lag before emissions occur. In all these cases,
the use of hourly time step may result in better predictions especially in conjunction with the
addition of a description of gas diffusion into soil, which could result in a delay between N,O
production and emission.

Concerning spatial-scale weaknesses, Gabrielle et al. (2006) found discrepancies in N,O
emission peaks using CERES-EGC. This was probably due to soil property parametrization
(i.e. soil water retention properties and bulk density) which may have led to differences in N
outputs from test sites to the regional scale. Using EPIC, general discrepancies in C-fluxes
(i.e. overestimation of microbial biomass C and total organic C, underestimation of particulate
organic C) were likely caused by spatial differences in C fraction due to differing soil
landscapes (Calanca et al., 2007). Schnebelen et al. (2004) overestimated soil N absorption
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with the STICS model. This was probably due to propagation of errors for continuous
simulations compared to single-year simulations. More specifically, the underestimation of

some parameters in the previous year may have led to errors in the following years.

5. New developments/future perspectives

In the above analysis, an indication was given of models’ predictive strength, while also
hinting at possible limitations in the underlying hypotheses from the literature in the cases
where discrepancies between model and observation occurred. Despite this extensive analysis,
knowledge of basic mechanisms driving C and N cycles in agricultural systems is still far
from complete and key questions remain, including: what exactly triggers the cascade of
events that finally lead to biological responses? How to differentiate between causes and
consequences? How does the knowledge derived from system observations relate to
mechanistic events? How does the current knowledge on C and N cycling in agriculture fit
with available mechanistic representations? Discrepancies between model outputs and
observations can be ascribed to a wide diversity of causes, without any real tendency to
associate them with one or another cause. The analysis reported in this work suggested
however three (quite large) areas of interest for possible improvements of C and N models: i)
soil biology, comprising SOM heterogeneity, decomposition kinetics, and N immobilization;
i) soil physics, including the representation of soil physical properties and the simulation of
its effects on reaction rates; and iii) soil management, which indirectly affect soil processes by
modifying soil physical, chemical and biological properties.

Based on the main issues found in our analysis, despite recognizing the importance of
soil management (Andales et al., 2000), N transformations (Heinen, 2006, Congreves et al.,
2016), and plant-soil interactions (Kuzyakov, 2002, Roose and Schnepf, 2008, Kuzyakov and
Xu, 2013), here we focus on some innovative aspects related to soil biology and soil physics,
and the interface between the two that requires attention (Blagodatsky and Smith, 2012). This
choice is justified in that development of robust predictive frameworks is critical to managing
soil biology and its essential functions and services (Thrall et al., 2011). They can help
disentangling the causal links between soil biology and structure, physical-chemical factors
and ecological processes (e.g. nutrient cycling, soil C sequestration) that contribute to plant
community development and function. In addition, how soil communities respond to and
impact on plant succession (e.g. via regulatory networks that respond to the availability of

fixed N) may be important for predicting the role of plant—soil feedbacks in determining the
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dynamics of soil microbial communities and the impact of anthropogenic disturbance on soil
diversity and function.

Soil microbial biomass (SMB) is generally only implicitly modelled by representing it
as a C pool not affecting substrate decomposition directly (Manzoni and Porporato, 2009).
Approaches of this type mostly implement solutions that are biologically meaningful (e.g.
representing realistically SOM turnover) and computationally tractable within a simulation
(i.e. with reduced overall complexity of the full model and a limited number of free
parameters to be tuned), which make them suitable for analyses in long-term studies
(Manzoni and Porporato, 2009, Sierra et al., 2015a). In recent years, researchers have
advocated a representation of SOM turnover driven by SMB to gain insight into decomposing
SOM-SMB interactions (Schimel and Weintraub, 2003, Lawrence et al., 2009, Blagodatsky et
al., 2010, Schmidt et al., 2011). For C and N substrates, concentration constraints driven by
microbial allocation patterns could thus be represented in novel biogeochemical models based
on microbial physiology (Allison et al., 2014). In this way, models based on microbial
biomass-driven SOM decomposition are promising to provide a realistic simulation of SOM
turnover in relation to changes in environmental conditions compared to existing models that
do not explicitly simulate SMB (Lawrence et al., 2009, Allison et al., 2010, Conant et al.,
2011, Sierra et al., 2015b). It is quite common to use classical enzymatic kinetics like
Michaelis-Menten or Monod-type Kkinetics to implement substrate-SMB co-limitation
(Blagodatsky and Richter, 1998, Hadas et al., 1998, Wutzler and Reichstein, 2013, Cavalli et
al., 2016), even if simpler decomposition kinetics have also been proposed (Manzoni and
Porporato, 2007, Withmore, 2007, Wutzler and Reichstein, 2008). Conversely, more general
model formulations are described in Neill and Gignoux (2006) and Neill and Guenet (2010) to
simulate microbial growth in soil accounting for both positive and negative priming effects.
The priming effect is defined as any change (positive or negative) of native SOM
decomposition rate following the addition of exogenous organic matter or nutrients, compared
to no addition (Fontaine et al., 2007, Kuzyakov et al., 2000, Kuzyakov, 2010, Chen et al.,
2014, Perveen et al., 2014).

Even in models with explicit SMB, microbial community is usually simulated with one
or few pools, each representing microorganisms belonging to a different functional group
(Moorhead and Sinsabaugh, 2006). However, further model developments could be achieved
if diversity in soil microbial traits is included in the model, allowing microorganisms with
optimal strategies to outperform other microorganisms with less favorable traits in a given

environment (Allison et al., 2012, 2014). In such models, genomic and metagenomics data
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can be integrated with other sources of information to define distributions of microbial traits
that are used to characterize the microbial community (Vereeken et al., 2016).

Another important aspect regarding SOM turnover is the effect of N shortage on SOM
decomposition. Soil microorganisms are characterised by a narrow range of variation in their
C to N ratio (Cleveland and Liptzin, 2007, Xu et al., 2013); thus, they can be approximately
considered homeostatic (i.e. they do not change markedly their C to N ratio according to
substrate C to N ratio). Mechanisms of adaptation to stoichiometric imbalances between
substrates and SMB were reviewed in detail by Mooshammer et al. (2014a). One postulated
mechanism of adaptation regards the variation of microbial C use efficiency (CUE, defined as
the ratio between newly-formed biomass C and decomposed C) and of N use efficiency
(NUE, defined similarly to CUE) to accommodate for excess or deficit of C or N (Manzoni et
al., 2012, Sinsabaugh et al., 2013, Mooshammer et al., 2014b, Jeyer et al., 2016).

Soil organic matter decomposition is operated mostly by the activity of extracellular
enzymes (Burns et al., 2013), and any cost associated with the production of enzymes
decreases CUE (Manzoni et al., 2012). Microorganisms evolved to optimize resource
allocation for the synthesis of exoenzymes in response to environmental and physiological
factors (Allison et al.,, 2011). According to Sinsabaugh and Follstad Shah (2012) and
Sinsabaugh et al. (2016) CUE and NUE are both related to the activities of C and N acquiring
exoenzymes (measured as potential activities of [-1,4-glucosidase, and [3-1,4-N-
acetylglucosaminidase and leucine aminopeptidase, respectively). Thus, variations in CUE
and NUE arise because SMB regulates exoenzyme production (in terms of amounts and type
of synthetized enzymes) to attenuate the differences between their growth requirements and
available resources (Sinsabaugh et al., 2016).

Another mechanism of CUE regulation by SMB when SOM decomposition is N-limited
is overflow metabolism (Russel and Cook, 1995): excess C is excreted as extracellular C
compounds (like polysaccharides) (Hadas et al., 1998, Cavalli et al., 2016), or lost as CO,
(Schimel and Weintraub, 2003, Neill and Gignoux, 2006). Conversely, when N is in excess
relative to C (decomposition is limited by C availability), net N mineralisation occurs. Models
usually implement N deficit effects on SOM decomposition with the N inhibition hypothesis
(Manzoni and Porporato, 2009), that is, SOM turnover is reduced according to N availability,
and thus CUE does not change. Alternatively, other models (lzaurralde et al., 2006,
Withmore, 2007) allow SMB to vary its C to N ratio according to stoichiometric imbalances,

and thus they consider SMB as non-homeostatic.
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Decomposition of SOM in soil occurs at microsites showing varying N availability
(Schimel and Bennett, 2004). This is caused by heterogeneity of both SOM and of soil
physical properties (Schmidt et al., 2011). Thus, N is supposed to flow from micro-sites
showing net N mineralisation to others showing net N immobilisation (Schimel and Bennett,
2004). Mathematically, the heterogeneity of SOM decomposition in a first approximation can
be simulated considering that not all organic N in substrates is available to SMB, according to
the parallel hypothesis (Manzoni and Porporato, 2007). The use of a simple lumped SOM
model, based on the parallel approach, was shown to provide almost similar results to the
same model structure that explicitly took into account the heterogeneity of soil
decomposition, and in which all organic N in substrates was available to decomposers,
according to a direct assimilation pathway (Manzoni et al., 2008).

The heterogeneity of SOM is simulated with models that comprise several pools of
different decomposability (Nicolardot et al., 2001, Manzoni and Porporato, 2009, Sierra et al.,
2011, Sierra and Miller, 2015). In many models, decomposition constants of model pools
incorporate intrinsic chemical recalcitrance of SOM, and availability of SOM to decomposers
(Nicolardot et al., 2001, Sierra and Miller, 2015). However, it was recently emphasised that
chemically-labile (or high-quality, and thus potentially easily-degradable) molecules can
persist in soil for a long time due to constraints on their microbial decomposition not related
to intrinsic chemical characteristics (Kleber, 2010, Marschner et al., 2008): biology of
decomposers, abiotic reactions and desorption, environmental variables and physicochemical
stabilisation processes (Ekschmitt et al., 2005, Kemmit et al., 2008, Kleber et al., 2011,
Schmidt et al.,, 2011, Dungait et al., 2012). Regarding SOM physical and chemical
stabilisation, models that explicitly represent protected and unprotected SOM pools of similar
chemical characteristics (Kuka et al., 2007) allow separating intrinsic recalcitrance (substrate
quality) from availability, and thus enable simulating long-term stabilisation of chemically
easily-decomposable high-quality SOM (Dungait et al., 2012). In addition, more sophisticated
and realistic approaches to simulate soil physicochemical heterogeneity, and thus variability
of SOM decomposition, were implemented in SOM models that represent soil as 3D structure
in which decomposition takes place (Garnier et al., 2008, Masse et al., 2007, Monga et al.,
2009, 2014).

Improving soil biology aspects related to the production and consumption of gases (O,
CO,, CH4, N20O, and N,) will improve the simulation of soil gas concentrations. However, this
is not sufficient to achieve proper simulations of GHG emissions, as accounting for gas
transport through the soil profile is also important. As pointed out by Blagodatsky and Smith
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(2012), it is necessary to find the right balance in complexity between biological and soil
physical simulations. For example, the higher soil tortuosity the higher the N»/N,O ratio,
because N,O has more possibilities to be reduced when the escape pathway from the N,O
production sites to the atmosphere (and thus its diffusion time) is longer. Adequate simulation
of gas transport in soil can be achieved using mechanistic models based on water, heat, and
gas transport equations, and gas-liquid phase exchange. A further connection among soil
biology and soil physics research will be to simulate SOM turnover and gas production,
consumption, and transport in a 3D soil structure using the concepts presented above, so as to
achieve a more realistic representation of environmental effects (soil temperature and
moisture), especially in the context of climate change.

One final observation is that all of the model improvements presented above require
adequate simulation of initial conditions of inorganic N availability. Thus, it is mandatory that
all processes affecting soil ammonium concentration be accurately simulated. Among these,
ammonium fixation in non-exchangeable form by clay minerals in fine-textured soils can play
a central role in determining the availability of N for microorganisms. Research on cation
exchange in soil demonstrated that monovalent cations with low hydration energy and ionic
radius that fits the ditrigonal cavities of the basal oxygen planes of 2:1 clay minerals are
selectively sorbed at frayed edges of illite (partially weathered micas) and vermiculite, and at
interlayer positions of vermiculite (Sawhney, 1972). Sorption of NH," (like K*, Rb*, and Cs™)
in such exchange sites causes interlayer dehydration and layer collapse (Nieder et al., 2011).
Such ions are strongly held against replacement by other cations and are termed fixed. After
its application to soil with fertilisers, a relevant fraction of ammonium can be very rapidly
(hours or days) fixed by clay minerals (NOommik, 1957) and is very slowly released during the
following weeks or months (Steffens and Sparks, 1997). This fraction of applied N is thus not
immediately available for nitrification, microbial immobilisation, and plant uptake. For a
comprehensive survey of the factors influencing ammonium fixation / release readers can
refer to reviews by Nommik & Vahtras (1982) and Nieder et al. (2011).

Despite its importance, ammonium fixation / release is not commonly simulated by
crop/grassland system and SOM models. The rapid fixation can be simulated with well-
known isotherms, which represent the static adsorption of an ion onto a surface (Cameron and
Kowalenko, 1976, Cavalli et al., 2015) as a function of ion concentration. However,
ammonium exchange reactions in soil are affected by the presence of other cations (such as
K* and Ca®"), and thus models should take into account for ion interactions (Bradbury and

Baeyens, 2000; Evangelou and Lumbanraja, 2002). Research is needed to estimate model
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parameters depending on soil characteristics (such as type of clay, potassium concentration,

and soil water content) and to simulate ammonium release over time.

6. Summary and concluding remarks

At present, process-based biogeochemical models represent a valuable tool for
examining the magnitude and spatial-temporal patterns of C and N fluxes in terrestrial
biosphere dynamics. Our analysis shows that there is still great divergence between models in
the simulation of C sequestration and GHG source/sink status, in relation to a different
interpretation of physical and biogeochemical processes.

Representative works have been summarized to provide a general overview of the state-
of the-art of models, and to allow process-based models (the nine identified in this study) to
be compared and selected for the simulation of C and N cycles in crop and grassland systems.
We classified models into categories according to three levels of knowledge: five general
classes (level 1), 20 main processes (level 2), and 196 methods/options/components (level 3),
and then we assessed the tools in terms of the comprehensiveness of processes related to
pedo-climatic and management options, and their accuracy in a variety of contexts.

This review highlighted strengths and weaknesses of the models analysed. Essentially,
they involve limitations in simulating the effects of pedo-climatic conditions (45.9%) and
different management practices (33.8%). Other weaknesses (i.e. 20.3%) were due to the scale
of application in time and space.

The major limitations of model structure related to C-cycles were observed under
management practices (43.6%), whilst for the scale of application the major weaknesses were
due to different pedo-climatic conditions (11.5%). For both the N-cycle modelling and scale
of application, the main limitations were found in the response to different pedo-climatic
conditions (51.1% and 20.2%, respectively).

All the models considered here showed positive and negative features and none may
necessarily be ideal in any particular circumstance. If the model chosen is not able to
reproduce the output required, two or more of these models may be combined to derive upper
and lower values for all simulated outputs. Moreover, a decision about which model or
models to use should be seen as dynamic, not static. As conditions change, or if one model
proves unsuccessful, they can be adapted or replaced with other, more suitable, models.

Although the above reported weaknesses were already known due to a wide number of
published studies, in the present analysis we have tried to relate them to their causes in the

view of using them as an effective basis for improving current modelling approaches.
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Although different avenues could be considered to improve models (e.g. Coucheney et al.,
2015), mainly depending on the purpose of modelling, to overcome the reported limitations
and account for the effect of multiple disturbances (i.e. pedo-climatic conditions, management
practices, scale of analysis) affecting basic processes, as well as to simplify the decision of
which model to choose to understand mechanistically specific study-contexts and to make
detailed predictions in a large diversity of situations, some innovative aspects should be
considered in the modelling work. Among these, we target the representation of SOM
turnover driven by SMB, the effect of N shortage on SOM decomposition, improvement
related to the production and consumption of gases (O,, CO,, CH4, N2O, and N;), adequate
simulations of gas transport in soil, the use of a 3D soil structure in order to achieve a more
realistic representation of environmental effects (soil temperature and moisture), especially in
the context of climate change.

Model improvement thus implies extending the existing body of knowledge on
ecological and biogeochemical concepts, to allow them to be incorporated using novel
approaches, thus improving the representation of the dynamics of the ecosystems, and the

related advantages for stakeholders.

27



894
895
896
897
898
899
900
901
902
903
904
905
906

Acknowledgements

This work was developed by the CN-MIP project of the Joint Programming Initiative
‘FACCE’ (https://www.faccejpi.com) under the auspices of the Global Research Alliance for
Agricultural Greenhouse Gases - Integrative Research Group
(http://globalresearchalliance.org/research/integrative). The project, coordinated by the French
National Institute for Agricultural Research (INRA), received funding by the ‘FACCE’ Multi-
partner Call on Agricultural Greenhouse Gas Research through its national financing bodies.
The authors acknowledge Val Snow (AgResearch — Christchurch, New Zealand) for several
constructive comments and stimulating discussions on the subject of this paper. We are also
grateful to the EPIC development team, particularly Jimmy R. Willliams (Texas A&M
University) and R. César lzaurralde (University of Maryland), who advised about properties

and new developments of the model.

28


https://www.faccejpi.com/
http://globalresearchalliance.org/research/integrative

907
908
909
910
911
912
913
914
915
916
917
918
919
920
921
922
923
924
925
926
927
928
929
930
931
932
933
934
935
936
937
938
939
940

REFERENCES

1)

2)

3)

4)

5)

6)

7)

8)

9)

10)

Abdalla, M., Wattenbach, M., Smith, P., Ambus, P., Jones, M., Williams, M., 2009.
Application of the DNDC model to predict emissions of N,O from Irish agriculture.
Geoderma 151, 327-337. doi:10.1016/j.geoderma.2009.04.021

Abdalla, M., Jones, M., Yeluripati, J., Smith, P., Burke, J., Williams, M., 2010. Testing
DayCent and DNDC model simulations of N,O fluxes and assessing the impacts of
climate change on the gas flux and biomass production from a humid
pasture. Atmospheric Environment 44, 2961-2970. doi:10.1016/j.atmosenv.2010.05.018
Abrahamson, D.A., Causarano, H.J., Williams, J.R., Norfleet, M.L., Franzluebbers, A.
J., 2009. Predicting soil organic carbon sequestration in the southeastern United States
with EPIC and the soil conditioning index. Journal of Soil and Water Conservation 64,
134-144. doi:10.2489/jswc.64.2.134

Allison, S.D., 2012. A trait-based approach for modelling microbial litter
decomposition. Ecology Letters 15, 1058-1070. do0i:10.1111/j.1461-0248.2012.01807.x
Allison, S.D., 2014. Modeling adaptation of carbon use efficiency in microbial
communities. Frontiers in Microbiology 5, 1-9. doi:10.3389/fmich.2014.00571Allison,
S.D., Chacon, S.S., German, D.P., 2014. Substrate concentration constraints on
microbial ~ decomposition.  Soil  Biology &  Biochemistry 79, 43-49.
doi:10.1016/j.s0ilbio.2014.08.021

Allison, S.D., Weintraub, M.N., Gartner, T.B., Waldrop, M.P., 2011. Evolutionary-
economic principles as regulators of soil enzyme production and ecosystem function. In
Soil Enzymology (eds. Shukla, G., Varma, A.), Springer-Verlag, Berlin, Germany, pp.
229-243.

Andales, A.A., Batchelor, W.D., Anderson, C.E., Farnham, D.E., Whigham, D.K,,
2000. Incorporating tillage effects into a soybean model. Agricultural Systems 66, 69-
98. doi:10.1016/S0308-521X(00)00037-8

Angers, D.A., Voroney, R.P., Coté, D., 1995. Dynamics of soil organic matter and corn
residues affected by tillage practices. Soil Science Society of America Journal 59, 1311-
1315. d0i:10.2136/ss5aj1995.03615995005900050016x

Apezteguia, H.P., lzaurralde R.C., Sereno, R., 2009. Simulation study of soil organic
matter dynamics as affected by land use and agricultural practices in semiarid Cordoba,
Argentina. Soil and Tillage Research 102, 101-108. doi:10.1016/j.still.2008.07.016
Aranibar, J.N., Otter, L., Macko, S.A., Feral, C.J., Epstein, H.E., Dowty, P.R., Eckardt,
F., Shugart, H.H., Swap, R.J., 2004. Nitrogen cycling in the soil—-plant system along a

29



941
942
943
944
945
946
947
948
949
950
951
952
953
954
955
956
957
958
959
960
961
962
963
964
965
966
967
968
969
970
971
972
973

11)

12)

13)

14)

15)

16)

17)

precipitation gradient in the Kalahari sands. Global Change Biology 10, 359-373.
d0i:10.1111/j.1365-2486.2003.00698.x

Asseng, S., Ewert, F., Rosenzweig, C., Jones, J.W., Hatfield, J.L., Ruane, A.C., Boote,
K.J., Thorburn, P.J., Rétter, R.P., Cammarano, D., Brisson, N., Basso, B., Martre, P.,
Aggarwal, P.K., Angulo, C., Bertuzzi, P., Biernath, C., Challinor, A.J., Doltra, J.,
Gayler, S., Goldberg, R., Grant, R., Heng, L., Hooker, J., Hunt, L.A., Ingwersen, J.,
Izaurralde, R.C., Kersebaum, K.C., Miiller, C., Naresh Kumar, S., Nendel, C., O’Leary,
G., Olesen, J. E., Osborne, T.M., Palosuo, T., Priesack, E., Ripoche, D., Semenov, M.,
A., Shcherbak, I., Steduto, P., Stockle, C., Stratonovitch, P., Streck, T., Supit, 1., Tao,
F., Travasso, M., Waha, K., Wallach, D., White, J.W., Williams, J.R., Wolf, J., 2013
Uncertainty in simulating wheat yields under climate change. Nature Climatic
Change 3, 827-832. d0i:10.1038/nclimate1916

Aulagnier, C., Le Dizés, S., Maro, D., Hébert, D., Lardy, R., Martin, R., 2013. The
TOCATTA-y model for assessing 14C transfers to grass: an evaluation for atmospheric
operational releases from nuclear facilities. Journal of Environmental Radioactivity 120,
81-93. doi:10.1016/j.jenvrad.2012.12.012

Babu, Y.J.,, Li, C., Frolking, S., Nayak, D.R., Adhya, T.K., 2006. Field validation of
DNDC model for methane and nitrous oxide emissions from rice-based production

systems  of India. Nutrient  Cycling in  Agroecosystems 74,  157-174.
d0i:10.1007/s10705-005-6111-5

Bayan, M.R., Eivazi, F., 1999. Selected enzyme activities as affected by free iron oxides
and clay particle size. Communications in Soil Science and Plant Analysis 30, 1561-
1571. doi: 10.1080/00103629909370308

Baranc¢ikova, G., Halas, J., Guttekova, M., Makovnikova, J., Novakova, M., Skalsky,
R., Tarasovi¢ova, Z., 2010. Application of RothC model to predict soil organic carbon
stock on agricultural soils of Slovakia. Soil and Water Research 5, 1-9.

Bellamy, P., Loveland, P., Bradley, R., Lark, R., Kirk, G., 2005. Carbon losses from all
soils across England and Wales 1978-2003. Nature 437, 245-248.
doi:10.1038/nature04038

Bernardos, J.N., Viglizzo, E.F., Jouvet, V., Lértora, F.A., Pordomingo, A.J., Cid, F.D.,
2001. The use of EPIC model to study the agroecological change during 93 years of
farming transformation in the Argentine pampas. Agricultural Systems 69, 215-234.
d0i:10.1016/S0308-521X(01)00027-0

30


doi:10.1016/j.jenvrad.2012.12.012

974
975
976
977
978
979
980
981
982
983
984
985
986
987
988
989
990
991
992
993
994
995
996
997
998
999
1000
1001
1002
1003
1004
1005
1006

18)

19)

20)

21)

22)

23)

24)

25)

26)

Billen, N., Rdoder, C., Gaiser, T., Stahr, K., 2009. Carbon sequestration in soils of SW-
Germany as affected by agricultural management - calibration of the EPIC model for
regional simulations. Ecological Modelling 220, 71-80.
doi:10.1016/j.ecolmodel.2008.08.015

Blagodatsky, S.A., Richter, O., 1998. Microbial growth in soil and nitrogen turnover: a
theoretical model considering the activity state of microorganisms. Soil Biology and
Biochemistry 30, 1743-1755. doi:10.1016/S0038-0717(98)00028-5

Blagodatsky S, Blagodatskaya E, Yuyukina T, Kuzyakov Y, 2010. Model of apparent

and real priming effects: linking microbial activity with soil organic matter
decomposition. Soil Biology and Biochemistry 42, 1275-1283.
d0i:10.1016/j.50ilbi0.2010.04.005

Blagodatsky S, Smith P, 2012. Soil physics meets soil biology: Towards better

mechanistic prediction of greenhouse gas emissions from soil. Soil Biology and
Biochemistry 47, 78-92. doi:10.1016/j.s0il1bi0.2011.12.015

Bollmann, A., 1998. Influence of O, availability on NO and N,O release by nitrification
and denitrificaton in soils. Global Change Biology 4, 387-396. doi:10.1046/j.1365-
2486.1998.00161.x

Bouniols, A., Cabelguenne, M., Jones, C.A., Chalamet, A., Charpenteau, J.L., Marty,

J.R., 1991. Simulation of soybean nitrogen nutrition for a silty clay soil in southern
France. Field Crops Research 26, 19-34. doi:10.1016/0378-4290(91)90054-Y

Bradbury, M.H., Baeyens, B., 2000. A generalized sorption model for the concentration
dependent uptake of caesium by argillaceous rocks. Journal of Contaminant Hydrology
42, 141-163. doi:S0169-7722(99)00094-7

Brisson, N., Mary, B., Ripoche, D., Jeuffroy, M.H., Ruget, F., Nicoullaud, B., Gate, P.,
Devienne-Barret, F., Antonioletti, R., Durr, C., Richard, G., Beaudoin, G., Recous, S.,
Tayot, X., Plenet, D., Cellier, P., Machet, J.M., Meynard, J.M., Delecolle, R., 1998a.
STICS: a generic model for the simulation of crops and their water and nitrogen
balance. 1. Theory and parameterization applied to wheat and corn. Agronomie 18, 311-
346.

Brooks, P.D., Campbell, D.H., Tonnessen, K.A., Heuer, K., 1999. Natural variability in
N export from headwater catchments: snow cover controls on ecosystem N retention.
Hydrological Processes 13, 2191-2201. doi:10.1002/(SICI)1099-
1085(199910)13:14/15<2191::AID-HYP849>3.0.CO;2-L

31


doi:10.1016/S0038-0717(98)00028-5
doi:10.1016/j.soilbio.2010.04.005
doi:10.1016/j.soilbio.2011.12.015
http://dx.doi.org/10.1016/0378-4290(91)90054-Y

1007
1008
1009
1010
1011
1012
1013
1014
1015
1016
1017
1018
1019
1020
1021
1022
1023
1024
1025
1026
1027
1028
1029
1030
1031
1032
1033
1034
1035
1036
1037
1038
1039

27)

28)

29)

30)

31)

32)

33)

34)

35)

Brown, L., Syed, B., Jarvis, S.C., Sneath, R.W., Phillips, V.R., Goulding, KW.T., Li,
C., 2002. Development and application of a mechanistic model to estimate emission of
nitrous oxide from UK agriculture. Atmospheric Environment 36, 917-928.
d0i:10.1016/S1352-2310(01)00512-X

Burke, I.C., Yonker, C.M., Parton, W.J., Cole, C.V., Flach, K., Schimel, D.S., 1989.
Texture, climate, and cultivation effects on soil organic matter content in U.S. grassland
soils.  Soil  Science  Society of  America Journal 53,  800-805.
d0i:10.2136/ss5aj1989.03615995005300030029x

Burns, R. G., DeForest, J. L., Marxsen, J., Sinsabaugh, R. L., Stromberger, M. E.,
Wallenstein, M. D., Weintraub, M.N., Zoppini, A., 2013. Soil enzymes in a changing
environment: Current knowledge and future directions. Soil Biology & Biochemistry
58, 216-234. doi: 10.1016/j.s0ilbi0.2012.11.009

Cabelguenne, M., Debaeke, P., Bouniols, A., 1999. EPICphase, a version of the EPIC
model simulating the effects of water and nitrogen stress on biomass and yield, taking
account of developmental stages: validation on maize, sunflower, sorghum, soybean and
winter wheat. Agricultural Systems 60, 175-196. doi:10.1016/S0308-521X(99)00027-X
Cai, Z., Sawamoto, T., Li, C., Kang, G., Boonjawat, J., Mosier, A., Wassmann, R.,
Tsuruta, H., 2003. Field evaluation of the DNDC model for greenhouse gas emissions in
East Asian cropping systems. Global Biogeochemical Cycles 17, 1107.
d0i:10.1029/2003GB002046, 2003

Calanca, P., Vuichard, N., Campbell, C., Viovy, N., Cozic, A., Fuhrer, J., Soussana, J.
F., 2007. Simulating the fluxes of CO, and N,O in European grasslands with the Pasture
Simulation Model (PaSim). Agriculture, Ecosystems and Environment 121, 164-174.
doi:10.1016/j.agee.2006.12.010

Cameron, D.R., Kowalenko, C.G., 1976. Modelling nitrogen processes in soil:

mathematical development and relationships. Canadian Journal of Soil Science 56, 71—
78.

Causarano, H.J., Doraiswamy, P.C., McCarty, G.W., Hatfield, J.L., Milak, S., Stern, A.,
2008. EPIC modeling of soil organic carbon sequestration in croplands of lowa. Journal
of Environmental Quality 37, 1345-1353. doi:10.2134/jeq2007.0277

Cavalli, D., Consolati, G., Marino, P., Bechini, L., 2015. Measurement and simulation
of soluble, exchangeable, and non-exchangeable ammonium in three soils. Geoderma
259-260, 116-125.

32


http://www.sciencedirect.com/science/article/pii/S0038071712004476
doi:10.1016/j.agee.2006.12.010

1040
1041
1042
1043
1044
1045
1046
1047
1048
1049
1050
1051
1052
1053
1054
1055
1056
1057
1058
1059
1060
1061
1062
1063
1064
1065
1066
1067
1068
1069
1070
1071
1072
1073

36)

37)

38)

39)

40)

41)

42)

43)

44)

45)

Cavalli, D., Marino, P., Bechini, L., 2016. Sensitivity analysis of six soil organic matter
models applied to the decomposition of animal manures and crop residues. Italian
Journal of Agronomy 11, doi:10.4081/ija.2016.757

Cavero, J., Plant, R.E., Shennan, C., Williams, J.R., Kiniry, J.R., Benson, V.W., 1998.
Application of EPIC model to nitrogen cycling in irrigated processing tomatoes under
different management systems. Agricultural Systems 56, 391-414. doi:10.1016/S0308-
521X(96)00100-X

Chamberlain, J.F., Miller, S.A., Frederick, J.R., 2011. Using DAYCENT to quantify on-

farm GHG emissions and N dynamics of land use conversion to N-managed switchgrass

in the Southern US. Agriculture, Ecosystems and Environment, 141, 332-341.
doi:10.1016/j.agee.2011.03.011

Chang, K-H., Warland, J., Voroney, P., Bartlett, P., Wagner-Riddle, C., 2013. Using
DayCent to simulate carbon dynamics in conventional and no-till agriculture. Soil and
Water Management and Conservation 77, 941-950. doi:10.2136/sssaj2012.0354
Chatskikh, D., Olesen, J.E., Hansen, E.M., Elsgaard, L., Petersen, B.M., 2008. Effects
of reduced tillage on net greenhouse gas fluxes from loamy sand soil under winter crops
in  Denmark. Agriculture, Ecosystems and Environment 128, 117-126.
doi:10.1016/j.agee.2008.05.010

Chen, C., Chen, D.L., Lam, S.K., 2015. Simulation of nitrous oxide emission and

mineralized nitrogen under different straw retention conditions using a Denitrification-
Decomposition Model. Clean-Soil Air Water 43, 577-583. doi: 10.1002/clen.201400318
Chen, R., Senbayram, M., Blagodatsky, S., Myachina, O., Dittert, K., Lin, X,
Blagodatskaya, E., Kuzyakov, Y., 2014. Soil C and N availability determine the priming
effect: microbial N mining and stoichiometric decomposition theories. Global Change
Biology 20, 2356-2367. doi:10.1111/gch.12475

Cheng, K., S.M. Ogle, W.J. Parton, Pan, G.X., 2013. Predicting methanogenesis from
rice paddies using the DAYCENT ecosystem model. Ecological Modelling 261, 19-31,
doi:10.1013/j.ecolmodel.2013.04.003

Chung, S.\W., Gassman, P.W., Gu, R., Kanwar, R.S., 2002. Evaluation of EPIC for
assessing tile flow and nitrogen losses for alternative agricultural management
systems. Transactions of the ASAE 45,1135-1146 doi:10.13031/2013.9922 @2002
Cleveland, C.C., Liptzin, D., 2007. C:N:P stoichiometry in soil: is there a “Redfield
ratio” for the microbial biomass? Biogeochemistry 85,235-252. doi:10.1007/s10533-
007-9132-0

33


doi:10.4081/ija.2016.757
doi:10.1016/j.agee.2008.05.010
https://dx.doi.org/10.1111/gcb.12475

1074
1075
1076
1077
1078
1079
1080
1081
1082
1083
1084
1085
1086
1087
1088
1089
1090
1091
1092
1093
1094
1095
1096
1097
1098
1099
1100
1101
1102
1103
1104
1105
1106
1107

46)

47)

48)

49)

50)

51)

52)

53)

54)

Coleman, K., Jenkinson, D.S., 1996. RothC-26.3. A model for the turnover of carbon in
soil. In: Powlson, D.S, Smith, P., Smith, J.U. (eds) Evaluation of soil organic matter
models using existing, long-term datasets. NATO ASI series no. 1, vol 38. Springer,
Berlin Heidelberg New York, pp. 237-246.

Coleman, K., Jenkinson, D.S., 1996. A Model for the Turnover of Carbon in Soil:
Model description and user's guide. Lawes Agricultural Trust, Harpenden, UK.
Coleman, K., Jenkinson, D.S., Crocker, G.J., Grace, P.R., Klir, J., Korschens, M.,
Poulton, P.R., Richter D.D., 1997. Simulating trends in soil organic carbon in long-term
experiments using RothC-26.3. Geoderma 81, 29-44. doi:10.1016/S0016-
7061(97)00079-7

Congreves, K.A., Grant, B.B., Dutta, B., Smith, W.N., Chantigny, M.H., Rochette, P.,
Desjardins, R.L., 2016. Predicting ammonia volatilization after field application of
swine slurry: DNDC model development. Agriculture, Ecosystems and Environment
219, 179-189. doi:10.1016/j.agee.2015.10.028

Constantin, J., Beaudoin, N., Launay, M., Duval, J.,, Mary, B., 2012. Long-term

nitrogen dynamics in various catch crop scenarios: test and simulations with STICS
model in a temperate climate. Agriculture, Ecosystems and Environment 147, 36-46.
doi:10.1016/j.agee.2011.06.006

Corre, M.D., Schnabel, R.R., Stout, W.L., 2002. Spatial and seasonal variation of gross

nitrogen transformations and microbial biomass in a Northeastern US grassland. Soil
Biology and Biochemistry 34, 445-457. doi:10.1016/S0038-0717(01)00198-5
Corre-Hellou, G., Faure, M., Launay, M., Brisson, N., Crozat, Y., 2009. Adaptation of

the STICS intercrop model to simulate crop growth and N accumulation in pea—barley
intercrops. Field Crops Research 113, 72-81. doi:10.1016/].fcr.2009.04.007
Coucheney, E., Buis, S., Launay, M., Constantin, J., Mary, B., Garcia de Cortazar-

Atauri, 1., Ripoche, D., Beaudoin, N., Ruget, F., Andrianarisoa, K.S., Le Bas, C., Justes,
E., Léonard, J., 2015. Accuracy, robustness and behavior of the STICS soil-crop model
for plant, water and nitrogen outputs: Evaluation over a wide range of agro-
environmental conditions in France. Environmental Modelling & Software 64, 177-190.
doi:10.1016/j.envsoft.2014.11.024

David, M.B., Del Grosso, S.J., Hu, X., Marshall, E.P., Mclsaac, G.F., Parton, W.J.,
Tonitto, C., Youssef, M.A., 2009. Modeling denitrification in a tile-drained, corn and
soybean agroecosystem of Illinois, USA. Biogeochemistry 93, 7-30.
doi:10.1007/s10533-008-9273-9

34


http://dx.doi.org/10.1016/S0016-7061(97)00079-7
http://dx.doi.org/10.1016/S0016-7061(97)00079-7
doi:10.1016/j.agee.2015.10.028
doi:10.1016/j.agee.2011.06.006
doi:10.1016/S0038-0717(01)00198-5
doi:10.1016/j.fcr.2009.04.007

1108
1109
1110
1111
1112
1113
1114
1115
1116
1117
1118
1119
1120
1121
1122
1123
1124
1125
1126
1127
1128
1129
1130
1131
1132
1133
1134
1135
1136
1137
1138
1139
1140
1141

55)

56)

57)

58)

59)

60)

61)

62)

63)

64)

Davidson, E.A., 1993. Soil water content and the ratio of nitrous oxide to nitric oxide
emitted from soil. Biogeochemistry of global change. Springer US, 1993, pp. 369-386.
doi:10.1007/978-1-4615-2812-8_20

Davis, S.C., Parton, W.J., Del Grosso, S.J., Keough, C., Marx, E., Adler, P.R., De
Lucia, E.H., 2011. Impact of second-generation biofuel agriculture on greenhouse-gas
emissions in the corn-growing regions of the US. Frontiers Ecology Environment 10,
69-74. doi:10.1890/110003

De Gryze, S., Wolf, A., Kaffka. S.R. Mitchell, J., Rolston, D.E., Temple, S.R., Lee, J.,
Six, J., 2010. Simulating greenhouse gas budgets of four California cropping systems
under conventional and alternative management. Ecological Applications 20, 1805—
1819. d0i:10.1890/09-0772.1

De Sanctis, G., Roggero, P.P., Seddaiu, G., Orsini, R., Porter, C.H., Jones, J. W., 2012.
Long-term no tillage increased soil organic carbon content of rain-fed cereal systems in
a  Mediterranean  area. European  Journal ~of  Agronomy 40, 18-27.
d0i:10.1016/j.eja.2012.02.002

Del Grosso, S.J., Parton, W.J., Mosier, A.R., Ojima, D.S., Kulmala, A.E., Phongpan, S.,
2000. General model for N,O and N, gas emissions from soils due to denitrification.
Global Biogeochemical Cycles 14, 1045-1060. doi:10.1029/1999GB001225

Del Grosso, S., Ojima, D., Parton, W., Mosier, A., Peterson, G., Schimel, D., 2002.

Simulated effects of dryland cropping intensification on soil organic matter and

greenhouse gas exchanges using the DAYCENT ecosystem model. Environmental
Pollution 116, S75-S83. doi:10.1016/S0269-7491(01)00260-3

Del Grosso, S.J., Mosier, A.R., Parton, W. J., Ojima, D.S., 2005. DAYCENT model
analysis of past and contemporary soil N,O and net greenhouse gas flux for major crops
in the USA. Soil and Tillage Research 83, 9-24. doi:10.1016/].still.2005.02.007

Del Grosso, S.J., Halvorson, A.D., Parton, W.J., 2008. Testing DAYCENT model
simulations of corn yields and nitrous oxide emissions in irrigated tillage systems in
Colorado. Journal of Environmental Quality 37, 1383-1389, doi:10.2134/jeq2007.0292
Del Grosso, S.J., Ogle, S.M., Parton, W.J., Breidt, F.J., 2010. Estimating uncertainty in

N,O emissions from U.S. cropland soils. Global Biogeochemical Cycles 24, GB1009,
d0i:10.1029/2009GB003544.

Deng, J., Li, C.S., Frolking, S., 2015. Modeling impacts of changes in temperature and
water table on C gas fluxes in an Alaskan peatland. Journal of Geophysical Research
120, 1279-1295. doi:10.1002/2014)G002880

35


doi:10.1016/j.eja.2012.02.002
doi:10.1016/S0269-7491(01)00260-3
doi:10.1016/j.still.2005.02.007
http://dx.doi.org/10.1029/2009GB003544

1142
1143
1144
1145
1146
1147
1148
1149
1150
1151
1152
1153
1154
1155
1156
1157
1158
1159
1160
1161
1162
1163
1164
1165
1166
1167
1168
1169
1170
1171
1172
1173

65)

66)

67)

68)

69)

70)

71)

72)

73)

74)

Dondini, M., Van Groenigen, K.J., Del Galdo, 1., Jones, M.B., 2009. Carbon
sequestration under Miscanthus: a study of *C distribution in soil aggregates. Global
Change Biology Bioenergy 1, 321-330. d0i:10.1111/5.1757-1707.2009.01025.x

Drouet, J., Capian, L., Fiorelli, N., Blanfort, J. L., Capitaine, V., Duretz, M., Gabrielle,
B., Martin, R., Lardy, R., Cellier, P., Soussana, J.F., 2011. Sensitivity analysis for
models of greenhouse gas emissions at farm level. Case study of N,O emissions
simulated by the CERES-EGC model. Environmental Pollution 159, 3156-3161.
doi:10.1016/j.envpol.2011.01.019

Dufossé, K., Gabrielle, B., Drouet, J.L., Bessou, C., 2013. Using agroecosystem
modeling to improve the estimates of N,O emissions in the life-cycle assessment of
biofuels. Waste and Biomass Valorization 4, 593-606. do0i:10.1007/s12649-012-9171-1

Dungait, J.A.J., Hopkins, D.W., Gregory, A.S., Whitmore, A.P., 2012. Soil organic
turnover is governed by accessibility not recalcitrance. Global Change Biology, 18,
1781-1796. doi:10.1111/j.1365-2486.2012.02665.x

Duval, B.D., Hartman, M., Marx, E., Parton, W.J., Long, S.P., DelLucia, E.H., 2015.
Biogeochemical consequences of regional land use change to a biofuel crop in the
south-eastern United States. Ecosphere 6, 265. doi:10.1890/ES15-00546.1

Ekschmitt, K., Liu, M., Vetter, S., Fox, O., Wolters, V., 2005. Strategies used by soil
biota to overcome soil organic matter stability — why is dead organic matter left over in
the soil? Geoderma 128,167-176. doi:10.1016/j.0geoderma.2004.12.024

Evangelou, V.P., Lumbanraja, J., 2002. Ammonium-potassium-calcium exchange on

vermiculite and hydroxy-aluminum vermiculite. Soil Science Society of America
Journal 66, 445-455. doi:10.2136/sssaj2002.4450

Fontaine, S., Barot, S., Barre, P., Bdioui, N., Mary, B., Rumpel, C., 2007. Stability of
organic carbon in deep soil layers controlled by fresh carbon supply. Nature 450, 277-
280. doi:10.1038/nature06275

Falloon, P. D., Smith, P., 2000. Modelling refractory soil organic matter. Biology and
Fertility of Soils 30, 388-398. doi:10.1007/s003740050019

Farina, R., Seddaiu, G., Orsini, R., Steglich, E., Roggero, P.P., Francaviglia, R., 2011.
Soil carbon dynamics and crop productivity as influenced by climate change in a rainfed
cereal system under contrasting tillage using EPIC. Soil and Tillage Research 112, 36-
46. http://dx.doi.org/10.1016/j.still.2010.11.002

36


doi:10.1016/j.geoderma.2004.12.024

1174
1175
1176
1177
1178
1179
1180
1181
1182
1183
1184
1185
1186
1187
1188
1189
1190
1191
1192
1193
1194
1195
1196
1197
1198
1199
1200
1201
1202
1203
1204
1205
1206
1207

75)

76)

77)

78)

79)

80)

81)

82)

83)

Farina, R., Coleman, K., Whitmore, A.P., 2013. Modification of the RothC model for
simulations of soil organic C dynamics in dryland regions. Geoderma 200, 18-30.
doi:10.1016/j.geoderma.2013.01.021

Field, J.L., Marx, E., Easter, M., Adler, P.R., Paustian, K., 2016. Ecosystem model
parameterization and adaptation for sustainable cellulosic biofuel landscape design.
Global Change Biology Bioenergy 8, 1106-1123. doi:10.1111/gcbb.12316

Fitton, N., Datta, A., Smith, K., Williams, J.R., Hastings, A., Kuhnert, M., Topp, C.F.E.,

Smith, P., 2014a. Assessing the sensitivity of modelled estimates of N,O emissions and

yield to input uncertainty at a UK cropland experimental site using the DailyDayCent
model. Nutrient Cycling in Agroecosystems 99, 119-133. doi:10.1007/s10705-014-
9622-0

Fitton, N., Datta, A., Hastings, A., Kuhnert, M., Topp, C.F.E., Cloy, J.M., Rees, R.M.,
Cardenas, L.M., Williams, R.J., Smith, K., Chadwick, D., Smith, P., 2014b. The
challenge of modelling nitrogen management at the field scale: simulation and
sensitivity analysis of N,O fluxes across nine experimental sites using
DailyDayCent. Environmental Research  Letters9, 095003. doi:10.1088/1748-
9326/9/9/095003

Franko, U., Oelschldgel, B., Schenk, S., 1995. Simulation of temperature, water- and

nitrogen dynamics using the model CANDY. Ecological Modelling 81, 213-222.
d0i:10.1016/0304-3800(94)00172-E

Fumoto, T., Kobayashi, K., Li, C., Yagi, K., Hasegawa, T., 2008. Revising a process
based biogeochemistry model (DNDC) to simulate methane emission from rice paddy
fields under various residue management and fertilizer regimes. Global Change
Biology 14, 382-402. d0i:10.1111/j.1365-2486.2007.01475.x

Gabrielle, B., Menasseri, S., Houot, S., 1995. Analysis and field evaluation of the
CERES models water balance component. Soil Science Society of America Journal 59,
1403-1412. doi:10.2136/s55aj1995.03615995005900050029x

Gabrielle, B., Laville, P., Hénault, C., Nicoullaud, B., Germon, J. C., 2006. Simulation
of nitrous oxide emissions from wheat-cropped soils using CERES. Nutrient Cycling in
Agroecosystems 74, 133-146. doi:10.1007/s10705-005-5771-5

Gagnon, B., Ziadi, N., Rochette, P., Chantigny, M.H., Angers, D.A., Bertrand, N.,
Smith, W.N. 2016. Soil-surface carbon dioxide emission following nitrogen fertilization
in corn. Canadian Journal of Soil Science 2016, 96, 219-232, doi :10.1139/cjss-2015-
0053

37


doi:10.1016/j.geoderma.2013.01.021
doi:10.1088/1748-9326/9/9/095003
doi:10.1088/1748-9326/9/9/095003
http://dx.doi.org/10.1016/0304-3800(94)00172-E

1208
1209
1210
1211
1212
1213
1214
1215
1216
1217
1218
1219
1220
1221
1222
1223
1224
1225
1226
1227
1228
1229
1230
1231
1232
1233
1234
1235
1236
1237
1238
1239
1240
1241

84)

85)

86)

87)

88)

89)

90)

91)

92)

Garnier, P., Cambier, C., Bousso, M., Masse, D., Chenu, C., Recous, S., 2008.
Modeling the influence of soil-plant residue contact on carbon mineralization:
Comparison of a compartmental approach and a 3D spatial approach. Soil Biology
Biochemistry 40, 2754-2761. doi:10.1016/j.s0ilbi0.2008.07.032

Gijsman, A.J., Hoogenboom, G., Parton, W.J., Kerridge, P.C., 2002. Modifying DSSAT
crop models for low-input agricultural systems using a soil organic matter—residue
module from CENTURY. Agronomy Journal 94, 462-474.
doi:10.2134/agronj2002.4620

Giltrap, D.L., Vogeler, 1., Cichota, R., Luo, J., van der Weerden, T.J., de Klein, C.A.M.,
2015. Comparison between APSIM and NZ-DNDC models when describing N-
dynamics under urine patches. New Zealand Journal of Agricultural Research 58, 131-
155. doi:10.1080/00288233.2014.987876

Goglio, P., Colnenne-David, C., Laville, P., Doré, T., Gabrielle, B., 2013. 29% N,O
emission reduction from a modelled low-greenhouse gas cropping system during 2009—
2011. Environmental Chemistry Letters 11, 143-149. doi:10.1007/s10311-012-0389-8
Gonzélez-Molina, L., Etchevers-Barra, J.D., Paz-Pelatt, F., Diaz-Soliz, H., Fuentes-
Pontes, M.H., Covaleda-Ocon, S., Pando-Moreno, M., 2011. Performance of the RothC-
26.3 model in short-term experiments in Mexican sites and systems. The Journal of
Agricultural Science 149, 415-425. doi:10.1017/S0021859611000232

Gottschalk, P., Wattenbach, M., Neftel, A., Fuhrer, J., Jones, M., Lanigan, G., Davis, P.,

Campbell, C., Soussana, J.F., Smith, P., 2007. The role of measurement uncertainties

for the simulation of grassland net ecosystem exchange (NEE) in Europe. Agriculture,
Ecosystems and Environment 121, 175-185. doi:10.1016/].agee.2006.12.026
Graux, A.l, Bellocchi, G., Lardy, R., Soussana, J.F., 2013. Ensemble modelling of

climate change risks and opportunities for managed grasslands in France. Agricultural
and Forest Meteorology 170, 114-131. doi:10.1016/j.agrformet.2012.06.010
Gu, J.X,, Loustau, D., Henault, C., Rochette, P., Cellier, P., Nicoullaud, B., Grossel, A.,

Richard, G., 2014. Modeling nitrous oxide emissions from tile-drained winter wheat

fields in Central France. Nutrient Cycling in Agroecosystems 98, 27-40.
d0i:10.1007/s10705-013-9593-6

Guo, L., Falloon, P., Coleman, K., Zhou, B., Li, Y., Lin, E.,, Zhang, F., 2007.
Application of the RothC model to the results of long-term experiments on typical
upland soils in northern China. Soil Use and Management 23, 63-70.
doi:10.1111/j.1475-2743.2006.00056.x

38


doi:10.1016/j.soilbio.2008.07.032
doi:10.1080/00288233.2014.987876
doi:10.1016/j.agee.2006.12.026
doi:10.1016/j.agrformet.2012.06.010

1242
1243
1244
1245
1246
1247
1248
1249
1250
1251
1252
1253
1254
1255
1256
1257
1258
1259
1260
1261
1262
1263
1264
1265
1266
1267
1268
1269
1270
1271
1272
1273
1274
1275

93)

94)

95)

96)

97)

98)

99)

100)

101)

Hadas, A., Parkin, T.B., Stahl, P.D., 1998. Reduced CO, release from decomposing
wheat straw under N-limiting conditions: simulation of carbon turnover. European
Journal Soil Science 49, 487-494. doi:10.1046/j.1365-2389.1998.4930487.x

Hartkamp, A.D., White, JW., Rossing, W.A.H., Van Ittersum, M.K., Bakker, E.J.,
Rabbinge, R., 2004. Regional application of a cropping systems simulation model: crop
residue retention in maize production systems of Jalisco, Mexico. Agricultural
Systems 82, 117-138. doi:10.1016/j.agsy.2003.12.005

Hartman, M.D., Merchant, E.R., Parton, W.J., Gutmann, M.P., Lutz, S.M., and
Williams, S.A., 2011. Impact of historical land-use changes on greenhouse gas
exchange in the U.S. Great Plains, 1883-2003. Ecological Applications 21, 1105-1119.
He, X., lzaurralde, R.C., Vanotti, M.B., Williams, J.R., Thomson, A.M., 2006.

Simulating long-term and residual effects on nitrogen fertilization on corn yields, soil

carbon sequestration and soil nitrogen dynamics. Journal of Environmental Quality 35,
608-1619. doi:10.2134/jeq2005.0259

Heinen, M., 2006. Simplified denitrification models: overview and properties.
Geoderma 133,444-463. doi:10.1016/j.geoderma.2005.06.010

Hénault, C., Bizouard, F., Laville, P., Gabrielle, B., Nicoullaud, B., Germon, J.C.,
Cellier, P., 2005. Predicting in situ soil N,O emission using NOE algorithm and soil
database. Global Change Biology 11,115-127. d0i:10.1111/].1365-2486.2004.00879.x
Herridge, D.F., Turpin, J.E., Robertson, M.J., 2001. Improving nitrogen fixation of crop

legumes through breeding and agronomic management: analysis with simulation
modelling. Animal Production Science 41, 391-401. doi:10.1071/EA00041

Holzworth, D.P., Huth, N.I., Zurcher, E.J., Herrmann, N.I., McLean, G., Chenu, K., van
Oosterom, E.J., Snow, V., Murphy, C., Moore, A.D., Brown, H., Whish, J.P.M., Verrall,
S., Fainges, J., Bell, L.W., Peake, A.S., Poulton, P.L., Hochman, Z., Thorburn, P.J.,
Gaydon, D.S., Dalgliesh, N.P., Rodriguez, D., Cox, H., Chapman, S., Doherty, A.,
Teixeira, E., Sharp, J., Cichota, R., Vogeler, I., Li, F.Y., Wang, E., Hammer, G.L.,
Robertson, M.J., Dimes, J.P., Whitbread, A.M., Hunt, J., van Rees, H., McClelland, T.,
Carberry, P.S., Hargreaves, J.N.G., MacLeod, N., McDonald, C., Harsdorf, J.,
Wedgwood, S., Keating, B.A., Brown, H., 2014. APSIM—evolution towards a new
generation of agricultural systems simulation. Environmental Modelling & Software 62,
327-350. http://dx.doi.org/10.1016/j.envsoft.2014.07.009

Huth, N.I., Thorburn, P.J., Radford, B.J., Thornton, C.M., 2010. Impacts of fertilisers
and legumes on N,O and CO, emissions from soils in subtropical agricultural systems: a

39


doi:10.1016/j.agsy.2003.12.005
doi://10.1016/j.geoderma.2005.06.010

1276
1277
1278
1279
1280
1281
1282
1283
1284
1285
1286
1287
1288
1289
1290
1291
1292
1293
1294
1295
1296
1297
1298
1299
1300
1301
1302
1303
1304
1305
1306
1307
1308

102)

103)
104)

105)

106)

107)

108)

109)

110)

simulation  study. Agriculture, Ecosystems and Environment 136, 351-357.
doi:10.1016/j.agee.2009.12.016

IBSNAT, 1993. U.S. Agency for International Development under a cost
reimbursement Contract, No. DAN-4054-C-00-2071-00, with the University of Hawaii.
From 1987 to 1993, the contract was replaced with a Cooperative Agreement, No.
DAN- 4054-A-00-7081-00, between the University of Hawaii and USAID.

IUSS Working Group, 2014, http://www.fao.org/3/a-13794e.pdf

Izaurralde, R.C., Williams, J.R., McGill, W.B., Rosenberg, N.J., Jakas, M.Q., 2006.
Simulating soil C dynamics with EPIC: Model description and testing against long-term
data. Ecological Modelling 192, 362-384. doi:10.1016/j.ecolmodel.2005.07.010
Izaurralde, R. C., McGill, W.B., Williams, J.R., 2012. Development and Application of
the EPIC Model for Carbon Cycle, Greenhouse Gas Mitigation, and Biofuel Studies. In:

Managing agricultural greenhouse gases: coordinated agricultural research through
GRACERnet to address our changing climate. Ed. Mark A. Liebig, Alan J. Franzluebbers,
Ronald F. Follett. Publisher: London; Waltham, MA: Academic Press, 2012. Pages 293-
308.

Jackson, L.E., Stivers, L.J., Warden, B.T., Tanji, K.K., 1994. Crop Nitrogen Utilization
and Soil Nitrate Loss in a Lettuce Field. Fertilizer Research 37, 93.
doi:10.1007/BF00748550

Jarecki, M.K., Parkin, T.B., Chan, A.S., Hatfield, J.L., Jones, R., 2008. Comparison of
DAYCENT-simulated and measured nitrous oxide emissions from a corn field. Journal
of Environmental Quality 37, 1685-1690. doi:10.2134/jeq2007.0614

Jégo, G., Sanchez-Pérez, J. M., Justes, E., 2012. Predicting soil water and mineral
nitrogen contents with the STICS model for estimating nitrate leaching under
agricultural fields. Agricultural Water Management 107, 54-65.
doi:10.1016/j.agwat.2012.01.007

Jenkinson, D.S., Coleman, K., 1994. Calculating the annual input of organic matter to

soil from measurements of total organic carbon and radiocarbon. European Journal of
Soil Science 45, 167-174. d0i:10.1111/j.1365-2389.1994.tb00498.x

Jeyer, K.M., Kyker-Snowman, E., Grandy, A.S., Frey, S.D., 2016. Microbial carbon use
efficiency: accounting for population, community, and ecosystem-scale controls over
the fate of metabolized organic matter. Biogeochemistry 127-173, doi:10.1007/s10533-
016-0191-y.

40


doi:10.1016/j.agee.2009.12.016
doi:10.1016/j.ecolmodel.2005.07.010
https://dx.doi.org/10.2134/jeq2007.0614
doi:10.1016/j.agwat.2012.01.007

1309
1310
1311
1312
1313
1314
1315
1316
1317
1318
1319
1320
1321
1322
1323
1324
1325
1326
1327
1328
1329
1330
1331
1332
1333
1334
1335
1336
1337
1338
1339
1340
1341

111)

112)

113)

114)

115)

116)

117)

118)

Jones, J.W., Hoogenboom, G., Porter, C.H., Boote, K.J., Batchelor, W.D., Hunt, L.A.,
Wilkens, P.W., Singh, U., Gijsman, A.J., Ritchie, J.T., 2003. DSSAT Cropping System
Model. European Journal of Agronomy 18, 235-265. do0i:10.1016/S1161-
0301(02)00107-7

Jones, J.W., Tsuji, G.Y., Hoogenboom, G., Hunt, L.A., Thornton, P.K., Wilkens, P.W.,
Imamura, D.T., Bowen, W.T., Singh, U., 1998. Decision support system for

agrotechnology transfer; DSSAT va3. In: Tsuji, G.Y., Hoogenboom, G., Thornton, P.K.
(Eds.), Understanding Options for Agricultural Production. Kluwer Academic
Publishers, Dordrecht, the Netherlands, pp. 157/177.

Justes, E., Mary, B., Nicolardot, B., 2009. Quantifying and modelling C and N
mineralization kinetics of catch crop residues in soil: parameterization of the residue
decomposition module of STICS model for mature and non-mature residues. Plant and
Soil 325, 171-185. d0i:10.1007/s11104-009-9966-4

Kamoni, P.T., Gicheru, P.T., Wokabi, S.M., Easter, M., Milne, E., Coleman,
K., Falloon, P., Paustian, K., Killian, K., Kihanda, F. M., 2007. Evaluation of two soil
carbon models using two Kenyan long term experimental datasets. Agriculture,
Ecosystems and Environment 122, 95-104. doi:10.1016/j.agee.2007.01.011

Kaonga, M.L., Coleman, K., 2008. Modelling soil organic carbon turnover in improved
fallows in eastern Zambia using the RothC-26.3 model. Forest Ecology and
Management 256, 1160-1166. doi:10.1016/j.foreco.2008.06.017

Keating, B.A., Carberry, P.S., Hammer, G.L., Probert, M.E., Robertson, M.J.,
Holzworth, D., Huth, N.I., Hargreaves, J.N.G., Meinke, H., Hochman, Z., McLean, G.,
Verburg, K., Snow, V., Dimes, J.P., Silburn, M., Wang, E., Brown, S., Bristow, K.L.,
Asseng, S., Chapman, S., McCown, R.L., Freebairn, D.M., Smith, C.J., 2003. An
overview of APSIM, a model designed for farming systems simulation. European
Journal of Agronomy 18, 267-288. doi:10.1016/S1161-0301(02)00108-9

Kemmitt, S.J., Lanyon, C.V., Waite, I.S., Wen, Q., Addiscott, T.M., Bird, N.R.A,,

O’Donnell, A.G., Brookes, P.C, 2008. Mineralization of native soil organic matter is not

regulated by the size, activity or composition of the soil microbial biomass - a new
perspective. Sail Biology and Biochemistry 40, 61-73.
doi:10.1016/j.s0ilbio.2007.06.021

Kleber, M., 2010. What is recalcitrant soil organic matter?. Environmental Chemistry 7,
320-332. doi:10.1071/EN10006

41


doi:10.1016/S1161-0301(02)00107-7
doi:10.1016/S1161-0301(02)00107-7
doi:10.1016/j.foreco.2008.06.017
doi:10.1016/S1161-0301(02)00108-9
doi:10.1016/j.soilbio.2007.06.021
doi:10.1071/EN10006

1342
1343
1344
1345
1346
1347
1348
1349
1350
1351
1352
1353
1354
1355
1356
1357
1358
1359
1360
1361
1362
1363
1364
1365
1366
1367
1368
1369
1370
1371
1372
1373
1374
1375

119)

120)

121)

122)

123)

124)

125)

126)

127)

128)

129)

Kleber, M., Nico, P.S., Plante, A., Filley, T., Kramer, M., Swanston, C., Sollins, P.,
2011. OId and stable organic matter is not necessarily chemically recalcitrant:
implications for modelling concepts and temperature sensitivity. Global Change
Biology 17, 1097-1107. d0i:10.1111/j.1365-2486.2010.02278.x

Kuka, K., Franko, U., Rihlmann, J., 2007. Modelling the impact of pore space
distribution on carbon turnover. Ecological Modelling 208, 295-306.
doi:10.1016/j.ecolmodel.2007.06.002

Kuzyakov, Y., Friedel, J.K., Stahr, K., 2000. Review of mechanisms and quantification
of priming effects. Soil Biology and Biochemistry 32, 1485-1498. doi:10.1016/S0038-
0717(00)00084-5

Kuzyakov, Y., 2002. Review: Factors affecting rhizosphere priming effects. Journal of
Plant  Nutrition and  Soil  Science 165, 382-396. doi:10.1002/1522-
2624(200208)165:4<382::AlID-JPLN382>3.0.CO;2-#

Kuzyakov, Y., 2010. Priming effects: interaction between living and dead organic
matter. Soil Biology and Biochemistry 42, 1363-1371.
d0i:10.1016/j.s0ilbi0.2010.04.003

Kuzyakov, Y., Xu, X., 2013. Competition between roots and microorganisms for
nitrogen: mechanisms and ecological relevance. New Phytologist 198, 656-669.
doi:10.1111/nph.12235

Inglett, P.W., Reddy, K.R., Corstanje, R., 2005. Anaerobic soils. In Encyclopedia of
Soils in the Environment (ed. Hillel, D), pp 72-78. Academic Press, Amsterdam,
Holland.

Lamboni, M., Makowski, D., Lehuger, S., Gabrielle, B., Monod, H., 2009. Multivariate
global sensitivity analysis for dynamic crop models. Field Crops Research 113, 312-
320. doi:10.1016/j.fcr.2009.06.007

Lardy, R., Bellocchi, G., Soussana, J.F., 2011. A new method to determine soil organic

carbon equilibrium. Environmental Modelling & Software 26, 1759-1763.
doi:10.1016/j.envsoft.2011.05.016

Laville, P., Hénault, C., Gabrielle, B., Serca, D., 2005. Measurement and modelling of
NO fluxes on maize and wheat crops during their growing seasons: effect of crop
management. Nutrient Cycling in Agroecosystems 72, 159. doi:10.1007/s10705-005-
0510-5

Lawrence, C.R., Neff, J.C., Schimel, J.P., 2009. Does adding microbial mechanisms of

decomposition improve soil organic matter models? A comparison of four models using

42


doi:10.1016/S0038-0717(00)00084-5
doi:10.1016/S0038-0717(00)00084-5
doi:10.1016/j.soilbio.2010.04.003
doi:10.1016/j.fcr.2009.06.007

1376
1377
1378
1379
1380
1381
1382
1383
1384
1385
1386
1387
1388
1389
1390
1391
1392
1393
1394
1395
1396
1397
1398
1399
1400
1401
1402
1403
1404
1405
1406
1407
1408

130)

131)

132)

133)

134)

135)

136)

137)

138)

139)

data from a pulsed rewetting experiment. Soil Biology and Biochemistry 41, 1923-
1934. d0i:10.1016/j.50ilbi0.2009.06.016

Lawton, D., Leahy, P., Kiely, G., Byrne, K. A., Calanca, P., 2006. Modeling of net
ecosystem exchange and its components for a humid grassland ecosystem. Journal of
Geophysical Research 111(G4), doi:10.1029/2006JG000160

Lehuger, S., Gabrielle, B., Larmanou, E., Laville, P., Cellier, P., Loubet, B., 2007.
Predicting the global warming potential of agro-ecosystems. Biogeosciences
Discussions 4, 1059-1092.

Lehuger, S., Gabrielle, B., Van Oijen, M., Makowski, D., Germon, J. C., Morvan, T.,
Hénault, C., 2009. Bayesian calibration of the nitrous oxide emission module of an

agro-ecosystem model. Agriculture, Ecosystems and Environment 133, 208-222.
doi:10.1016/j.agee.2009.04.022

Lehuger, S., Gabrielle, B., Laville, P., Lamboni, M., Loubet, B., Cellier, P., 2011.
Predicting and mitigating the net greenhouse gas emissions of crop rotations in Western

Europe. Agricultural and Forest Meteorology 151, 1654-1671.
doi:10.1016/j.agrformet.2011.07.002
Leip, A., Busto, M., Corazza, M., Bergamaschi, P., Koeble, R., Dechow, R., Monni, S.,

De Vries, W., 2011. Estimation of N,O fluxes at the regional scale: data, models,
challenges. Current  Opinion in  Environmental  Sustainability 3,  328-338.
doi:10.1016/j.cosust.2011.07.002

Li, C., Frolking, S., Frolking, T.A., 1992a. A model of nitrous oxide evolution from soil

driven by rainfall events: 2. Model applications. Journal of Geophysical Research 97,
9777-9783. doi:10.1029/92JD00509

Li, C., Frolking, S., Frolking, T.A., 1992b. A model of nitrous oxide evolution from soil
driven by rainfall events: 1. Model structure and sensitivity. Journal of Geophysical
Research 97, 9759-9776. doi:10.1029/92JD00509

Li, C., Frolking, S., Harriss, R., 1994. Modeling carbon biogeochemistry in agricultural
soils. Global Biogeochemical Cycles 8, 237-254. doi: 10.1029/94GB00767

Li, C., Frolking, S., Crocker, G. J., Grace, P. R., Klir, J., Korchens, M., Poulton, P. R.,
1997. Simulating trends in soil organic carbon in long-term experiments using the
DNDC model. Geoderma 81, 45-60. doi: 10.1016/S0016-7061(97)00080-3.

Li, C.S., 2000. Modeling trace gas emissions from agricultural ecosystems. Nutrient
Cycling in Agroecosystems 58, 259-276. doi:10.1023/A:1009859006242

43


doi:10.1016/j.soilbio.2009.06.016
doi:10.1016/j.agee.2009.04.022
doi:10.1016/j.agrformet.2011.07.002
doi:10.1016/j.cosust.2011.07.002

1409
1410
1411
1412
1413
1414
1415
1416
1417
1418
1419
1420
1421
1422
1423
1424
1425
1426
1427
1428
1429
1430
1431
1432
1433
1434
1435
1436
1437
1438
1439
1440
1441
1442

140)

141)

142)

143)

144)

145)

146)

147)

148)

Li, C.S., Frolking, S., Butterbach-Bahl, K., 2005. Carbon sequestration in arable soils is
likely to 10 increase nitrous oxide emissions, offsetting reductions in climate radiative
forcing, Climatic Change 72, 321-338, 2005. doi:10.1007/s10584-005-6791-5

Li, H., Qiu, J., Wang, L., Tang, H., Li, C., Van Ranst, E., 2010. Modelling impacts of
alternative farming management practices on greenhouse gas emissions from a winter
wheat—maize rotation system in China. Agriculture, Ecosystems and Environment 135,
24-33. doi:10.1016/j.agee.2009.08.003

Li, Y., Chen, D. L., Zhang, Y. M., Edis, R., Ding, H., 2005. Comparison of three

modeling approaches for simulating denitrification and nitrous oxide emissions from

loam-textured arable soils, Global Biogeochemical Cycles 19, GB3002.
d0i:10.1029/2004GB002392, 2005

Li, X., Miller, A.E., Meixner, T., Schimel, J.P., Melack, J.M., Sickman, J.O., 2010.
Adding an empirical factor to better represent the rewetting pulse mechanism in a soil
biogeochemical model. Geoderma 159, 440-451. doi:10.1016/j.geoderma.2010.09.012
Li, C., Salas, W., Zhang, R., Krauter, C., Rotz, A., Mitloehner, F., 2012. Manure-
DNDC: A biogeochemical process model for quantifying greenhouse gas and ammonia
emissions from livestock manure systems. Nutrient Cycling in Agroecosystems 93, 163-
200. d0i:10.1007/s10705-012-9507-z

Li, T., Hasegawa, T., Yin, X., Zhu, Y., Boote, K., Adam, M., Bregaglio, S., Buis, S.,
Confalonieri, R., Fumoto, T., Gaydon, D., Marcaida Il1l, M., Nakagawa, H., Oriol, P.,
Ruane, A.C., Ruget, F., Singh, B., Singh, U., Tang, L., Tao, F., Wilkens, P., Yoshida,
H., Zhang, Z., Bouman, B., 2015. Uncertainties in predicting rice yield by current crop
models under a wide range of climatic conditions. Global Change Biology 21, 1328-
1341. doi:doi.org/10.1111/gch.12758.

Liu, Y., Yu, Z., Chen, J., Zhang, F., Doluschitz, R., Axmacher, J. C., 2006. Changes of
soil organic carbon in an intensively cultivated agricultural region: A denitrification—
decomposition (DNDC) modelling approach. Science of the Total Environment 372,
203-214. doi:10.1016/j.scitotenv.2006.09.022

Liu, D.L., Chan, K.Y., Conyers, M.K., 2009. Simulation of soil organic carbon under
different tillage and stubble management practices using the Rothamsted carbon
model. Soil and Tillage Research 104, 65-73. doi:10.1016/j.still.2008.12.011

Liu, D.L., Chan, K.Y., Conyers, M.K., Li, G., Poile, G.J., 2011. Simulation of soil
organic carbon dynamics under different pasture managements using the RothC carbon
model. Geoderma 165, 69—-77. doi:10.1016/j.geoderma.2011.07.005

44


doi:10.1016/j.agee.2009.08.003
doi:10.1016/j.still.2008.12.011

1443
1444
1445
1446
1447
1448
1449
1450
1451
1452
1453
1454
1455
1456
1457
1458
1459
1460
1461
1462
1463
1464
1465
1466
1467
1468
1469
1470
1471
1472
1473
1474

149)

150)

151)

152)

153)

154)

155)

156)

157)

Liu, H.L., Yang, J.Y., Drury, C.F., Reynolds, W.D., Tan, C.S., Bai, Y.L., He, P., Jin, J.,
Hoogenboom, G., 2011a. Using the DSSAT-CERES-Maize model to simulate crop
yield and nitrogen cycling in fields under long-term continuous maize production.
Nutrient Cycling in Agroecosystems 89, 313-328. doi:10.1007/s10705-010-9396-y

Liu, H.L., Yang, J.Y., Tan, C.S., Drury, C.F., Reynolds, W.D., Zhang, T.Q., Bai, Y.L.,
Jin, J., He, P., Hoogenboom, G., 2011b. Simulating water content, crop yield and
nitrate-N loss under free and controlled tile drainage with subsurface irrigation using the
DSSAT model. Agricultural Water Management 98, 1105-1111.
doi:10.1016/j.agwat.2011.01.017

Lu, C., Tian, H., 2013. Net greenhouse gas balance in response to nitrogen enrichment:
perspectives from a coupled biogeochemical model. Global Change Biology 19, 571-
588. d0i:10.1111/gcb.12049

Ludwig, B., Jager, N., Priesack, E., Flessa, H., 2011. Application of the DNDC model
to predict N,O emissions from sandy arable soils with differing fertilization in a long-
term experiment. Journal of Plant Nutrition and Soil Science 174, 350-358.
d0i:10.1002/jpIn.201000040

Luo, Z., Wang, E., Sun, O.J., Smith, C.J., Probert, M.E., 2011. Modeling long-term soil
carbon dynamics and sequestration potential in semi-arid agro-ecosystems. Agricultural
and Forest Meteorology 151, 1529-1544. doi:10.1016/j.agrformet.2011.06.011

Ma, S., Lardy, R., Graux, A.-l., Ben Touhami, H., Klumpp, K., Martin, R., Bellocchi,
G., 2015. Regional-scale analysis of carbon and water cycles on managed grassland
systems. Environmental Modelling & Software 72, 356-371.
d0i:10.1016/j.envsoft.2015.03.007

Manzoni, S., Porporato, A., 2007. A theoretical analysis of nonlinearities and feedbacks
in soil carbon and nitrogen cycles. Soil Biology Biochemistry 39, 1542-1556.
doi:10.1016/j.50i1bi0.2007.01.006

Manzoni, S., Porporato, A., Schimel, J.P., 2008. Soil heterogeneity in lumped

mineralization-immobilization models. Soil Biology Biochemistry 40, 1137-1148.
d0i:10.1016/j.s0ilbio.2007.12.006
Manzoni, S., Porporato, A., 2009. Soil carbon and nitrogen mineralization: theory and
models  across  scales.  Soil  Biology  Biochemistry 41,  1355-1379.
doi:10.1016/j.50i1bi0.2009.02.031

45


http://dx.doi.org/10.1016/j.envsoft.2015.03.007
doi:10.1016/j.soilbio.2007.01.006
doi:10.1016/j.soilbio.2009.02.031

1475
1476
1477
1478
1479
1480
1481
1482
1483
1484
1485
1486
1487
1488
1489
1490
1491
1492
1493
1494
1495
1496
1497
1498
1499
1500
1501
1502
1503
1504
1505
1506
1507

158)

159)

160)

161)

162)

163)

164)

165)

166)

Manzoni, S., Taylor, P., Richter, A., Porporato, A., Agren, G.1., 2012. Environmental
and stoichiometric controls on microbial carbon-use efficiency in soils. New Phytology
196, 79-91. doi:10.1111/j.1469-8137.2012.04225.x

Marschner, B., Brodowski, S., Dreves, A., Gleixner, G., Gude, A., Grootes, P.M.,
Hamer, U., Heim, A., Jandl, G., Ji, R., Kaiser, K., Kalbitz, K., Kramer, C., Leinweber,
P., Rethemeyer, J., Schéffer, A., Schmidt, M.W.I., Schwark, L., Wiesenberg, G.L.B.,
2008. How relevant is recalcitrance for the stabilization of organic matter in soils?
Journal of Plant Nutrition Soil Science 171, 91-110. doi:10.1002/jpIn.200700049
Martin, M.P., Wattenbach, M., Smith, P., Meersmans, J., Jolivet, C., Boulonne, L.,
Arrouays, D., 2011. Spatial distribution of soil organic carbon stocks in France.
Biogeosciences 8, 1053-1065. doi:10.5194/bg-8-1053-2011.

Masse, D., Cambier, C., Brauman, A., Sall, S., Assigbetse, K., Chotte, J.L., 2007.
MIOR: an individual based model for simulating the spatial patterns of soil organic
matter microbial decomposition. European Journal of Soil Science58, 1127-1135. doi:
10.1111/j.1365-2389.2007.00900.x

Molina, J.A.E., Clapp, C.E., Shaffer, M.J., Chichester, F.W., Larson, W.E., 1983.
NCSOIL, a model of nitrogen and carbon transformations in soil: description,
calibration, and behaviour. Soil Science Society American Journal 47, 85-91.
d0i:10.2136/sssaj1983.03615995004700010017x

Monga, O., Bousso, M., Garnier, P., Pot, V., 2009. Using pore space 3D geometrical
modelling to simulate biological activity: Impact of soil structure. Computers and
Geosciences 35, 1789-1801. doi:10.1016/j.cage0.2009.02.007

Monga, O., Garnier, P., Pot, V., Coucheney, E., Nunan, N., Otten, W., Chenu, C., 2014.
Simulating microbial degradation of organic matter in a simple porous system using the
3-D diffusion-based model MOSAIC. Biogeosciences 11, 2201-2209. doi:10.5194/bg-
11-2201-2014

Moorhead, D.L., Sinsabaugh, R.L., 2006. A theoretical model of litter decay and
microbial interaction. Ecology Monographs 76, 151-74. doi:10.1890/0012-
9615(2006)076[0151:ATMOLD]2.0.CO;2

Mooshammer, M., Wanek, W., Zechmeister-Boltenstern, S., Richter, A., 2014a.

Stoichiometric imbalances between terrestrial decomposer communities and their
resources: mechanisms and implications of microbial adaptations to their resources.
Frontiers in Microbiology 5, 1-10. doi:10.3389/fmich.2014.00022

46


http://dx.doi.org/10.1111/j.1365-2389.2007.00900.x
doi:10.1016/j.cageo.2009.02.007
https://dx.doi.org/10.3389%2Ffmicb.2014.00022

1508
1509
1510
1511
1512
1513
1514
1515
1516
1517
1518
1519
1520
1521
1522
1523
1524
1525
1526
1527
1528
1529
1530
1531
1532
1533
1534
1535
1536
1537
1538
1539
1540

167)

168)

169)

170)

171)

172)

173)

174)

175)

176)

Mooshammer, M., Wanek, W., Hammerle, 1., Fuchslueger, L., Hofhansl, F., Knoltsch,
A., Schnecker, J., Takriti, M., Watzka, M., Wild, B., Keiblinger, K.M., Zechmeister-
Boltenstern, S, Richter, A., 2014b. Adjustment of microbial nitrogen use efficiency to
carbon:nitrogen imbalances regulates soil nitrogen cycling. Nature Communications 5,
1-7. doi:10.1038/ncomms4694

Neill, C., Gignoux, J., 2006. Soil organic matter decomposition driven by microbial
growth: A simple model for a complex network of interactions. Soil Biology
Biochemistry 38, 803-811. doi:10.1016/j.s0ilbi0.2005.07.007

Neill, C., Guenet, B., 2010. Comparing two mechanistic formalisms for soil organic
matter dynamics: A test with in vitro priming effect observations. Soil Biology
Biochemistry 42, 1212-1221. doi:10.1016/j.s0ilbi0.2010.04.016

Nichols, J. D., 1984. Relation of organic carbon to soil properties and climate in the
southern Great Plains. Soil Science Society of America Journal 48, 1382-1384.
d0i:10.2136/sssaj1984.03615995004800060037x

Nicolardot, B., Molina, J.A.E., Allard, M.R., 1994. C and N fluxes between pools of
soil organic matter: model calibration with long-term incubation data. Soil Biology and
Biochemistry 26, 235-243. d0i:10.1016/0038-0717(94)90163-5

Nicolardot, B., Recous, S., Mary, B., 2001. Simulation of C and N mineralization
during crop residue decomposition: a simple dynamic model based on the C:N ratio of
the residues. Plant and Soil 228, 83-103. doi:10.1023/A:1004813801728

Nieder, R., Benbi, D.K., Scherer, H.W., 2011. Fixation and defixation of ammonium in
soils: a review. Biology and Fertility of Soils 47, 1-14. doi:10.1007/s00374-010-0506-4
Nieto, O.M., Castro, J., Fernandez, E., Smith, P., 2010. Simulation of soil organic
carbon stocks in a Mediterranean olive grove under different soil- management systems
using the RothC model. Soil Use and Management 26, 118-125. doi:10.1111/j.1475-
2743.2010.00265.x

Nieto, O.M., Castro, J., Fernandez-Ondofio, E., 2013. Conventional tillage versus cover
crops in relation to carbon fixation in Mediterranean olive cultivation. Plant and
Soil 365, 321-335. d0i:10.1007/s11104-012-1395-0

Nocentini, A., Virgilio, N.D., Monti, A., 2015. Model simulation of cumulative carbon
sequestration by switchgrass (Panicum virgatum L.) in the Mediterranean area using the
DAYCENT model. Bioenergy Research 8, 1512-1522, DOI 10.1007/s12155-015-9672-
4,

47



1541
1542
1543
1544
1545
1546
1547
1548
1549
1550
1551
1552
1553
1554
1555
1556
1557
1558
1559
1560
1561
1562
1563
1564
1565
1566
1567
1568
1569
1570
1571
1572
1573

177)

178)

179)

180)

181)

182)

183)

184)

185)

Noirot-Cosson, P.E., Vaudour, E., Gilliot, J.M., Gabrielle, B., Houot, S., 2016.
Modelling the long-term effect of urban waste compost applications on carbon and
nitrogen dynamics in temperate cropland. Soil Biology and Biochemistry 94, 138-153.
doi:10.1016/j.s0ilbi0.2015.11.014

Nommik, H., 1957. Fixation and defixation of ammonium in soils. Acta Agriculturae
Scandinavica 7, 395-436. doi:10.1080/00015125709434240

Nommik, H., Vahtras, K., 1982. Retention and fixation of ammonium and ammonia in

soils. In: Nitrogen in Agricultural Soils. Agronomy Monograph, Volume 22 (ed. F.J.
Stevenson), pp. 123-171. American Society of Agronomy Inc., Crop Science Society of
America Inc., Soil Science Society of America Inc., Madison, WI, USA.

Palosuo, T., Kersebaum, K.C., Angulo, C., Hlavinka, P., Moriondo, M., Olesen, J.E.,
Patil, R.H., Ruget, F., Rumbaur, C., Takac, J., Trnka, M., Bindi, M., 2011. Simulation
of winter wheat yield and its variability in different climates of Europe: a comparison of
eight crop growth models. European Journal of Agronomy 35, 103-114. doi:
10.1016/j.eja.2011.05.001.

Parton, W.J., Schimel, D.S., Cole, C.V., Ojima, D.S., 1987. Analysis of factors
controlling soil organic matter levels in Great Plains grasslands. Soil Science Society of
America Journal 51, 1173-1179. doi:10.2136/sssaj1987.03615995005100050015x
Parton, W.J., Stewart, J.B.W., Cole, C.V., 1988. Dynamics of C, N, P and S in grassland
soils: a model. Biogeochemistry 5, 109-131. doi:10.1007/BF02180320

Parton, W.J., Scurlock, J.M.O., Ojima, D.S., Gilmanov, T.G., Scholes, R.J., Schimel,
D.S., Kirchner, T., Menaut, J.C., Seastedt, T., Garcia Moya, E., Kamnalrut, A.,
Kinyamario, J.1., 1993. Observations and modelling of biomass and soil organic matter
dynamics for the grassland biome worldwide. Global Biogeochemical Cycles 7,785—
809. d0i:10.1029/93GB02042.

Parton, W.J., Ojima, D.S., Cole, C.V., Schimel, D.S., 1994. A general model for soil
organic matter dynamics: Sensitivity to litter chemistry, texture and management. p.
147-167. In: Quantitative modeling of soil forming processes, SSSA Spec. Public. No.
39. Madison, W1, USA.

Parton, W. J., Holland, E.A., Del Grosso, S.J., Hartman, M.D., Martin, R.E., Mosier,
A.R., Ojima, D.S., Schimel, D.S., 2001. Generalized model for NOy and N,O emissions
from  soils. Journal of Geophysical Research  106(D15), 17403-17419.
d0i:10.1029/2001JD900101.

48


http://dx.doi:10.1016/j.soilbio.2015.11.014

1574
1575
1576
1577
1578
1579
1580
1581
1582
1583
1584
1585
1586
1587
1588
1589
1590
1591
1592
1593
1594
1595
1596
1597
1598
1599
1600
1601
1602
1603
1604
1605
1606
1607

186)

187)

188)

189)

190)

191)

192)

193)

194)

195)

Pathak, H., Prasad, S., Bhatia, A., Singh, S., Kumar, S., Singh, J., Jain, M.C., 2003.
Methane emission from rice-wheat cropping system of India in relation to irrigation,
farmyard manure and dicyandiamide application. Agriculture, Ecosystems &
Environment 97, 309-316. doi:10.1016/S0167-8809(03)00033-1

Pathak, H., Li, C., Wassmann, R., 2005.Greenhouse gas emissions from Indian rice
fields: calibration and upscaling using the DNDC model. Biogeosciences 2, 113-123.
d0i:10.5194/bg-2-113-2005

Perveen, N., Barot, S., Alvarez, G., Klumpp, K., Martin, R., Rapaport, A., Herfurth, D.,
Louault, F., Fontaine, S., 2014. Priming effect and microbial diversity in ecosystem
functioning and response to global change: A modeling approach using the
SYMPHONY model. Global Change Biology 1174-1190. doi:10.1111/gcb.12493
Peyraud, J.L., 2011. The role of grasslands in intensive animal production in north-west
Europe: Conditions for a more sustainable farming system. In: Lemaire, G., Hodgson,
J., Chabbi, A. (Eds.), Grassland productivity and ecosystem services. CAB
International, pp. 179-187.

Pisante M., Stagnari F., Acutis M., Bindi M., Brilli L., Di Stefano V., Carozzi M., 2014.
Conservation Agriculture and Climate Change. In Conservation Agriculture (Farooq M.,
and Siddique K., Eds). Springer, 579-620.

Plante, A.F., Conant, R.T., Paul, E.A., Paustian, K., Six, J., 2006. Acid hydrolysis of
easily dispersed and microaggregate-derived silt- and claysized fractions to isolate
resistant soil organic matter. European Journal Soil Science 57, 456-467.
d0i:10.1111/j.1365-2389.2006.00792.x

Potter, S.R., Atwood, J.D., Kellog, R.L., Williams, J.R., 2004. An approach for
estimating soil carbon using the National Nutrient Loss Database. Environmental
Management 33, 496-506. doi:10.1007/s00267-003-9107-4

Powlson, D.S., Bhogal, A., Chambers, B.J., Coleman, K., Macdonald, A.J., Goulding,
K.W.T., Whitmore, A.P., 2012. Agriculture, Ecosystems & Environment 146, 23-33.
doi:10.1016/j.agee.2011.10.004

Prasad, R., Hochmuth, G.J., Boote, K.J., 2015. Estimation of nitrogen pools in irrigated
potato production on sandy soil using the model SUBSTOR. PL0S One 10, e0117891.
doi:10.1371/journal.pone.0117891

Probert, M.E., Dimes, J.P., Keating, B.A., Dalal, R.C., Strong, W.M., 1998. APSIM's
water and nitrogen modules and simulation of the dynamics of water and nitrogen in
fallow systems. Agricultural Systems 56, 1-28. doi:10.1016/S0308-521X(97)00028-0

49


doi:10.1371/journal.pone.0117891
http://dx.doi.org/10.1016/S0308-521X(97)00028-0

1608
1609
1610
1611
1612
1613
1614
1615
1616
1617
1618
1619
1620
1621
1622
1623
1624
1625
1626
1627
1628
1629
1630
1631
1632
1633
1634
1635
1636
1637
1638
1639
1640

196)

197)

198)

199)

200)

201)

202)

203)

204)

205)

Ramanarayanan, T. S., Storm, D. E., Smolen, M.D., 1998. Analysis of nitrogen
management strategies using EPIC1. Journal of the American Water Resources
Association, 34, 1199-1211, do0i:10.1111/j.1752-1688.1998.th04165.x

Rampazzo Todorovic, G., Stemmer, M., Tatzber, M., Katzlberger, C., Spiegel, H.,
Zehetner, F., Gerzabek, M.H., 2010. Soil carbon turnover under different crop
management: Evaluation of RothC model predictions under Pannonian climate
conditions. Journal ~ of Plant  Nutrition and Soil  Science 173, 662-670.
d0i:10.1002/jpIn.200800311

Rice, C.W., 2002. Organic matter and nutrient dynamics. In: Encyclopedia of soil
science, pp. 925-928. New York, NY, USA, Marcel Dekker Inc.

Riedo, M., Grub, A., Rosset, M., Fuhrer, J., 1998. A Pasture Simulation Model for dry
matter production, and fluxes of carbon, nitrogen, water and energy. Ecological
Modelling 105, 141-183. http://dx.doi.org/10.1016/S0304-3800(97)00110-5

Riedo, M., Milford, C., Schmid, M., Sutton, M., 2002. Coupling soil—plant— atmosphere
exchange of ammonia with ecosystem functioning in grasslands. Ecological Modelling
158, 83-110. doi:10.1016/S0304-3800(02)00169-2

Rolland, M.N., Gabrielle, B., Laville, P., Serca, D., Cortinovis, J., Larmanou, E.,

Lehuger, S., Cellier, P., 2008. Modeling of nitric oxide emissions from temperate
agricultural soils. Nutrient Cycling in Agroecosystems 80, 75-93. doi:10.1007/s10705-
007-9122-6

Rolland, M.N., Gabrielle, B., Laville, P., Cellier, P., Beekmann, M., Gilliot, J. M.,
Michelin, J., Hadjar, D., Curci, G., 2010. High-resolution inventory of NO emissions
from agricultural soils over the lle-de-France region. Environmental Pollution 158, 711-
722. d0i:10.1016/j.envpol.2009.10.017

Roloff, G., Jong, R.D., Campbell, C.A., Zentner, R.P., Benson, V.M., 1998. EPIC
estimates of soil water, nitrogen and carbon under semiarid temperate
conditions. Canadian Journal of Soil Science 78, 551-562. doi:10.4141/S97-064
Rolston, D.E., Sharpley, A.N., Toy, D.W., Hoffman, D.L., Broadbent, F.E., 1980.
Denitrification as affected by irrigation frequency of a field soil. EPA 600/2-80-06 U.S.
Environmental Protection Agency, ADA, Oklahoma, USA.

Roose, T., Schnepf, A., 2008. Mathematical models of plant-soil interaction.
Philosophical ~Transactions of the Royal Society A 366, 4597-4611.
doi:10.1098/rsta.2008.0198

50


http://dx.doi.org/10.1016/S0304-3800(97)00110-5
doi:10.1016/S0304-3800(02)00169-2

1641
1642
1643
1644
1645
1646
1647
1648
1649
1650
1651
1652
1653
1654
1655
1656
1657
1658
1659
1660
1661
1662
1663
1664
1665
1666
1667
1668
1669
1670
1671
1672
1673

206)

207)

208)

200)

210)

211)

212)

213)

214)

Rétter, R.P., Palosuo, T., Kersebaum, K.C., Angulo, C., Bindi, M., Ewert, F., Ferrise,
R., Hlavinka, P., Moriondo, M., Nendel, C., Olesen, J.E., Patil, R.H., Ruget, R., Takac,
J., Trnka, M., 2012. Simulation of spring barley yield in different climatic zones of
Northern and Central Europe: a comparison of nine crop models. Field Crops
Research 133, 23-36. doi:10.1016/j.fcr.2012.03.016

Rotz, C.A., Soder, K.J., Skinner, R., Dell, C., Kleinman, P., Schmidt, J., Bryant, R.,
2009. Grazing can reduce the environmental impact of dairy production systems. Forage
and Grazinglands 7. doi:10.1094/FG-2009-0916-01-RS

Russel, J.B., Cook, G.M., 1995. Energetics of bacterial growth: balance of anabolic and
catabolic reactions. Microbiological Reviews 59, 48-62. 0146-0749/95/$04.0010

Ryals, R., Kaiser, M., Torn, M.S., Berhe, A.A., Silver. W.L., 2014. Impacts of organic
matter amendments on carbon and nitrogen dynamics in grassland soils. Soil Biology
and Biochemistry 68, 52-61. doi:10.1016/j.50ilbi0.2013.09.011

Ryals, R., Hartman, M.D., Parton, W.J., DeLonge, M.S., Silver, W.L., 2015. Long term
climate change mitigation potential with organic matter management on
grasslands. Ecological Applications 25, 531-545. doi:10.1890/13-2126.1

Saggar, S., Andrew, R.M., Tate, K.R., Hedley, C.B., Rodda, N.J., Townsend, J.A.,
2004. Modelling nitrous oxide emissions from dairy-grazed pastures. Nutrient Cycling
in Agroecosystems 68, 243-255. doi:10.1023/B:FRES.0000019463.92440.a3

Saggar, S., Jha, N., Deslippe, J., Bolan, N.S., Luo, J., Giltrap, D.L., Kim, D.G., Zaman,
M., Tillman, R.W., 2013. Denitrification and N,O:N, production in temperate

grasslands: Processes, measurements, modelling and mitigating negative impacts.
Science of the Total Environment 465, 173-195. doi:10.1016/j.scitotenv.2012.11.050
Sandor, R., Barcza, Z., Hidy, D., Lellei-Kovacs, E., Ma, S., Bellocchi, G., 2016.
Modelling of grassland fluxes in Europe: Evaluation of two biogeochemical models.
Agriculture, Ecosystems & Environment 215, 1-19. doi:10.1016/j.agee.2015.09.001
Séndor, R., Barcza, Z., Acutis, M., Doro, L., Hidy, D., Kéchy, M., Minet, J., Lellei-
Kovécs, E., Ma, S., Perego, A., Rolinski, S., Ruget, F., Sanna, M., Seddaiu, G., Wu, L.,
Bellocchi, G., 2017. Multi-model simulation of soil temperature, soil water content and
biomass in Euro-Mediterranean grasslands: Uncertainties and ensemble performance.
European Journal of Agronomy. In press
(http://www.sciencedirect.com/science/article/pii/S1161030116301204)
d0i:10.1016/j.eja.2016.06.006

51


doi:10.1016/j.fcr.2012.03.016
doi:10.1016/j.soilbio.2013.09.011
http://www.sciencedirect.com/science/article/pii/S1161030116301204

1674
1675
1676
1677
1678
1679
1680
1681
1682
1683
1684
1685
1686
1687
1688
1689
1690
1691
1692
1693
1694
1695
1696
1697
1698
1699
1700
1701
1702
1703
1704
1705
1706

215)

216)

217)

218)

219)

220)

221)

222)

223)

224)

225)

Sansoulet, J., Pattey, E., Krobel, R., Grant, B., Smith, W., Jego, G., Desjardins, R.L.,
Tremblay, N., and Tremblay, G., 2014. Comparing the performance of the STICS,
DNDC, and DayCent models for predicting N uptake and biomass of spring wheat in
Eastern Canada. Field Crops Research 156, 135-150. doi:10.1016/j.fcr.2013.11.010
Sawhney, B.L., 1972. Selective sorption and fixation of cations by clay minerals: a
review. Clays & Clay Minerals 20, 93-100. doi:10.1346/CCMN.1972.0200208

Scheer, C., Del Grosso, S.J., Parton, W.J., Rowlings, D.W., Grace, P.R., 2014.
Modeling nitrous oxide emissions from irrigated agriculture: testing DayCent with high-
frequency measurements. Ecological Applications 24, 528-538. doi:10.1890/13-0570.1
Schimel, J.P., Weintraub, M.N., 2003. The implication of exoenzyme activity on
microbial carbon and nitrogen limitation in soil: a theoretical model. Soil Biology
Biochemistry 35, 549-563. doi:10.1016/S0038-0717(03)00015-4

Schimel, J.P., Bennett, J., 2004. Nitrogen mineralization: challenges of a changing
paradigm. Ecology 85, 591-602. doi:10.1890/03-8002

Schmid, M., Neftel, A., Riedo, M., Fuhrer, J., 2001a. Process-based modelling of
nitrous oxide emissions from different nitrogen sources in mown grassland. Nutrient
Cycling in Agroecosystems 60, 177-187. doi:10.1023/A:1012694218748

Schmidt, M.\W.I, Torn, M.S., Abiven, S., Dittmar, T., Guggenberger, G., Jassens, L.A.,

Kleber, M., Kbgel-Knabner, 1., Lehmann, J., Manning, D.A.C., Nannipieri, P., Rasse
DP, Weiner, S., Trumbore, S.E., 2011. Persistence of soil organic matter as an
ecosystem property. Nature 478, 49-56. doi:10.1038/nature10386

Schnebelen, N., Nicoullaud, B., Bourennane, H., Couturier, A., Verbeque, B., Revalier,
C., Bruand, A., Ledoux, E., 2004. The STICS model to predict nitrate leaching
following agricultural practices. Agronomie 24, 423-435.
doi:10.1051/agro:2004039

Schwinning, S., Parsons, A.J., 1996. Analysis of the coexistence mechanisms for

grasses and legumes in grazing systems. Journal of Ecology 84, 799-813. doi:
10.2307/2960553

Seitzinger, S.P., 1988. Denitrification in freshwater and coastal marine ecosystems:
ecological and geochemical significance. Limnology and Oceanography 33, 702-724.
d0i:10.4319/10.1988.33.4part2.0702

Sharp, J. M., Thomas, S. M., Brown, H. E., 2011. A validation of APSIM nitrogen

balance and leaching predictions. Conference Paper, Agronomy New Zealand, 41.

52


http://dx.doi.org/10.1016%2Fj.fcr.2013.11.010
doi:10.1016/S0038-0717(03)00015-4
doi:10.1051/agro:2004039
doi:10.1051/agro:2004039

1707
1708
1709
1710
1711
1712
1713
1714
1715
1716
1717
1718
1719
1720
1721
1722
1723
1724
1725
1726
1727
1728
1729
1730
1731
1732
1733
1734
1735
1736
1737
1738
1739

226)

227)

228)

229)

230)

231)

232)

233)

234)

235)

Shirato, Y., Yokozawa, M., 2005. Applying the Rothamsted Carbon Model for long-
term experiments on Japanese paddy soils and modifying it by simple tuning of the
decomposition rate. Soil Science and Plant Nutrition 51, 405-415. doi:10.1111/}.1747-
0765.2005.th00046.x

Skjemstad, J.O., Spouncer, L.R., Cowie, B., Swift, R.S., 2004. Calibration of the
Rothamsted organic carbon turnover model (RothC ver. 26.3), using measurable soil
organic  carbon  pools. Australian  Journal of Soil Research 42, 79-88.
d0i:10.1071/SR03013

Sierra, C.A., Harmon, M.E., Perakis, S.S., 2011. Decomposition of heterogeneous
organic matter and its long-term stabilization in soils. Ecological Modelling 81, 619-
634. doi:10.1890/11-0811.1

Sierra, C.A., Miller, M., 2015. A general mathematical framework for representing soil
organic matter dynamics. Ecological Monographs 85, 505-524. doi:10.1890/15-0361.1
Sierra, C.A., Malghani, S., Miller, M., 2015a. Model structure and parameter
identification of soil organic matter models. Soil Biology Biochemistry 90, 197-203.
d0i:10.1016/j.50ilbi0.2015.08.012

Sierra, C.A., Trumbore, S.E., Davidson, E.A., Vicca, S., Janssens, 1., 2015b. Sensitivity
of decomposition rates of soil organic matter with respect to simultaneous changes in

temperature and moisture. Journal of Advances in Modelling Earth Systems 7, 335-356.
d0i:10.1002/2014MS000358

Sinsabaugh, R.L., Follstad Shah, J.J., 2012. Ecoenzymatic stoichiometry and ecological
theory. Annual Review of Ecology, Evolution, and Systematics 43, 313-343.
doi:10.1146/annurev-ecolsys-071112-124414

Sinsabaugh, R.L., Manzoni, S., Moorhead, D.L., Richter, A., 2013. Carbon use
efficiency of microbial communities: stoichiometry, methodology and modelling.
Ecology Letters 16,930-939. doi:10.1111/ele.12113

Sinsabaugh, R.L., Turner, B.L., Talbot, J.M., Waring, B.G., Powers, J.S., Kuske, C.R.,
Moorhead, D.L., Follstad Shah, J.J., 2016. Stoichiometry of microbial carbon use
efficiency in soils. Ecological Monographs 86, 172-189. doi:10.1890/15-2110.1

Sleutel, S., De Neve, S., Beheydt, D., Li, C., Hofman, G., 2006. Regional simulation of
long- term organic carbon stock changes in cropland soils using the DNDC model: 1.
Large-scale model validation against a spatially explicit data set. Soil Use and
Management 22, 342-351. doi:10.1111/j.1475-2743.2006.00045.x

53


doi:10.1016/j.soilbio.2015.08.012

1740
1741
1742
1743
1744
1745
1746
1747
1748
1749
1750
1751
1752
1753
1754
1755
1756
1757
1758
1759
1760
1761
1762
1763
1764
1765
1766
1767
1768
1769
1770
1771
1772

236)

237)

238)

239)

240)

241)

242)

243)

244)

245)

Smith, W.N., Desjardins, R.L., Grant, B., Li, C., Lemke, R., Rochette, P., Corre, M.D.,
Pennock, D., 2002. Testing the DNDC model using N,O emissions at two experimental
sites in Canada. Canadian Journal of Soil Science 82, 365-374. doi:10.4141/S01-048
Smith, W.N., Grant, B.B., Desjardins, R.L., Rochette, P., Drury, C.F., Li, C., 2008.
Evaluation of two process-based models to estimate soil N,O emissions in Eastern
Canada. Canadian Journal of Soil Science 88, 251-260. doi:10.4141/CJSS06030

Smith, W.N., Grant, B.B., Campbell, C.A., McConkey, B.G., Desjardins, R.L., Krobel,
R., Malhi, S.S., 2012. Crop residue removal effects on soil carbon: Measured and inter-
model comparisons. Agriculture, Ecosystems & Environment 161, 27-38.
doi:10.1016/j.agee.2012.07.024

Snow, V.O., Smith, C.J., Polglase, P.J., Probert, M.E., 1999. Nitrogen dynamics in a
eucalypt plantation irrigated with sewage effluent or bore water. Soil Research 37, 527-
544. d0i:10.1071/598093

Soldevilla-Martinez, M., Lépez-Urrea, R., Martinez-Molina, L., Quemada, M., Lizaso,

J.I., 2013. Improving simulation of soil water balance using lysimeter observations in a
semiarid climate. Procedia Environmental Sciences 19, 534-542.
doi:10.1016/j.proenv.2013.06.060

Steffens, D., Sparks, D.L., 1997. Kinetics of nonexchangeable ammonium release from
soils. Soil Science Society of America Journal 61, 455-462.

Stehfest, E., Heistermann, M., Priess, J.A., Ojima, D.S., Alcamo, J.A., 2007. Simulation
of global crop yields with the ecosystem model Daycent. Ecological Modelling 209,
203-219. d0i:10.1016/j.ecolmodel.2007.06.028

Thrall, P.H., Oakeshott, J.G., Fitt, G., Southerton, S., Burdon, J.J., Sheppard, A.,
Russell, R.J., Zalucki, M., Heino, M., Denison, R.F., 2011. Evolution in agriculture: the
application of evolutionary approaches to the management of biotic interactions in agro-
ecosystems.  Evolutionary  Applications 4, 200-215. doi:10.1111/}.1752-
4571.2010.00179.x

Thorburn, P.J., Biggs, J.S., Collins, K., Probert, M.E., 2010. Using the APSIM model to
estimate nitrous oxide emissions from diverse Australian sugarcane production
systems. Agriculture, Ecosystems & Environment, 136, 343-350.
doi:10.1016/j.agee.2009.12.014

Tian, H., Melillo, J., Lu, C., Kicklighter, D., Liu, M., Ren, W., Xu, X., Chen, G., Zhang,
C., Pan, S,, Liu, J., Running, S., 2011. China's terrestrial carbon balance: Contributions

54


doi:10.1071/S98093
http://dx.doi.org/10.1016/j.proenv.2013.06.060
http://dx.doi:10.1016/j.agee.2009.12.014

1773
1774
1775
1776
1777
1778
1779
1780
1781
1782
1783
1784
1785
1786
1787
1788
1789
1790
1791
1792
1793
1794
1795
1796
1797
1798
1799
1800
1801
1802
1803
1804
1805
1806

246)

247)

248)

249)

250)

251)

252)

253)

from multiple global change factors. Global Biogeochemical Cycles 25, GB1007,
d0i:10.1029/2010GB003838.

Tojo Soler, C.M., Bado, V.B., Traore, K., McNair Bostick, W., Jones, JW.,
Hoogenboom, G., 2011. Soil organic carbon dynamics and crop yield for different crop
rotations in a degraded ferruginous tropical soil in a semi-arid region: a simulation
approach. Journal Agricultural Science 149, 579-593.
d0i:10.1017/S0021859611000050

Tonitto, C., David, M., Drinkwater, L., Li, C., 2007. Application of the DNDC model to
tile-drained Illinois agroecosystems: model calibration, validation, and uncertainty
analysis. Nutrient Cycling in Agroecosystems 78, 51-63. doi:10.1007/s10705-006-
9076-0

Tsuji, G.Y., 1998. Network management and information dissemination for
agrotechnology transfer. In: Tsuji, G.Y., Hoogenboom, G., Thornton, P.K. (Eds.),
Understanding Options for Agricultural Production. Kluwer Academic Publishers,
Dordrecht, The Netherlands, pp. 367-381.

Uehara, G., 1998. Synthesis. In: Tsuji, G.Y., Hoogenboom, G., Thornton, P.K. (Eds.),
Understanding options for agricultural production. Kluwer Academic Publishers,
Dordrecht, The Netherlands, pp. 389-392.

Ungaro, F., Staffilani, F., Tarocco, P., 2010. Assessing and mapping topsoil organic
carbon stock at regional scale: a scorpan kriging approach conditional on soil map
delineations and land use. Land Degradation & Development, 21, 565-581.
d0i:10.1002/1dr.998

Uzoma, K.C., Smith, W.N., Grant, B., Desjardins, R.L., Gao, X., Hanis, K., Tenuta, M.,
Goglio, P., Li, C. 2015. Assessing the effects of agricultural management on nitrous
oxide emissions using flux measurements and the CAN-DNDC model. Agriculture,
Ecosystems & Environment, 206, 71-83. doi:10.1016/j.agee.2015.03.014.

Veldkamp, E., Keller, M., 1997. Fertilizer-induced nitric oxide emissions from
agricultural ~ soils.  Nutrient  Cycling in  Agroecosystems, 48, 69-77.
d0i:10.1023/A:1009725319290

Vereeken, H., Schnepf, A., Hopmans, J. W., Javaux, M., Or, D., Roose, T.,
Vanderborght, J., Young, M.H., Amelung, W., Aitkenhead, M., Allison, S.D.,
Assouline, S., Baveye, P., Berli, M., Briggemann, N., Finke, P., Flury, M., Gaiser, T.,
Govers, G., Ghezzehei, T., Hallett, P., Hendricks Franssen, H.J., Heppell, J., Horn, R.,
Huisman, J.A., Jacques, D., Jonard, F., Kollet, S., Lafolie, F., Lamorski, K., Leitner, D.,

55



1807
1808
1809
1810
1811
1812
1813
1814
1815
1816
1817
1818
1819
1820
1821
1822
1823
1824
1825
1826
1827
1828
1829
1830
1831
1832
1833
1834
1835
1836
1837
1838
1839
1840

254)

255)

256)

257)

258)

259)

260)

261)

McBratney, A., Minasny, B., Montzka, C., Nowak, W., Pachepsky, Y., Padarian, J.,
Romano, N., Rotham, K., Rothfuss, Y., Rowe, E.C., Schwen, A., Simunek, J., Tiktak,
A., Van Dam, J., van der Zee, S.E.AT.M., Vogel, H.J., Vrugt, J.A., Wohling, T.,
Young, I.M., 2016. Modeling soil processes: review, key challenges, and new
perspectives. Vadose Zone Journal 15, 1-57. doi:10.2136/vzj2015.09.0131

Vitousek, P.M., Turner, D.R., Parton, W.J., Sanford, R.L., 1994. Litter decomposition
on the Mauna Loa environmental matrix, Hawaii: Patterns, mechanisms, and models.
Ecology 75,418-429. doi:10.2307/1939545

Vuichard, N., Soussana, J. F., Ciais, P., Viovy, N., Ammann, C., Calanca, P., Clifton-
Brown, J., Fuhrer, J., Jones, M., Martin, C., 2007. Estimating the greenhouse gas fluxes
of European grasslands with a process-based model: 1. Model evaluation from in situ
measurements. Global Biogeochemical Cycles 21. doi:10.1029/2005GB002611

Wang, X., He, X., Williams, J.R., lzaurralde, R.C., Atwood, J.D., 2005. Sensitivity and
uncertainty analyses of crop vyields and soil organic carbon simulated with
EPIC. Transactions of the ASAE 48, 1041-1054. doi:10.13031/2013.18515

Wang, J., Lu, C., Xu, M., Zhu, P., Huang, S., Zhang, W., Peng, C., Chen, X., Wu, L.,
2013. Soil organic carbon sequestration under different fertilizer regimes in north and
northeast China: RothC simulation. Soil Use and Management 29, 182-190.
doi:10.1111/sum.12032

Wattenbach, M., Sus, O., Vuichard, N., Lehuger, S., Gottschalk, P., Li, L., Leip, A.,
Williams, M., Tomelleri, E., Kutsch, W.L., Buchmann, N.,Eugster, W., Dietiker, D.,
Aubinet, M., Ceschia, E., Béziat, P., Grinwald, T., Hastings, A., Osborne, B., Ciais, P.,
Cellier, P., Smith, P., 2010. The carbon balance of European croplands: a cross-site
comparison of simulation models. Agriculture, Ecosystems & Environment 139, 419-
453. doi:10.1016/j.agee.2010.08.004

Weiskittel, A.R., Maguire, D.A., Monserud, R.A., Johnson, G.P., 2010. A hybrid model
for intensively managed Douglas-fir plantations in the Pacific Northwest, USA.
European Journal Forest Research 129, 325-338, doi 10.1007/s10342-009-0339-6.

Williams, E., Fehsenfeld, F., 1991. Measurement of soil nitrogen oxide emissions at

three North American ecosystems. Journal of Geophysical Research 96, 1033-1042.
d0i:10.1029/90JD01903

Williams, J.R. 1995. The EPIC Model. 1995. p. 909-1000. In: V.P. Singh (ed.)
Computer models of watershed hydrology. Water Resources Publications. Highlands
Ranch, CO, USA.

56


doi:10.1016/j.agee.2010.08.004

1841
1842
1843
1844
1845
1846
1847
1848
1849
1850
1851
1852
1853
1854
1855
1856
1857
1858
1859
1860
1861
1862
1863
1864
1865
1866
1867
1868
1869
1870
1871
1872
1873
1874

262) Withmore AP, 2007. Describing the transformation of organic carbon and nitrogen in
soil using the MOTOR system. Computers and Electronics in Agriculture 55, 71-88.
doi:10.1016/j.compag.2006.11.005

263) Wu, X., Zhang, A., 2014. Comparison of three models for simulating N,O emissions

from paddy fields under water-saving irrigation. Atmospheric Environment 98, 500-
509. doi:10.1016/j.atmosenv.2014.09.029
264) Woutzler, T., Reichstein, M., 2007. Soils apart from equilibrium - consequences for soil
carbon balance modelling. Biogeosciences 4, 125-136. doi:10.5194/bg-4-125-2007.
265) Wutzler T, Reichstein, M., 2008. Colimitation of decomposition by substrate and

decomposers — a comparison of model formulations. Biogeosciences 5,749-759.

266) Wutzler T, Reichstein, M., 2013. Priming and substrate quality interactions in soil
organic matter models. Biogeosciences 10, 2089-2103.

267) Xing, H., Wang, E., Smith, C. J., Rolston, D., Yu, Q., 2011. Modelling nitrous oxide
and carbon dioxide emission from soil in an incubation experiment. Geoderma 167,
328-339. d0i:10.1016/j.geoderma.2011.07.003

268) Xu, X., Liu, W., Kiely, G., 2011. Modeling the change in soil organic carbon of
grassland in response to climate change: effects of measured versus modelled carbon
pools for initializing the Rothamsted Carbon model. Agriculture, Ecosystems &
Environment 140, 372-381. doi:10.1016/j.agee.2010.12.018

269) Xu, X., Thornton, P.E., Post, W.M., 2013. A global analysis of soil microbial biomass
carbon, nitrogen and phosphorus in terrestrial ecosystems. Global Ecology
Biogeography 22,737-749. doi:10.1111/geb.12029

270) Yang, J.M,, Yang, J.Y., Dou, S., Yang, X.M., Hoogenboom, G., 2013. Simulating the
effect of long-term fertilization on maize yield and soil C:N dynamics in northeastern
China using DSSAT and CENTURY-based soil model. Nutrient Cycling in
Agroecosystems 95, 287-303. doi:10.1007/s10705-013-9563-z

271) Yu, Y.X., Zhao, C.Y., 2015. Modelling soil and root respiration in a cotton field using
the DNDC model. Journal of Plant Nutrition and Soil Science 178, 787-791.
d0i:10.1002/jpIn.201500271

272) Zhang, X., lzaurralde, R.C., Manowitz, D.H., Sahajpal, R., West, T.O., Thomson, A.M.,
Xu, M., Zhao, K., LeDuc, S.D. and Williams, J.R., 2015. Regional scale cropland
carbon budgets: Evaluating a geospatial agricultural modeling system using inventory
data. Environmental Modelling & Software 63, 199-216.
doi.org/10.1016/j.envsoft.2014.10.005

57


doi:10.1016/j.compag.2006.11.005
doi:10.1016/j.atmosenv.2014.09.029

1875
1876
1877
1878
1879
1880
1881
1882
1883

273) Zhang, W., Liu, C., Zheng, X., Zhou, Z., Cui, F., Zhu, B, Haas, E., Klatt, S.,
Butterbach-Bahl, K., Kiese, R., 2015. Comparison of the DNDC, LandscapeDNDC and
IAP-N-GAS models for simulating nitrous oxide and nitric oxide emissions from the

winter wheat-summer maize rotation system. Agricultural Systems 140, 1-10.
doi:10.1016/j.agsy.2015.08.003
274) Zimmermann, M., Leifeld, J., Schmidt, M.W.1., Smith, P., Fuhrer, J., 2007. Measured
soil organic matter fractions can be related to pools in the RothC model. European

Journal

of

Soil

Science 58, 658—667.

doi:10.1111/j.1365-2389.2006.00855.x

58



*Revised manuscript with no changes marked
Click here to view linked References

O 00 N o uu B~ W N

W W W W W N N N N N N N N NN P P P RBP PRP R R R p p
A W N P O O 0O N O U1 B W N P O W 00 N OO 1 B W N P O

Review and analysis of strengths and weaknesses of agro-ecosystem models for
simulating C and N fluxes

L18* "|uca Bechini?, Marco Bindi*, Marco Carozzi®, Daniele Cavalli?, Richard

Lorenzo Brilli
Conant*, Cristopher D. Dorich*, Luca Doro>*, Fiona Ehrhardt®, Roberta Farina’, Roberto
Ferrise!, Nuala Fitton®, Rosa Francaviglia’, Peter Grace®, lleana locola®, Katja Klumpp™*, Joél
Léonard™, Raphaél Martin'*, Raia Silvia Massad®, Sylvie Recous'’, Giovanna Seddaiu®,

Joanna Sharp®?, Pete Smith®, Ward N. Smith™3, Jean-Francois Soussana®, Gianni Bellocchi®*.

YUniversita degli Studi di Firenze, Department of Agri-Food Production and Environmental
Sciences, 50144 Florence, Italy

2Universita degli Studi di Milano, Department of Agricultural and Environmental Sciences,
Milan, Italy

3INRA, AgroParisTech, UMR1402 EcoSys, 78850 Thiverval-Grignon, France

*NREL, Colorado State University, Fort Collins, Colorado 80523 USA

>Desertification Research Centre, Department of Agricultural Sciences, University of Sassari,
07100 Sassari, Italy

®INRA, 63039 Paris, France

'CREA-RPS, Research Centre for the Soil-Plant System, Via della Navicella 2-4, 00184
Roma, Italy

8Institute of Biological and Environmental Sciences, University of Aberdeen, St Machar
Drive, AB24 3UU Aberdeen, UK

’Queensland University of Technology, Brisbane, Australia

19)NRA, UR 1158 Agrolmpact, site de Laon, F-02000 Barenton-Bugny, France

"INRA, FARE Lab, 51100 Reims, France

2New Zealand Institute for Plant and Food Research, 7608, Lincoln, New Zealand
BAgriculture and Agri-Food Canada, Ottawa, Ontario K1A 0C6, Canada

“INRA, UREP, 63039 Clermont-Ferrand, France

®IBIMET-CNR, Via Caproni 8, 50145 Firenze, Italy

®Texas A&M AgriLife Research, Blackland Research & Extension Center, Temple (TX),
USA

*Corresponding author. Tel.: +39 055 2755743; fax +39 055 055 2756429
E-mail address: lorenzo.brilli@unifi.it; Lbrilli@ibimet.cnr.it (L.Brilli).


mailto:l.brilli@ibimet.cnr.it
http://ees.elsevier.com/stoten/viewRCResults.aspx?pdf=1&docID=56203&rev=2&fileID=1268466&msid={044F5475-CE28-4418-94E8-EEF1FB3AA18F}

35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60

61
62
63

Abstract

Biogeochemical simulation models are important tools for describing and quantifying the
contribution of agricultural systems to C sequestration and GHG source/sink status. The
abundance of simulation tools developed over recent decades, however, creates a difficulty
because predictions from different models show large variability. Discrepancies between the
conclusions of different modelling studies are often ascribed to differences in the physical and
biogeochemical processes incorporated in equations of C and N cycles and their interactions.
Here we review the literature to determine the state-of-the-art in modelling agricultural (crop
and grassland) systems. In order to carry out this study, we selected the range of
biogeochemical models wused by the CN-MIP consortium of FACCE-JPI
(http://www.faccejpi.com): APSIM, CERES-EGC, DayCent, DNDC, DSSAT, EPIC, PaSim,
RothC and STICS. In our analysis, these models were assessed for the quality and
comprehensiveness of underlying processes related to pedo-climatic conditions and
management practices, but also with respect to time and space of application, and for their
accuracy in multiple contexts. Overall, it emerged that there is a possible impact of ill-defined
pedo-climatic conditions in the unsatisfactory performance of the models (46.2%), followed
by limitations in the algorithms simulating the effects of management practices (33.1%). The
multiplicity of scales in both time and space is a fundamental feature, which explains the
remaining weaknesses (i.e. 20.7%). Innovative aspects have been identified for future
development of C and N models. They include the explicit representation of soil microbial
biomass to drive soil organic matter turnover, the effect of N shortage on SOM
decomposition, the improvements related to the production and consumption of gases and an
adequate simulations of gas transport in soil. On these bases, the assessment of trends and
gaps in the modelling approaches currently employed to represent biogeochemical cycles in

crop and grassland systems appears an essential step for future research.

Keywords: Biogeochemical models, C cycle, N cycle, management, pedo-climate
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1. Introduction

The sensitivity of soil carbon (C) stocks and greenhouse gas (GHG) emissions to
climate and management practices demands a comprehensive methodology for effective
policy analyses (Li et al., 1994). Enhancing soil C sequestration and reducing GHG emissions
from agricultural soils are key objectives for reducing the climate impact of food production
and they strongly depend on agricultural practices such as crop residue return, soil tillage
modalities, and enhanced nitrogen (N) fertilization management. Whether C return to soils
appear as a main controlling factor, in some cases (e.g. dry climates) reduced tillage may also
be an effective measure for enhancing C sequestration (e.g. Chatskikh et al., 2008; Powlson et
al., 2012). To avoid pollution swapping, assessments of the potential to reduce climate impact
should also include other impacts such as nitrate (NO3) leaching into groundwater, ammonia
volatilization and soil erosion, which can also be reduced, for example, by increasing the use
of grazed pastures in dairy farms (Rotz et al., 2009, Peyraud, 2011). In addition, it is
important to consider the interactions on the hundred-year timescale of soil C equilibration
(Lardy et al., 2011) and the relatively more rapid changes induced by agricultural practices
(Angers et al., 1995). It is likely that most agricultural soils are not in equilibrium with respect
to C storage and have the greatest potential for short-term C losses or gains, while they may
also be sensitive to the effects of long-term, climate-driven processes (Wutzler and
Reichstein, 2007). It is also important to recall that C and nitrogen (N) cycling strongly
depends on interactions among plant growth processes, soil water dynamics and soil N
dynamics that are highly non-linear and thus difficult to predict with simple approaches.

Process-based ecosystem models take the approach of simulating underlying
biogeochemical processes, such as plant photosynthesis and respiration, using mathematical
equations that determine the allocation of C from atmospheric CO, into biomass down to the
soil organic matter (SOM). A relatively complete suite of biogeochemical processes (e.g.
plant growth, organic matter decomposition, fermentation, ammonia volatilisation,
nitrification and denitrification) is generally embedded in these models, enabling computation
of transport and transformations in plant—soil ecosystems. Sub-models are designed to interact
with each other to describe cycles of water, C and N for target ecosystems, thus any change in
the environmental factors collectively affect a group of biogeochemical reactions. Extensively
tested biogeochemical models (with the coupled C-N cycling) are effective tools for
examining the magnitude and spatial-temporal patterns of C and N fluxes, and play an
important role in designing specific policies appropriate to the soils, climate, and agricultural
conditions of a location or region. However, results of state-of the-art terrestrial
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biogeochemical models, describing the contribution of agricultural systems to C sequestration
and GHG source/sink status, may diverge significantly. Such differences between model
results are often attributed to physical and biogeochemical processes being inadequately
resolved and, for these models, the improvement of algorithms and structure is recommended
beyond parameter optimization (Tian et al., 2011, Lu and Tian, 2013).

It is the goal of this paper to examine the strengths and weaknesses of nine crop and
grassland models that incorporate C and N fluxes into biogeochemical frameworks and fully
assess C and GHG dynamics in agricultural soils. These models are commonly applied
worldwide and are used to simulate biogeochemical and related outputs by the project “C and
N models intercomparison and improvement to assess management options for GHG
mitigation in agro-systems worldwide” (CN-MIP, 2014-2017), established within the Joint
Programming Initiative on Agriculture, Food Security and Climate Change (FACCE-JPI,

http://www.faccejpi.com), which brings together 10 organizations from six countries. With

this analysis we are not arguing against the quality of models. While highlighting weaknesses
and limits of current modelling approaches as documented in several published studies, we
intend to offer a general overview as a basis for new ways of improvement current modelling
approaches.

The following rationale has been used in the organization of this article. We first present
the conceptual basis and the equations of the modelling approaches examined (Section 2).
Section 3 reports on the documented performance of biogeochemical models against data, and
discuss their relative strengths and weaknesses. Section 4 presents an outlook on recent
research developments and future approaches. In Section 5, remarks are made concerning the
bearing of the findings on a wider interpretation of biogeochemical modelling.

2. Modelling approaches
2.1. Basic model assumptions

Biophysical and biogeochemical models are widely applied for studying crop and
grassland productivity and GHG emissions in agricultural systems worldwide. In recent
decades, these tools have also been used for assessing the expected impacts of future climate,
as represented by several climate change scenarios (Graux et al., 2013). According to several
studies, however (Palosuo et al., 2011, Rotter et al., 2012, Asseng et al., 2013, Sandor et al.,
2016), key model limitations have been identified, and different models have been found to

provide different results when run in the same conditions of climate, soil and management.
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More specifically, a typical process can be described by using different approaches, thus
resulting in different final outputs.

All the models selected within CN-MIP are process-based models. They attempt to
reproduce the most relevant ecological and physiological process through a theoretical
understanding grounded in state-of-the art knowledge. In this way, they reproduce specific
agro-ecological dynamics under prescribed conditions of climate, soil and management,
thanks to the concepts and relationships that interlink entities of the real world. Most models
represent plant phenology and yield-formation processes, together with functional processes
at the basis of SOM (Soil Organic Matter) turnover, gas exchange at the soil-plant-atmosphere

interface and soil water dynamics.

2.2.  The CN-MIP models

The nine models considered for the CN-MIP exercise were mainly developed for crop
or grassland ecosystems. These models were chosen since they are able to simulate GHG
emissions under several management options. We were able to assess their ability to represent
the GHG emission mitigation by modelling a variety of land management practices. The nine
models analysed for this intercomparison are: APSIM, CERES-EGC, DayCent, DNDC,
DSSAT, EPIC, PaSim, RothC and STICS (Tab. 1). Below, a brief description of each model is
provided.

i) APSIM (The Agricultural Production Systems slIMulator) (Keating et al., 2003)
simulates several systems through the interaction among plants, animals, soil, climate and
management. The model allows the analysis of the whole-farm system, including crop and
pasture sequences and rotations, and livestock.

ii) CERES-EGC (Crop Environment REsource Synthesis - Environnement et Grandes
Cultures) (Gabrielle et al., 1995) simulates the biogeochemical cycles of water, C and N in
agro-ecosystems. The model predicts crop production and the environmental impacts related
to the agriculture activity (e.g. N2O, NO, NH3, CO, NOg3) based on management for a wide
range of arable crops (e.g. wheat, barley, maize, sorghum, sunflower, pea, sugar-beet, oilseed
rape and miscantus). Crop-specific modules include approaches for plant growth and
development, coupled to a generic soil sub-model.

iii) DayCent (Parton et al., 1994) is a biogeochemical model able to simulate crop growth,
soil C dynamics, N leaching, gaseous emissions (e.g. N,O, NO, N, NH3, CH, and CO,) and
C fluxes (e.g. NPP, NEE) in crop fields, grasslands, forests, and savanna ecosystems. The
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model allows to simulate also several management practices (i.e. fertilization, tillage, pruning,
cutting, grazing, etc.) as well as specific external disturbances (i.e. fires).

iv) DNDC (DeNitrification-DeComposition) (Li et al.,, 1992a) simulates C and N
biogeochemistry in agro-ecosystems. The model predicts crop growth, soil regimes (i.e.
temperature and moisture), soil C dynamics, N leaching, and trace gases emissions (e.g. N2O,
NO, Nj, NHs3, CH4 and COy). The model was expanded in 2012 to include biophysical
processes in whole-farm systems (Li et al., 2012).

v) DSSAT (Decision Support System For Agrotechnology Transfer) (IBSNAT,
1993, Tsuji, 1998, Uehara, 1998 and Jones et al., 1998), was originally developed to facilitate
the application of crop models in a systems approach to agronomic research. DSSAT ver. 4.6
(i.e. cropping system model, CSM) and its crop simulation models integrates the effects of
soil, crop phenotype, weather and management options. DSSAT includes improved
application programs for seasonal, spatial, sequence and crop rotation analyses that assess the
economic risks and environmental impacts associated with irrigation, fertilizer and nutrient
management, climate variability, climate change, soil carbon sequestration, and precision
management. The model can predict crop yield, resource dynamics such as for water, N and
C, environmental impact (i.e. N leaching), evapotranspiration and SOM accumulation.

vi) EPIC (Environmental Policy Integrated Climate) (Williams, 1995) can simulate about
80 crops through its crop growth model which uses unique parameter values for each crop. It
can predict changes in soil, water, nutrient, pesticide movements, and crop yields due to
effects of management decisions. Moreover, it can also assess water quality, N and C cycling,
climate change impacts, and the effects of atmospheric CO,.

vii) PaSim (Pasture Simulation model) (Riedo et al., 1998) is a process-based, grassland-
specific ecosystem model that simulates grassland and pasture productivity and GHG
emissions to the atmosphere. The model consists of sub-models for grass, animals,
microclimate, soil biology, soil physics and management.

Viii) RothC (Rothamsted Carbon model) (Coleman and Jenkinson, 1999) is a
specific tool for the assessment of organic C turnover in non-waterlogged topsoil. The model
allows for the effects of soil type, temperature, moisture content and plant cover on the
turnover process.

iX) STICS (Simulateur mulTIdiscplinaire pour les Cultures Standard) (Brisson et al., 1998)
is a soil-crop model which is built on a generic framework for plant description. Within this
framework, the selection of adequate options and parameters values allows to simulate a wide

range of plants, from annual crops to perennial grasses or trees. The model simulates plant
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growth as well as water, C and N fluxes. It allows to consider the effect of a large range of
management options on agronomic (biomass or grain productivity and quality) and
environmental (C and N storage, nitrate leaching, N,O emissions) outputs.

3. Results
3.1. Model analysis

For reducing the uncertainty in estimating the magnitude and spatial-temporal patterns
of C and N fluxes from several agro-systems (i.e. crops, grassland and livestock), and for
improving the understanding of how these tools work, we analysed the most important
processes and approaches implemented into the models. This analysis was based on a top-
down approach focused at gaining insight into compositional sub-systems. On this basis, we
indicated three levels of information containing specific processes/approaches that were sub-
divided according to different levels of detail.

The starting point (level 1) was the detection of discrete units considered in agricultural
modelling, which are essential to characterize agricultural systems. In this level, characterized
by the lowest level of detail required for the analysis, we differentiated five general classes
that should be implemented within all biophysical/biogeochemical process-based models for
crops and grasslands. These classes concern ecological and physiological processes,
management options, soil structure, and weather inputs (Tab. 2).

Then, in the level 2 (intermediate level of detail) specific processes were identified
within each general class (level 2). In this level 20 "main processes™ were identified, which
we retained as basic to describe the most important biophysical/biogeochemical dynamics
(Tab. 3) of each general class indicated in the previous level.

Finally, in the level 3 (highest level of detail) almost 200 modelling approaches (i.e.
methods, options or components), identifying specific dynamics or mechanisms contained
within the previous main processes (supplementary material) were reported (level 3). These
approaches were extrapolated taking into account the current existing knowledge on the
different methods, options and components able to describe the most important
biophysical/biogeochemical dynamics (Tab. 3a-e in supplementary material).

There are a number of advantages to such a “top-down” approach. An advantage is the
insight that can be gained from examining the level of detail that each model provides. This in
turn helps in identifying areas in the model structures to establish their reliability and
relevance for intended purposes. Such an approach also helps in tracing possible links with
the basic processes of each model (identification of the strengths and weaknesses) either in
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the case of mismatch between model outputs and measurements, or in the case of
disagreement among model results in similar conditions.
Results reported below were based on the highest level of detail (level 3 — see

supplementary material).

237 3.1.1. Meteorological variables

238 Meteorological inputs strongly influence model outputs since they affect plant growth,
239  plant development stages, and soil turnover/balances, including flux exchanges at the soil-
240  plant-atmosphere interface. The number and type of climatic variables required by each model
241  informs us about the relationship between model outputs and climate drivers. In principle, for
242 the modelling of surface reactions and diffusion of volatile products (e.g. N>O emissions, soil
243 water content dynamics), the higher the resolution in the climate information (e.g. hourly to
244  sub-hourly weather inputs), the more accurate the model response is for short-term processes
245  but the higher the probability that missing data may be present in the weather series used. For
246  longer term processes such as soil organic carbon (SOC) decomposition, higher temporal
247  resolution data may not improve the accuracy of the model response.

248 From our analysis (Tab. 3a, see supplementary material) we observed that the nine
249  models involved in CN-MIP mostly use climate inputs at daily resolution (89%), whereas
250  PaSim uses the hourly time scale (but with an option also available for daily inputs), and
251  RothC uses a monthly time-step.

252 The most commonly used meteorological variables are precipitation, air temperature
253 and wind speed. Concerning air temperature, the daily maximum and minimum air
254  temperatures are used by almost all models (89%).

255 Relative humidity (daily mean) and global solar radiation are also used by 67% and
256  56% of the models, respectively. The atmospheric concentration of CO, is an optional input
257  for many models (78%), with the exception of CERES-EGC and RothC.

258 Finally, only a few models use specific meteorological variables such as cloudiness,
259  sunshine duration, dew-point temperature and actual vapour pressure.

260

261 3.1.2. Soil

262 Similarly to climate inputs, soil characteristics also have a great influence on model
263 outputs. These characteristics strongly influence crop growth and fluxes related to the gaseous
264  biogeochemical cycles as water, C and N. Some soil inputs are assumed as constant values
265  (i.e. parameters), not changing during the simulation. Different soil properties (e.g. texture,
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pH, bulk density, etc.) can affect plant growth and the environmental conditions for the
microbial activity driving the formation and decomposition of SOM and mediating
biochemical processes.

From our analysis (Tab. 3b, see supplementary material), it emerged that soil processes
are mostly calculated based on the differentiation of the soil profile into a sequence of distinct
layers, with generation of outputs for each of these subdivisions. In PaSim model, the whole
soil profile is the basis for the modelling of C dynamics. The soil temperature is calculated
from energy balance (44%) or based on a response function of air temperature (56%).

The water transport calculation scheme in soil is mainly described by the capacity (or
tipping bucket) approach (78%).

For the transport and transformation of N in soil profile, most models estimate pools
and fluxes of NO3z-N (78%) or/and NH4-N (89%).

279 3.1.3. Plant ecophysiology and partitioning

280
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Crop and grassland models differ in the algorithms reflecting plant ecophysiology
(growth and development) and partitioning (above and below-ground biomass and vyield),
which can lead to differences in simulated yield and total biomass, in turn affecting estimated
C and N fluxes.

In our analysis (Tab. 3c, see supplementary material), almost half of the models
consider the mechanism of C allocation as a function of development stage (56%), whilst
almost all the models take into account C assimilation (89%). The latter is mainly driven by
RUE-type processes (Radiation Use Efficiency) and/or P-R = gross photosynthesis —
respiration-type processes (56%).

Phenology is simulated by almost all models (89%) through the use of growing degree
days (GDD) (89%), whilst photoperiod and vernalization are represented by 56% of the
models.

Leaf area is accounted for by considering the leaf area index (LAI) (89%), whilst the
simulation of the number of leaves and evolution of the specific leaf area are almost ignored.

Reference evapotranspiration is accounted by Penman-Monteith (56%), Penman and
Priestley—Taylor (44%).

Root distribution is simulated by 78% of the models, mainly through a linear approach
(56%).

For the most part, models consider a dynamic partitioning of assimilates among plant
organs (78%), based on the age of organs (78%). Within-plant partitioning occurs across
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roots, grains, stems and sheaths, and leaf blades, for 89, 78, 78 and 67% of the models,
respectively.

Yield formation is mainly based on partitioning during reproductive stages (67%) and
harvest index-type (44%). The yields mostly simulated are forage (89%), roots and grains
(78%), tubers (67%) and fibre (56%).

The factors limiting plant growth most strongly among the nine models were water
deficit and nitrogen deficiency (88%).

308 3.1.4. GHG emissions and other fluxes
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For better assessing how C and N cycles were involved in terms of GHG emissions and
processes within several models, three main processes were detected (Tab. 3d, see
supplementary material).

In general from our analysis emerged that the three main processes belonging to the
general class of GHG emissions and other fluxes are almost fully simulated by the considered
models.

In the main process called CO,-GHG the most important C-fluxes from the ecosystems
were considered. More specifically, they include the Gross Primary Production (GPP), the Net
Primary Production (NPP), the Net Ecosystem Exchange (NEE), the Net Biome Production
(NBP) and several types of respiration processes (i.e. Ecosystem respiration or RECO),
heterotrophic respiration from both soil and grazing animals, and autotrophic respiration.

NPP and NEE are the most commonly simulated C-fluxes (67%), followed by GPP
(56%) and RECO (44%), whilst just a few models simulate the NBP. Despite only 44% of the
models taking into account RECO, most of them only consider soil respiration (89%). Plant
respiration is considered by 56% of the models, whilst only 33% of the models take into
account respiration from grazing animals.

Among all of the models analysed only DNDC is able to simulate all the CO,-GHG
fluxes considered. More than 70% of CO,-GHG can be simulated also by APSIM, DayCent
and PaSim. The CO,-GHG simulated by the highest number of models (i.e. six models) are
NPP, NEE and soil respiration.

The main non-CO, fluxes (for simplicity called Non CO,-GHG) include CH,, N0,
several N emissions (i.e. NH3, NOy, N2) and Os.

N,O emissions are most commonly simulated (78%), followed by NH3; (56%). By
contrast, only a few models generate CH, and N, emission outputs (44%) and NOy (33%).
None of the models provide O3 emissions output.
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N,O emissions provided by the models are mostly generated by denitrification and
nitrification (78%), mainly based (i.e. >70% of the models) on a soil N pools (e.g. nitrate
pool, NH, pool) with soil water and temperature acting as main drivers of change on mineral
N pools.

Among all models analysed DayCent and DNDC were able to simulate all non CO,-
GHG considered in our analysis. However, more than 70% of non CO,-GHG can be
simulated also by APSIM, PaSim and CERES-EGC. The non CO,-GHG simulated by the
highest number of models (i.e. seven models) was N,O. The models able to simulate the
highest number of variables (i.e. CH4, N2O and N;) were APSIM, DayCent, DNDC and
PaSim.

Ten specific N processes were considered in the models: nitrification, denitrification,
volatilization, leaching, symbiotic fixation, assimilation, mineralization, immobilization, plant
uptake, and clay fixation. All these processes were widely simulated (i.e. >70 %) by the
models considered in our analyses, with the only exception of clay fixation, that is considered
only by DNDC model.

Among the models analysed, only RothC does not take into account any N process. All
the remaining models are able to simulate each of the N processes considered in our analysis,
with the only exceptions being APSIM, which does not consider NH3 volatilization, and
PaSim and STICS, which only take account of assimilation indirectly (C:N-driven).

354 3.1.5. Management
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All models are able to simulate the impact of the most common farming practices (i.e.
harvesting, mowing, fertilization, tillage, irrigation, etc.) on the processes described so far. By
contrast, specific options for grasslands, such as plant use and nutrient returns from grazing
animals (as well as animal performances such as weight growth and milk production) are
simulated by a lower number of models (Tab. 3e, see supplementary material).

Harvesting, cutting, tillage, irrigation and crop rotation are widely simulated (>70% of
models). Moreover, all models simulate fertilization and residue management. Concerning
fertilization, however, only application of mineral N and organic amendments are widely
simulated, while only a few models simulate other types of fertilizer such as phosphorus,
potassium, sulphur and calcium. Similarly, the management of crop residues is based mainly
on their burning or leaving on the ground surface, whilst only 33% of the models also

consider burial (e.g. STICS accounts burial through tillage). Among other agricultural
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practices, about half of the models consider pruning and water management (i.e. rice), but
only a few consider pesticide application.

The practices considered in the analysis are generally set by users. Some models also
offer options to trigger management events (i.e. fertilization and irrigation) based on changing
conditions during the simulation.

Simulation of grazing, animal performances and nutrient returns were taken into
account as specific options for grasslands.

Concerning grazing, models are for the most part based on user-determined settings
(start and end dates, animal density); some of them also include options related to evolving
conditions (APSIM, EPIC and PaSim), selective grazing (APSIM and PaSim) and trampling
effect (APSIM).

Animal performance simulation is considered by 55% of the models through
simple/static methods (APSIM and EPIC) or detailed/dynamic methods (PaSim), and based
on feeding standards or fill units (APSIM, DNDC and RothC).

Finally, nutrient return was considered by 66% of the models, based on uniform
distribution of returns across the whole field.

CERES-EGC, DSSAT and STICS do not include very specific agricultural options for

grasslands. APSIM is the most detailed model for grasslands.

4. Cand N cycles: performance, strengths and weaknesses

In this section, we provide an overview of the C and N approaches used by the CN-MIP
models (see Tab. 4 and supplementary), and their performance as documented for a broad
gradient of geographic and climatic conditions, as well as a variety of soil types and
management practices, to gain insight into their main strengths and weaknesses. To do that,
we have summarised the results of 130 published modelling studies (Tab. 5).

In the analysis of the effects on C and N cycles of pedo-climatic conditions, we
considered variations of soil features such as temperature and moisture, texture, bulk density,
pH, SOC, C and N dynamics and water-filled pore space, and climate conditions such as
patterns of air temperature, precipitation, solar radiation, also including frequency and
intensity of extreme events such as floods and drought. Management practices include
changes in agricultural practices such as tillage, fertilization, irrigation, crop variety on soil
and vegetation and, in turn, on C and N cycles.

Several types of weaknesses emerged in 94 modelling studies (Tab. 6), where
criticalities in assessing the impact of pedo-climatic conditions (46.2%) and management
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practices (33.1%) on environmental variables are reflected in unsatisfactory model
performances. These latter were mostly related to limitations of model structure with respect
to difficulties of the algorithms in simulating the effects of different management practices on
C and N cycling. By contrast, only a few weaknesses were due to the scale of application,
strictly related to the high variability in time and space of C and N cycles (16.5% and 4.2%
for pedo-climatic conditions and management practices, respectively). For the C cycle, major
limitations of model structure were related to management practices (43.4%), whilst for the
scale of application, the major weaknesses were due to different pedo-climatic conditions
(11.8%). For the N cycle, however, limitations inherent in model structure were predominant
under different pedo-climatic conditions (51.7%), whilst for the scale of application, major
weaknesses were due to different pedo-climatic conditions (20.4%).

4.1. Model structures and pedo-climatic conditions

Soil properties and climate conditions emerged as important factors for ensuring the
effective representation of outputs (Tab. 7). While climate issues were mainly related to
precipitation only, pedological factors concerned both the effect of changes of physical
(texture, bulk density and soil hydrologic properties) and chemical (C and N processes) soil
features on C and N cycles.

Concerning soil physical characteristics, a primary role in modelling issues was played
by the soil water properties. Errors in the simulation of soil water content (SWC) were the
main cause of general discrepancies concerning C and N emissions in many studies (Tab. 7).
Discrepancies in C and N outputs were also observed under specific soil water conditions
such as the impact of soil freezing and thawing (Li et al., 2010) or soil shrinking and swelling
(Babu et al.,, 2006). Again, an inappropriate setting of initial state variables determined
discrepancies in N emissions (i.e. under- overestimation of N,O emissions peaks, Gabrielle et
al., 2006). Considerable overestimations of N,O emissions were found to be closely related to
overestimation of water-filled pore space (WFPS). WFPS is indeed one of the most important
soil variables influencing C and N cycles. For instance, microbially-mediated soil respiration
and N cycling processes tend to be higher or lower with increasing soil water content (e.g.
increased nitrification under aerobic conditions, increased denitrification under anaerobic
conditions, e.g. Bollmann, 1988). As WFPS reaches high values, soil respiration tends to
decline and denitrification occurs, resulting in N losses via N,O and N, emissions. This
condition was observed especially for DayCent (Stehfest and Muller, 2004, Abdalla et al.,
2010, Xing et al., 2011, Ryals et al., 2014, 2015) and DNDC (Saggar et al., 2004, Abdalla et

13
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al., 2010). Fast drainage is a particular issue for both the DayCent and DNDC models which
drain water in excess of field capacity immediately. This condition makes these models
unable to accurately predict N emissions at sites that consistently show soil moisture above
FC (e.g. Uzoma et al., 2015).

Soil bulk density (BD) was also a source of modelling error in simulating C and N
cycles. For CERES-EGC, Gabrielle et al. (2006) found a discrepancy in N,O emission peaks
due to inappropriate parametrization of soil water retention properties and bulk density from
test site to regional scales. Drouet et al. (2011) confirmed that BD was one of the most
influential factors for N,O emissions in CERES-EGC. The effect of BD increase was also
reported for DayCent by De Gryze et al. (2010) and Abdalla et al. (2009), respectively, which
observed an underestimation of N,O emissions in a conservation tillage treatment due to the
increase in BD, and an associated decrease in pore space over time as DayCent maintains a
steady BD and simulation compaction, while the conservation tilled field site resulted in
increased BD and reduced N20O emissions (Pisante et al, 2015). In fact, most of the selected
models, with the exception of EPIC, DNDC and STICS, do not simulate soil compaction or
loosening, as BD remains constant over time.

Texture was also found to be an influential soil physical characteristic. Congreves et al.
(2016) found an underestimation in NH; emissions with the DNDC model, which is unable to
simulate a heterogeneous soil profile. Similarly, Gagnon et al. (2016) confirmed that DNDC
does not effectively discriminate across soil textures to simulate soil CO; respiration. Clay
concentration affects SOC accumulation in different ways. According to some studies
(Nichols, 1984, Burke et al., 1989), SOC increases with increasing clay content due to the
bonds between the surface of clay particles and organic matter that retard the decomposition
process. Also, the increase of clay content affects soil aggregation, indirectly affecting SOC
through the creation of macro-aggregates that can physically protect organic matter molecules
from further microbial mineralization (Rice, 2002, Plante et al., 2006). However, a recent
study (Gregorich et al., 2016) indicated that only temperature (not soil texture or other soil
properties) was a driver of decomposition for 10 sites in Canada (**C-labelled study), thus
suggesting as the effect of texture on SOC decomposition is controversial. Furthermore,
texture parametrization is another possible source of error. For instance, Gijsman et al. (2002)
indicated that inaccuracies in soil texture data used as inputs may have affected soil retention
characteristics, thus resulting in discrepancies in SOC and soil mineral N dynamics.

Soil chemical processes are generally similar between the models and all models
considered showed difficulty in reproducing the observed C and N cycles. The processes
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influencing soil organic matter (SOM) in the models include nitrification, denitrification,
immobilization and mineralization.

Discrepancies between modelled and observed data were often related to an
inappropriate SOC content parametrization (Pathak et al., 2005, Calanca et al., 2007,
Causarano et al., 2007, Smith et al., 2012, Gagnon et al., 2016). However, a considerable
source of error was also due to overestimation of SOC content (Abdalla et al., 2010, Gijsman
et al., 2002) or to the rate of soil C decomposition (Snow et al., 1999, De Gryze et al., 2010,
Lietal., 2015).

Nitrification is a two-stage process, performed by different groups of Archaea,
consisting in the oxidation of ammonia or ammonium to nitrite (step 1) followed by the
oxidation of the nitrite to nitrate (step 2). For DayCent, Li et al. (2005) and Del Grosso et al.
(2008) found that overestimation in the nitrification rate was one of the main sources of error
for N emissions estimation. This was also found by Drouet et al. (2011), showing that
discrepancies in N2O emissions simulated by CERES-EGC were due to the high sensitivity of
the model to the maximum rate of nitrification. The nitrification rate, however, is usually
associated with a number of environmental factors including the substrate and oxygen
concentration, temperature and pH. For instance, this was observed by Li et al. (2005), who
pointed out that poor simulation of NH," was caused by the inaccurate regulation of the effect
of temperature on nitrification in DayCent.

Denitrification is a process where the reduction of soil nitrate to N-containing gases
takes place. The major discrepancies between modelled and observed N emissions were due
to an underestimation of the denitrification rate (Thorburn et al., 2010, Xing et al. 2011, Fitton
et al., 2014a, b). The underestimation of the denitrification rate can be due to different type of
errors. For instance, for APSIM, Thorburn et al. (2010) found the source of error in the model
parametrization, with the default value of denitrification coefficient much lower than the
optimized value. By contrast, Xing et al. (2011) indicated the response of denitrification rate
to soil temperature and moisture (or WFPS) as the main source leading to the underestimation
of denitrification. Generally, denitrification rates have been reported to be directly
proportional to temperature (Seitzinger, 1988), whilst soils with high organic matter content
(high dissolved organic C) and anaerobic conditions (i.e. waterlogged or poorly-drained soils)
can more easily favour high denitrification rates.

Another important source of modelling error resulted from the inaccurate estimation of
the immobilization-mineralization processes. In the EPIC model, He et al. (2006) observed
that general discrepancies in C and N dynamics (i.e. lower net N mineralization rate,
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humification, etc.) were likely due to N mineralization algorithms which may have
underpredicted net N mineralization (NMN) observable under field conditions. Smith et al.
(2008) and Fitton et al. (2014a, 2014b) found that the underestimation in mineralization rate
led to underestimation of N,O emissions. In the same way, Del Grosso et al. (2010) indicated
that overestimation of N,O emissions was due to N mineralization rates that were too high
and too responsive to climate drivers. Nitrogen immobilization or mineralization depends on
the C/N ratio of the plant residues. The C/N ratio generally tends to decrease as the organic
matter becomes more decomposed. Erroneous C/N parametrization can easily lead to errors in
C and N cycle related outputs. For instance, Li et al. (2015) observed for the DSSAT model
that differences between the modelled and measured soil C/N ratio led to SOC
overestimation.

Finally, climate conditions influence the C and N outputs in several studies analysed.
Some issues were related to how the climate data have been used. For instance, in APSIM,
Thorburn et al. (2010) found discrepancies in N emissions (i.e. underestimation of
denitrification and N,O peaks) due to the application of spatially averaged rainfall data
instead of the use of specific test-site rainfall data. In other cases, the main issues were due to
the sensitivity of the models subroutines. For instance, Wattenbach et al. (2010) observed
overestimation in NEE peaks in southern European regions due to issues in coupling water
and C-fluxes. These issues were probably caused by the fact the model was developed for
Northern regions. Again, Lawton et al. (2006) reported overestimation of NEE because of the
oversensitivity of PaSim to initial conditions/winter conditions. Most of the issues related to
general discrepancies in simulated C and N cycles, however, were related to precipitation only
(Stehfest and Muller, 2004, Jarecki et al., 2008, De Gyrze et al., 2010, Ludwig et al., 2011,
Lehuger et al., 2014). Precipitation and the resulting soil water dynamics strongly influence N
cycling in terrestrial ecosystems since it affects both physical transport and N biological
transformations by soil microorganisms (Brooks et al., 1999, Corre et al., 2002, Aranibar et
al., 2004).

4.2. Model structure and management
Management has a great impact on C and N cycles. In biophysical and biogeochemical
models, the correct representation of practices such as fertilization, irrigation and tillage in
crop systems, and cutting and grazing in grassland systems, is needed to ensure the greatest

suitability of outputs.
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In the models, fertilization, which influences soil C and N transformations (e.g.
acidification following fertilization) and trace gas emissions, was often not well represented
(Tab. 7). For DayCent, Fitton et al. (20144, b) indicated an underestimation of N,O emissions
due to the low sensitivity of the model at low N application rates. In DNDC, Congreves et al.
(2016) found that NH3 emissions were underestimated due to a simple modelled cascade
water flow, which may have limited the ability of the model to simulate slurry infiltration
rates. Also, Causarano et al. (2007) observed general discrepancies in C-dynamics (i.e.
overestimation of microbial biomass C and total organic C, underestimation of particulate
organic C), due to inadequate representation of the effects of tillage and manure in the EPIC
model. Another issue related to fertilization was the inability of many models to replicate the
effect of specific types of fertilizer. For instance, using DayCent Stehfest and Muller (2004)
found overestimation of N,O emissions under urine application, where N was concentrated in
small hotspots. For the same model, Ryals et al. (2014 and 2015) underestimated CO,
emissions since no soil water benefits were provided by adding compost. This condition was
likely due to the lack of increased modelled decomposition because the model was not able to
increase soil water contents when compost was added. Gu et al. (2014) overestimated N,O
emissions, soil nitrate and ammonia concentrations due to the inability of DNDC to include
canopy interception and foliar N uptake when spraying liquid fertilizer.

Finally, residue management was one of the main weaknesses related to N management
(Cavero et al., 1996, Sleutel et al., 2006, Rampazzo Todorovic et al., 2010, Wang et al.,
2013). The amount of N applied with residues depends on the quantity of residues and their N
concentration. These two factors affect the mineralization-immobilization turnover, whilst
their net balance varies with environmental conditions (mainly soil moisture and temperature)
and the characteristics of the OM (i.e. C:N and the decomposition rate). Since residues
directly influence soil C and N processes, residue management in the models resulted in
consistent modelling weaknesses. For instance, Justes et al. (2009) underestimated the N
mineralization in STICS due to inappropriate parametrization of the model (i.e. default values
of the decomposition module were used). In a similar way, Liu et al. (2009) overestimated the
SOC content when stubble (wheat and lupine) was applied due to the use of the conventional
setting of the stubble retention factor in RothC. Using DayCent and DNDC, Smith et al.
(2012) underestimated SOC due to a slight overestimation of residue removal impact.
However, the authors indicated that this could have been partly due to the inherent variability
in SOC measurements. Smith et al. (2012) also found that DNDC tended to underestimate the
rate of SOC change as affected by residue removal at some sites. Using DSSAT, Hartkamp et
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al. (2004) overestimated SOC in the crop rotations with N fertilization. This overestimation
was due to inaccurate initial SOC (i.e. overestimated SOC values) which was related to an
overestimation of the biomass incorporated into the soil. Similarly, Wang et al. (2005)
underestimated the SOC content using the EPIC model due to a structural error in
underestimating the return of corn residues. He et al. (2006) found general discrepancies in C
and N dynamics due to underestimation of the soil capacity to transform crop residue in SOC.

Tillage is one of the agricultural practices most commonly simulated by the models and
an issue in most modelling applications. The use of tillage or reduced tillage can greatly affect
soil properties, and since the models don’t adjust some soil properties overtime (such as bulk
density) which results in inaccuracies in simulations. Also, the use of tillage or no/reduced
tillage may lead to increasing rather than decreasing emissions (e.g. due to higher density and
WFPS, more SOM near the soil surface thus higher denitrification potential, tendency to
acidification and thus lower reduction of N,O to Ny, etc.). Identifying mechanisms which help
understand simulate emissions with no tillage is thus a key issue. In our analysis management
effects (i.e. tillage) which influences topsoil erosion emerged as a point of weakness. This is
because many models do not take into account adequately C-losses due to erosion. For
instance, Nieto et al. (2010, 2013) overestimated SOC content using RothC, whilst Billen et
al. (2009) observed general discrepancies in SOC content with EPIC.

Another point of weakness in simulated tillage was the inadequate representation of
changes in soil properties over time. For instance, Luo et al. (2011), using APSIM,
underestimated SOC decomposition. In this case, whilst tillage may have led to acceleration
in soil C oxidation due to changes in soil environmental parameters (i.e. water retention,
porosity, aeration, etc.), APSIM failed to simulate changes in these soil properties over time,
which is a common issue amongst most models. Similarly, Causarano et al. (2007) found
general discrepancies in C dynamics (i.e. overestimation of microbial biomass C and total
organic C, underestimation particulate organic C) due to an inadequate reproduction of the
effects of tillage and manure on soil properties.

In addition to fertilization and tillage, probably the most common simulated agronomic
practices, model weaknesses were found in relation to other practices. For instance irrigation,
especially accompanied by fertilization, was observed to affect simulated C and N cycles.
Jackson et al. (1994) and Cavero et al. (1999) underestimated N fluxes under irrigated
experiments using EPIC. The main source of error was related to an overestimation of the soil
N losses via leaching or denitrification during the irrigated crop period. Grassland
management was also seen to be a possible point of weakness for the models. For instance,
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Lawton et al. (2006), Vuichard et al. (2007a) and Ma et al. (2015) observed general
discrepancies in C-fluxes (i.e. net ecosystem exchange and ecosystem respiration) under
different grazing intensities using a grassland-specific model (PaSim). As suggested by
Vuichard et al. (2007a), a continuous defoliation by grazing is indeed difficult to account for
as a permanent disturbance in the model. The grazing effect, however, links with many other
parameters related to the ecosystem and climate which makes it difficult to define the
parameter which most strongly infuences the uncertainty of the model output (Gottschalk et
al., 2007).

Finally, model weaknesses also result from management options that are not included.
This type of weakness has emerged in several studies carried out using the RothC model. For
instance Skjemstad et al. (2004) found general discrepancies in C dynamics due to ecosystem
disturbances which were not included in RothC (i.e. clearing and burning of pulled
vegetation). Shirato and Yokazawa (2005) underestimated SOC content due to the
decomposition rate of SOM under rice cultivation (i.e. effect of waterlogged soil not included
in RothC) being too low, and Farina et al. (2013) reported some discrepancies in C-fluxes

when the model simulated rotations that included a fallow period.

4.3. Time-scale

Biophysical and biogeochemical models enable the estimation of C and N emissions at
various temporal and spatial scales. Compared to the emission factor approaches often used
by organizations and individuals to calculate greenhouse gas (GHG) emissions for a range of
activities, these tools include the influences of agricultural practices, land-use change, soil
properties and estimate the influences of weather on emissions over time.

The ability of these models to accurately reproduce detailed dynamics of C and N
emissions depends on the degrees of complexity of the model itself. Current process models,
with high complexity, are able to calculate in detail both C and N emissions due to their
consideration of all soil-plant-atmosphere interactions. These tools are able to provide
reasonable estimates of trace gas emissions from soils, usually for a specific site and at
seasonal or annual time scales. By contrast, however, they are less successful at finer time
resolution (e.g. daily) and on different sites from the ones where have been previously
calibrated. In our analysis several studies showed weaknesses due to the time-spatial scale
associated with both pedo-climatic conditions and management.

Concerning time-scale weaknesses, Xing et al. (2011) underestimated N,O emissions at
the daily time step using APSIM, while the use of the hourly time step may have likely
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improved the estimate of predicted total daily emissions. This is because, in the APSIM
model, as in most models, N,O emissions were released immediately to the atmosphere
without delay upon change in environmental conditions whereas the observations indicated
that there was a 1-10 hour lag between peaks of soil moisture and gaseous emissions.
Similarly, Lehuger et al. (2011) using CERES-EGC indicated an overestimation in N,O
emissions, probably due to a possible time lag between the production of gaseous N,O in the
soil and its emission to the atmosphere. Also, several studies carried out using DayCent
(Parton et al., 2001, Del Grosso et al., 2005, 2010) observed some discrepancies in simulated
N emissions due to time-lag. This was found to agree with Li et al. (2005), which indicated
that DayCent often has a 1 day lag before emissions occur. In all these cases, the use of hourly
time step may result in better predictions especially in conjunction with the addition of a
description of gas diffusion into soil which could result in a delay between N,O production
and emission.

Concerning spatial-scale weaknesses, Gabrielle et al. (2006) found discrepancies in N,O
emission peaks using CERES-EGC. This was probably due to soil property parametrization
(i.e. soil water retention properties and bulk density) which may have led to differences in N
outputs from test sites to the regional scale. Using EPIC, general discrepancies in C-fluxes
(i.e. overestimation of microbial biomass C and total organic C, underestimation of particulate
organic C) were likely caused by spatial differences in C fraction due to differing soil
landscapes (Calanca et al., 2007). Schnebelen et al. (2004) overestimated soil N absorption
with the STICS model. This was probably due to propagation of errors for continuous
simulations compared to single-year simulations. More specifically, the underestimation of

some parameters in the previous year may have led to errors in the following years.

5. New developments/future perspectives

In the above analysis, an indication was given of models’ predictive strength, while also
hinting at possible limitations in the underlying hypotheses from the literature in the cases
where discrepancies between model and observation occurred. Despite this extensive analysis,
knowledge basic mechanisms driving C and N cycles in agricultural systems is still far from
complete and key questions remain, including: what exactly triggers the cascade of events that
finally lead to biological responses? How to differentiate between causes and consequences?
How does the knowledge derived from system observations relate to mechanistic events?
How does the current knowledge on C and N cycling in agriculture fits with available

mechanistic representations? Discrepancies between model outputs and observations can be
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ascribed to a wide diversity of causes, without any real tendency to associate them with one or
another cause. The analysis reported in this work suggested however three (quite large) areas
of interest for possible improvements of C and N models: i) soil biology, comprising SOM
heterogeneity, decomposition kinetics, and N immobilization; ii) soil physics, including the
representation of soil physical properties and the simulation of its effects on reaction rates;
and iii) soil management, which indirectly affect soil processes by modifying soil physical,
chemical and biological properties.

Based on the main issues found in our analysis, despite recognizing the importance of
soil management, here we focus on some innovative aspects related to soil biology and soil
physics, and interface that requires attention (Blagodatsky and Smith, 2012). This choice is
justified in that development of robust predictive frameworks is critical to managing soil
biology and its essential functions and services (Thrall et al., 2011). They can help
disentangling the causal links between soil biology and structure, physical-chemical factors
and ecological processes (e.g. nutrient cycling, soil C sequestration) that contribute to plant
community development and function. In addition, how soil communities respond to and
impact on plant succession (e.g. via regulatory networks that respond to the availability of
fixed N) may be important for predicting the role of plant-soil feedbacks in determining the
dynamics of soil microbial communities and the impact of anthropogenic disturbance on soil
diversity and function.

Soil microbial biomass (SMB) is generally only implicitly modelled by representing it
as a C pool not affecting substrate decomposition directly (Manzoni and Porporato, 2009).
Approaches of this type mostly implement solutions that are biologically meaningful (e.g.
representing realistically SOM turnover) and computationally tractable within a simulation
(i.e. with reduced overall complexity of the full model and a limited number of free
parameters to be tuned), which make them suitable for analyses in long-term studies
(Manzoni and Porporato, 2009, Sierra et al., 2015a). In recent years, researchers have
advocated a representation of SOM turnover driven by SMB to gain insight into decomposing
SOM-SMB interactions (Schimel and Weintraub, 2003, Lawrence et al., 2009, Blagodatsky et
al., 2010, Schmidt et al., 2011). For C and N substrates, concentration constraints driven by
microbial allocation patterns could thus be represented in novel biogeochemical models based
on microbial physiology (Allison et al., 2014). In this way, models based on microbial
biomass-driven SOM decomposition are promising to provide a realistic simulation of SOM
turnover in relation to changes in environmental conditions compared to existing models that

do not explicitly simulate SMB (Lawrence et al., 2009, Allison et al., 2010, Conant et al.,
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2011, Sierra et al., 2015b). It is quite common to use classical enzymatic kinetics like
Michaelis-Menten or Monod-type Kinetics to implement substrate-SMB co-limitation
(Blagodatsky and Richter, 1998, Hadas et al., 1998, Wutzler and Reichstein, 2013, Cavalli et
al., 2016), even if simpler decomposition kinetics have also been proposed (Manzoni and
Porporato, 2007, Withmore, 2007, Wutzler and Reichstein, 2008). Conversely, more general
model formulations are described in Neill and Gignoux (2006) and Neill and Guenet (2010) to
simulate microbial growth in soil accounting for both positive and negative priming effects.
The priming effect is defined as any change (positive or negative) of native SOM
decomposition rate following the addition of exogenous organic matter or nutrients, compared
to no addition (Fontaine et al., 2007, Kuzyakov et al., 2000, Kuzyakov, 2010, Chen et al.,
2014, Perveen et al., 2014).

Another important aspect regarding SOM turnover is the effect of N shortage on SOM
decomposition. Soil microorganisms are characterised by a narrow range of variation in their
C to N ratio (Cleveland and Liptzin, 2007, Xu et al., 2013); thus, they can be approximately
considered homeostatic (i.e. they do not change markedly their C to N ratio according to
substrate C to N ratio). Mechanisms of adaptation to stoichiometric imbalances between
substrates and SMB were reviewed in detail by Mooshammer et al. (2014a). One postulated
mechanism of adaptation regards the variation of microbial C use efficiency (CUE, defined as
the ratio between newly-formed biomass C and decomposed C) and of N use efficiency
(NUE, defined similarly to CUE) to accommodate for excess or deficit of C or N (Manzoni et
al., 2012, Sinsabaugh et al., 2013, Mooshammer et al., 2014b). According to this hypothesis,
when decomposition is N-limited, excess C is lost through overflow metabolism (Russel and
Cook, 1995), either with the synthesis of extracellular C compounds (as polysaccharides)
(Hadas et al., 1998, Cavalli et al., 2016), or as CO, (Schimel and Weintraub, 2003, Neill and
Gignoux, 2006). Conversely, when N is in excess (decomposition is limited by C
availability), net N mineralisation occurs. Models usually implement N deficit effects on
SOM decomposition with the N inhibition hypothesis (Manzoni and Porporato, 2009), that is,
SOM turnover is reduced according to N availability, and thus CUE does not change.
Alternatively, other models (lzaurralde et al., 2006, Withmore, 2007) allow SMB to vary its C
to N ratio according to stoichiometric imbalances, and thus they consider SMB as non-
homeostatic.

Decomposition of SOM in soil occurs at microsites showing varying N availability
(Schimel and Bennett, 2004). This is caused by heterogeneity of both SOM and of soil
physical properties (Schmidt et al., 2011). Thus, N is supposed to flow from micro-sites
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showing net N mineralisation to others showing net N immobilisation (Schimel and Bennett,
2004). Mathematically, the heterogeneity of SOM decomposition in a first approximation can
be simulated considering that not all organic N in substrates is available to SMB, according to
the parallel hypothesis (Manzoni and Porporato, 2007). The use of a simple lumped SOM
model, based on the parallel approach, was shown to provide almost similar results to the
same model structure that explicitly took into account the heterogeneity of soil
decomposition, and in which all organic N in substrates was available to decomposers,
according to a direct assimilation pathway (Manzoni et al., 2008).

The heterogeneity of SOM is simulated with models that comprise several pools of
different decomposability (Nicolardot et al., 2001, Manzoni and Porporato, 2009, Sierra et al.,
2011, Sierra and Miller, 2015). In many models, decomposition constants of model pools
incorporate intrinsic chemical recalcitrance of SOM, and availability of SOM to decomposers
(Nicolardot et al., 2001, Sierra and Miller, 2015). However, it was recently emphasised that
chemically-labile (or high-quality, and thus potentially easily-degradable) molecules can
persist in soil for a long time due to constraints on their microbial decomposition not related
to intrinsic chemical characteristics (Kleber, 2010, Marschner et al., 2008): biology of
decomposers, abiotic reactions and desorption, environmental variables and physicochemical
stabilisation processes (Ekschmitt et al., 2005, Kemmit et al., 2008, Kleber et al., 2011,
Schmidt et al.,, 2011, Dungait et al., 2012). Regarding SOM physical and chemical
stabilisation, models that explicitly represent protected and unprotected SOM pools of similar
chemical characteristics (Kuka et al., 2007) allow separating intrinsic recalcitrance (substrate
quality) from availability, and thus enable simulating long-term stabilisation of chemically
easily-decomposable high-quality SOM in soil (Dungait et al., 2012). In addition, more
sophisticated and realistic approaches to simulate soil physicochemical heterogeneity, and
thus variability of SOM decomposition, were implemented in SOM models that represent soil
as 3D structure in which decomposition takes place (Garnier et al., 2008, Masse et al., 2007,
Monga et al., 2009, 2014).

Improving soil biology aspects related to the production and consumption of gases (O,
CO,, CH4, N2O, and N,) will improve the simulation of soil gas concentrations. However, this
is not sufficient to achieve proper simulations of GHG emissions, as accounting for gas
transport through the soil profile is also important. As pointed out by Blagodatsky and Smith
(2012), it is necessary to find the right balance in complexity between biological and soil
physical simulations. For example, the higher soil tortuosity the higher the N2/N,O ratio,
because N,O has more possibilities to be reduced when the escape pathway from the N,O
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production sites to the atmosphere (and thus its diffusion time) is longer. Adequate simulation
of gas transport in soil can be achieved using mechanistic models based on water, heat, and
gas transport equations, and gas-liquid phase exchange. A further connection among soil
biology and soil physics research will be to simulate SOM turnover and gas production,
consumption, and transport in a 3D soil structure using the concepts presented above, so as to
achieve a more realistic representation of environmental effects (soil temperature and
moisture), especially in the context of climate change.

One final observation is that all of the model improvements presented above require
adequate simulation of initial conditions of inorganic N availability. Thus, it is mandatory that
all processes affecting soil ammonium concentration are accurately simulated. Among these,
ammonium fixation in non-exchangeable form by clay minerals in fine-textured soils is not
frequently considered in modelling practice (Nieder et al., 2011). After its application to soil
with fertilisers, a relevant fraction of ammonium can be very rapidly (hours or days) fixed by
clay minerals (Ndmmik, 1957) in a form that is very slowly released during the following
weeks or months (Steffens and Sparks, 1997). This fraction of applied N is thus not
immediately available for nitrification, microbial immobilisation, and plant uptake. Despite its
importance, ammonium fixation / release is not commonly simulated by crop/grassland
system and SOM models. The rapid fixation can be simulated with well-known isotherms,
which represent the static adsorption of an ion onto a surface (Cameron and Kowalenko,
1976, Cavalli et al., 2015) as a function of ion concentration. Research is needed to estimate
isotherm parameters depending on soil characteristics (such as type of clay, potassium

concentration, and soil water content) and to simulate ammonium release over time.

6. Summary and concluding remarks

At present, process-based biogeochemical models represent a valuable tool for
examining the magnitude and spatial-temporal patterns of C and N fluxes in terrestrial
biosphere dynamics. Our analysis shows that there is still great divergence between models in
the simulation of C sequestration and GHG source/sink status, in relation to a different
interpretation of physical and biogeochemical processes.

Representative works have been summarized to provide a general overview of the state-
of the-art of models, and to allow process-based models (the nine identified in this study) to
be compared and selected for the simulation of C and N cycles in crop and grassland systems.
We classified models into categories according to three levels of knowledge: five general
classes (level 1), 20 main processes (level 2), and 196 methods/options/components (level 3),
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and then we assessed the tools in terms of the comprehensiveness of processes related to
pedo-climatic and management options, and their accuracy in a variety of contexts.

This review highlighted strengths and weaknesses of the models analysed. Essentially,
they involve limitations in simulating the effects of pedo-climatic conditions (46.2%) and
different management practices (33.1%). Other weaknesses (i.e. 20.7%) were due to the scale
of application in time and space.

The major limitations of model structure related to C-cycles were observed under
management practices (43.4%), whilst for the scale of application the major weaknesses were
due to different pedo-climatic conditions (11.8%). For the N cycle, the main limitations
inherent in model structure were found under different pedo-climatic conditions (51.7%),
whilst for the scale of application the major weaknesses were due to different pedo-climatic
conditions (20.4%).

All the models considered here showed positive and negative features and none may
necessarily be ideal in any particular circumstance. If the model chosen is not able to
reproduce the output required, two or more of these models may be combined to derive upper
and lower values for all simulated outputs. Moreover, a decision about which model or
models to use should be seen as dynamic, not static. As conditions change, or if one model
proves unsuccessful, they can be adapted or replaced with other, more suitable, models.

Although the above reported weaknesses were already known due to a wide number of
published studies, in the present analysis we have tried to relate them to their causes in the
view of using them as an effective basis for improving current modelling approaches.
Although different avenues could be considered to improve models (e.g. Coucheney et al.,
2015), mainly depending on the purpose of modelling, to overcome the reported limitations
and account for the effect of multiple disturbances (i.e. pedo-climatic conditions, management
practices, scale of analysis) affecting basic processes, as well as to simplify the decision of
which model to choose to understand mechanistically specific study-contexts and to make
detailed predictions in a large diversity of situations, some innovative aspects should be
considered in the modelling work. Among these, we target the representation of SOM
turnover driven by SMB, the effect of N shortage on SOM decomposition, improvement
related to the production and consumption of gases (O,, CO,, CH4, N,O, and N,), adequate
simulations of gas transport in soil, the use of a 3D soil structure in order to achieve a more
realistic representation of environmental effects (soil temperature and moisture), especially in

the context of climate change.
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Model improvement thus implies extending the existing body of knowledge on

ecological and biogeochemical concepts, to allow them to be incorporated using novel

approaches, thus improving the representation of the dynamics of the ecosystems, and the

related advantages for stakeholders.
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http://www.rothamsted.ac.uk/sustainable-soils-and-grassland-systems/rothamsted-carbon-model-rothc
http://www.rothamsted.ac.uk/sustainable-soils-and-grassland-systems/rothamsted-carbon-model-rothc
http://www.rothamsted.ac.uk/sustainable-soils-and-grassland-systems/rothamsted-carbon-model-rothc
doi:10.1016/j.geoderma.2013.01.021
http://www6.paca.inra.fr/stics/
http://ees.elsevier.com/stoten/download.aspx?id=1268460&guid=675dbc74-103a-40da-9dc1-2e924a6b0cca&scheme=1

5  Table 1 - The nine biogeochemical models used for the intercomparison.
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% of models able to simulate at least 1 Main

General Classes (Lev.1) process contained within each General Class

N° of Main Processes

Name of Class contained within each Able (%) Not able (%) N.A*
General Class

Plant ecophysiology 10 100 0 o
and partitioning

Soil 4 100 0 ---
Climate 1 100 0 ---
Management 2 100 0 ---
GHG emissions and 3 100 0 o

other fluxes

Table 2 - Level 1 of compositional sub-systems: general classes as usually considered in agricultural,
the main processes identified within each general class and the percentage of models able to simulate

at least 1 main process contained within each general class. * No information is available.
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17
18
19
20

Main Processes (Lev.2)

% of models able to simulate at least

1 methods, options or components

contained within each Main Processes

N° of methods, options

Name of the Main Processes con?z:ir:g(;nfv?tﬁzt(iach Able (%) No(t(yz\ )b le N.A*
Main Processes
Carbon allocation mechanism 1 55.6 44.4 ---
Carbon assimilation 4 88.9 111 ---
Stomata 3 33.3 66.7 ---
Phenology 4 88.9 111 ---
Leaf area 3 77.8 22.2 ---
Reference evapotranspiration 10 88.9 111 ---
Root distribution 3 77.8 22.2 ---
Plant partitioning 9(2) 88.9 111 ---
Yield formation 8 88.9 111 ---
Limiting factors 9 88.9 111 ---
Soil carbon 8 100 0.0 ---
Soil temperature 4 100 0.0 ---
Soil water transport 4 100 0.0 ---
Soil N transport and transformation 5 88.9 111 ---
Data input 14 (19) 100 0.0 ---
General options 20 (8) 100 0.0 ---
Pastures options 3(12) 66.7 33.3 ---
CO, 8 100 0.0 ---
Non CO,-gas 6 (19) 88.9 111 ---
N processes 10 88.9 11.1 ---

Table 3 — Level 2 of compositional sub-systems: the main processes identified within each general

class, the number of methods, options or components contained within each main processes and the

percentage of models able to simulate at least 1 methods, options or components contained within each

main processes. * No information is available. Numbers in brackets represents specific information

related to the modelling approaches (see Tables S1-5).
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APSIM CERES-EGC DayCent DNDC DSSAT EPIC PaSim RothC STICS
N° of organic 7 4 3 6 5 5 5 5 6
pools
Microbial biomass Yes Yes Yes Yes Yes Yes Yes Yes Yes
Humus Yes Yes Yes Yes Yes Yes Yes Yes Yes
Added organic Yes Yes Yes Yes Yes Yes Yes Yes Yes
matter labile
Added organic
matter Yes Yes Yes Yes Yes Yes Yes Yes Yes
recalcitrante
DOC No No Yes Yes No Yes No No No
DON No No No Yes No Yes No No No
Kinetic of
conversion of Yes Yes Yes Yes Yes Yes Yes Yes Yes
organic pools
Kinetic of Yes Yes Yes Yes Yes Yes Yes No Yes
nitrification
Kinetic of
nitrification - Yes Yes Yes Yes Yes Yes Yes No Yes
environmental
factors involved
NO losses from Yes Yes Yes Yes No Yes * Yes No Yes
nitrification
Kinetic of Yes Yes Yes Yes Yes Yes Yes No Yes

denitrification
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Kinetic of
denitrification - Yes Yes Yes Yes Yes Yes Yes
environmental

factors involved

Denitrification: Yes Yes Yes Yes No Yes * Yes
N,/N,O ratio

Soil physical
properties Yes No No Yes No Yes No
variation (impact
on fluxes)

No

No

No

Yes

Yes

No

Table 4 — Overview of the C and N approaches used by the CN-MIP models. * Only in the latest version (EPIC V.1102)



Biogeochemical

Type of

Model Location Type of environment cycles involved  version * Reference
Australia Plantation forestry N ) Snow et al. (1999)
Australia Arable C-N M Thorburn et al. (2010)
Australia Arable C-N ) Huth et al. (2010)
APSIM New Zealand Arable N (6} Sharp et al. (2011)
Australia Arable C (e} Luo et al. (2011)
Australia Grassland C M Xing et al. (2011)
New Zealand Grassland N ) Giltrap et al. (2015)
France Arable N (0} Gabrielle et al. (2006)
France Arable C-N (0} Lehuger et al. (2007)
France Arable N O/M Rolland et al. (2008)
France Arable N (0} Lamboni et al. (2009)
France Arable N ) Rolland et al. (2010)
Frag\(l:\;ei,tzﬁgzgnyy Arable C ] Wattenbach et al. (2010)
CERES-
EGC France Arable/Grassland N O Drouet et al. (2011)
France, Germany Arable C-N O Lehuger (2011)
France Arable N (e} Dufosse et al. (2013)
France Arable N (e} Goglio et al. (2013)
France Arable N o} Lehuger et al. (2014)
France Arable C-N M Noirot-Cosson (2016)
Germany, USA, Scotland Avrable/Grassland N (6} Parton et al. (1998)
USA Avrable/Grassland C (0} Del Grosso et al. (2002)
New Zealand Grassland N (e} Stehfest and Muller (2004)
DayCent
USA Arable N 6} Del Grosso et al. (2005)
China Arable N (e} Li et al. (2005)
Global Arable C-N (0} Stehfest et al. (2007)
Canada Arable N (0} Smith et al. (2008)




USA Arable C-N (6} Del Grosso et al. (2008)
USA Arable N (0} Jarecki et al. (2008)
USA Avrable/tile drained N (6} David et al. (2009)
Ireland Grassland N ) Abdalla et al. (2010)
USA Arable C-N ) De Gyrze et al. (2010)
USA Arable N (6} Del Grosso et al. (2010)
USA (Incubationexp). ~  ----- C-N Oo/M Li et al. (2010)
Australia Grassland C-N ) Xing et al. (2011)
USA Switchgrass C Chamberlain et al. (2011)
USA Grassland C-N Hartman et al. (2011)
Canada/USA Arable C ) Smith et al. (2012)
Canada Arable C-N ) Chang et al. (2013)
Canada Arable N ) Sansoulet et al. (2014)
Australia Arable N ? Scheer et al. (2014)
UK Arable C-N Fitton et al. (2014a,b)
USA Grassland C-N Ryals et al. (2015)
USA Switchgrass C-N Field et al. (2016)
Costa Rica Bare soil C (e} Li et al. (1994)
Europe/Australia Avrable/Grassland C (e} Li et al. (1997)
UK Grassland N M Brown et al. (2002)
Canada Arable N ] Smith et al. (2002)
India Paddy soil C-N O Pathak et al. (2003)
China, Japan, Thailand Paddy soil C-N (0} Cai et al. (2003)
DNDC New Zealand Grassland N M Saggar et al. (2004)
USA, China, Germany Arable C-N (0} Li et al. (2005)
India Paddy soil C-N M Pathak et al. (2005)
India Paddy soil C-N ) Babu et al. (2006)
Belgium Arable C (e} Sleutel et al. (2006)
USA Arable N (0} Tomitto et al. (2007)
Canada Arable N (0} Smith et al. (2008)




China, Japan Rice C Fumoto et al. (2008)
Ireland Grassland N Abdalla et al. (2010)
China Arable C-N Li et al. (2010)

France_, Germany, Arable C Wattenbach et al. (2010)

Switzerland

Germany Arable N Ludwig et al. (2011)

Canada/USA Arable C Smith et al. (2012)

Frg?%gﬁ;ﬂg%fgﬁ'i? ' Arable/Grassland N Leip et al. (2011)
China Arable N Wu and Zhang (2014)
France Arable N Gu et al. (2014)
Canada Arable/Grassland N Uzoma et al. (2015)
Australia Arable N Chen et al. (2015)

USA (Alaska) Peatland C Deng et al. (2015)
China Arable C Yu et al. (2015)

New Zealand Grassland N Giltrap et al. (2015)
China Arable N Zhang et al. (2015)
Canada Arable N Congreves et al. (2016)
Canada Arable C Gagnon et al. (2016)

UK, Brasil Avrable/Bare soil CIN Gijsman et al. (2002)
Mexico Arable C Hartkamp et al. (2004)
Canada Arable N Liuetal. (2011)
Burkina Faso Arable C Soler et al. (2011)

DSSAT Italy Arable C De Sanctis et al. (2012)

Spain Arable CIN (S;cl)clig\)/illa-Martinez etal.

China Arable CIN Yang et al. (2013)

China Arable CIN Li et al. (2015)

Canada Arable CIN Li et al. (2015)




USA Arable N Prasad et al. (2015)
USA Arable N Jackson et al. (1994)
USA Arable N Cavero et al. (1996)
USA Arable N E&grgg;arayanan etal.
Canada Arab C-N Roloff et al. (1998)
USA Arable N Cavero et al. (1999)
Argentina Arable/Grassland N Bernardos et al. (2001)
USA Arable N Chung et al. (2002)
USA Arable/Grassland C Potter et al. (2004)
EPIC USA Arab C-N Wang et al. (2005)
Lab. Experiment Lab. Experiment C-N He et al. (2006)
USA, Canada Arable C-N Izaurralde et al. (2006)
USA Arable C Causarano et al. (2007)
USA Arable C Abrahamson et al. (2009)
Argentina Arable C Apezteguia et al. (2009)
Germany Arable C Billen et al. (2009)
Italy Arable C Farina et al. (2011)
USA Arable C Zhang et al. (2015)
Switzerland Grassland N Schmid et al. (2001)
Scotland Grassland N Riedo et al. (2002)
Ireland Grassland C Lawton et al. (2006)
Hung;rr{és?xﬁgg}lgﬁéand, Grassland C-N Calanca et al. (2007)
PaSim
Switzerlansd , Ireland, France, Grassland C Gottschalk et al. (2007)
cotland
France, Switzerland, Ireland Grassland C Vuichard et al. (2007a)
France Grassland C Aulagnier et al.(2013)

10



France, Germany, Hungary,

Ireland, ltaly, Portugal,

Spain, Switzerland, The Grassland ) Ma et al. (2015)
Netherlands, UK
France, Germany, Italy, Grassland ) Sandor et al. (2016)
Switzerland
Czech republic Arable ) Coleman et al. (1997)
Hungary, Sweden, UK Arable/Grassland ) Falloon and Smith (2002)
Australia Arable ) Skjemstad et al. (2004)
. Shirato and Yokazawa
Japan Paddy soil Oo/M (2005)
Syria Arable O/M Jenkinson et al., 2005
China Arable (0} Guo et al. (2007)
Switzerland Arable/Grassland (e} Zimmermann et al. (2007)
Kenya Arable (e} Kamoni et al (2007b)
Zambia Arable (e} Kaonga et al (2008)
Australia Arable (e} Liu et al. (2009)
RothC
Ireland Arable O Dondini et al. (2009)
Slovakia Arable/Grassland O Barancikova et al. (2010)
Spain Orchard O Nieto et al. (2010)
. Rampazzo Todorovic et al.
Austria Arable o) (2010)
Australia Grasslands ) Liuetal. (2011)
Ireland Grassland ) Xuetal. (2011)
Mexico Avrable/Grassland/Forest/Rangeland (0} Gonzalez-Molina et al.
(2011)
China Arable (e} Wang et al. (2013)
Italy, Spain, G;J(Stra"a’ Syria, Arable O/M Farina et al. (2013)
France Arable (e} Schnebelen et al. (2004)
STICS
France Arable (e} Corre-Hellou et al. (2009)
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France Arable C-N (6} Justes et al. (2009)

France Arable N (0} Jego et al. (2012)

France Arable N ) Constantin et al. (2012)

Table 5 — Overview of the studies carried out using the CN-MIP models for a broad gradient of
geographic and climatic conditions, as well as a variety of soil types and management practices. * O =

original version; M = modified version.
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N° of weaknesses per each model % of weaknesses per each model

C-Cycle N-Cycle C-Cycle N-Cycle

Pedo-climatic 0 0 5 1 0.0 0.0 62.5 125

APSIM 6
Pedo-climatic 1 0 6 2 7.7 0.0 46.2 15.4

CERES-EGC 8
Pedo-climatic 4 0 14 8 11.8 0.0 41.2 235

DayCent 17
Pedo-climatic 10 6 13 6 18.5 111 24.1 111

DNDC 23
Pedo-climatic 4 0 2 1 40.0 0.0 20.0 10.0

DSSAT 7
Pedo-climatic 3 1 5 1 14.3 4.8 23.8 4.8

EPIC 13
. Pedo-climatic 4 2 2 0 33.3 16.7 16.7 0.0

PaSim 7
Pedo-climatic 5 0 0 0 35.7 0.0 0.0 0.0

RothC 11
Pedo-climatic 0 0 1 0 0.0 0.0 20.0 0.0

STICS 3
Pedo-climatic 31 9 48 19 18 5.2 27.9 11

Total 95

Table 6 — Number of weaknesses and the relative percentage emerged in 95 modelling studies. Model performances were mainly unsatisfactory due to
erroneous accounting of pedo-climatic conditions (45.9 %) and management practices (33.8 %).
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C-Cycle

C-Cycle

N-Cycle

N-Cycle

Factor of Cause of - -
Model Name | References weaknesses Model | scaleof | Model | Scale of Type of weaknesses weaknesses Possible explanation
structure | analysis | structure | analysis
Pedo-climatic 0 0 1 0 Underest|$at|c|>n of soil N Soil p(rg;))ertles Modelling HUM decomposition too slow
Snow et al. (1999) PRy
Management
. . Model parametrization: Default value of denitrification
C?Bn:é::eiﬁg:gi?f;s Soil properties coefficient within the model was much lower than the
Pedo-climatic 0 0 1 0 Denitrification. Unpredicted (N) Pcﬁmate optimized - Errors in rainfall data used (i.e. spatially
Thorburn et al. (2010) 1on, Unp averaged rainfall data were used vs specific test site rainfall
N,O emissions peaks) data)
Pedo-climatic 0 0 1 0 Overestllrgaa(tzlrm of annual Soil p(r'c\>l|)3ertles Overestimation of soil solution nitrate concentration
Sharp et al. (2011) 9
Underestimation of denitrification (response of
Pedo-climatic 0 0 1 1 Underestimation of N,O Soil properties denitrification rate to soil temperature and moisture (or
APSIM - emissions (N) WFPS) were the two primary factors leading to the
Xing et al. (2011) P e
underestimation of denitrification)
Management
Pedo-climatic
Tillage: effect on soil features can lead to possible
Luo et al. (2011 Management acceleration in soil C decomposition due to changes in soil
uoetal. ( ) Management 1 0 0 0 Underestimation of SOC (Tilla g - Cro environment. Tillage effects in APSIM is very simple and
g decomposition d ¢ P could not take in account the real effect on soil - Crop type:
P crop varietal changes could have significant effect on crop
production and, in turn, on C input.
L Soil properties Average field soil properties used for running the model
Pedo-climatic 0 0 ! 0 Under/Overestimation of N,O (general) - rather than specific values
Giltrap et al. (2015) it 2 Climate P
Management | Fertilization type: urine patches is much more extreme than
Management 0 0 1 0 (Fertilization) typical fertilization as NH,"
L . . Soil water retention properties and bulk density. Different
Pedo-climatic 0 0 0 1 Under/Or\:ﬁre?tlrr]natlT of N:O S(C)S:\I,\F;E)OPBBHSS parametrization lead to differences in N outputs from test
CERES-EGC | Gabrielle et al. (2006) emission peaxs site to regional scale
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C-Cycle | C-Cycle | N-Cycle | N-Cycle
Factor of Cause of . .
Model Name | References Weaknesses Model | scaleof | Model | scale of Type of weaknesses weaknesses Possible explanation
structure | analysis | structure | analysis
Pedo-climatic 0 0 1 0 General discrepancies (N,O Soil properties Sensitivity of N,O emissions: Denitrification, Potential
Lamboni et al. (2009) emissions) (N) denitrification rate, Fraction of denitrified N.
Climate Model was developed for Northern regions. Main
Pedo-climatic 1 0 0 0 Climate issues in Southern regions of Europe. Issues in coupling
water and carbon fluxes
Wattenbach et al. (2010) Overestimation NEE peaks Possible mismatch due to ecophysiology: overestimation
NEE peaks and fluxes during senescence and mismatch in
Management 1 0 0 0 Phenology the cumulative NEE for the year. Poor performance in
reproducing LE flux
Pedo-climatic 0 0 1 0 _ _ Soil properties _S(_er}sm_\nt)./ of N,O emissions: Nz_O emissions from )
General discrepancies (N,O (N-BD) denitrification; Max. rate of nitrification, Soil Bulk Density
Drouet et al. (2011) emissions)
Management | Sensitivity of N,O emissions: Cropland area (crop variety
Management 0 0 1 0 (Crop type) and management)
A . . N,O emission peak was produced in response of the high
Pedo-climatic 0 0 1 1 Overesélr::::giggsof N2O Soil p(r'?l;))emes ammonium content in topsoil - Possible time lag in N,O
Lehuger et al. (2011) emissions
Pedo-climatic 0 0 1 0 Climate Inter-annual variability
; Underestimation of N,O Management
Goglio et al. (2013) . ot
Management 0 0 1 0 emissions peaks (Fert\;\ll:aztztrlon Legumes incorporation and mulching
conservation)
Pedo-climatic 0 0 1 0 General g:zfsr;% a:]nsgles (N0 (g:ir:g ﬁ) Rainfall
Lehuger et al. (2014)
Pedo-climatic 0 0 1 0 SOC'II. ;_)rg\;;\tleg;es Temperature and water on mineralization dynamics
Noirot-Cosson (2016) Overestimation of mineral N Management
Management 0 0 1 0 (Fertilization) Effect of N fertilizer
Pedo-climatic 0 0 1 General I(\illgcrepgnc_les (N0 and | Soil pr(:pertles Texture
DayCent | Parton et al. (2001) x eMissions) (Texture)
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Model Name

- Factor of C-Cycle | C-Cycle | N-Cycle | N-Cycle . ) ) Cause of Possibl nati
eferences weaknesses Model | scaleof | Model | Scale of ype of weaknesses weaknesses ossible explanation
structure | analysis | structure | analysis
Pedo-climatic 0 0 1 0 S(ﬁl' I_R,r\«}')';:);rst;e_s WEFPS overestimation and issues in the ratio
Stehfest and Muller Overestimation of N,O Climate Denitrification/Nitrification - Rainfall
(2004) emissions M "
anagemen . .
Management 0 0 1 0 (Fertilization) Urine application
. . Soil properties
Pedo-climatic 0 0 1 1 General g:}:?;g% ?SC'eS (N0 (general) - Soil properties
Del Grosso et al. (2005) issions) Climate
Management
limati — Soil properties Overestimation nitrification rate and underestimation
Li et al. (2005) Pedo-climatic 0 0 1 ! Underestimation of NH, (N) Nitrification (mainly due to temperature effect)
Pedo-climatic 0 0 1 1 Underestimation of N,O Soil properties Under prediction of Mineralization and soil properties
Smith et al. (2008) emissions (N - SWD) (SWC, soil N and soil ammonium)
— Soil properties
Pedo-climatic 0 0 1 0 Underesg}mat_?n of N.O (N - SWD) - Soil properties (inorganic N, soil moisture) - Rainfall
Jarecki et al. (2008) emissions Climate
Management
Pedo-climatic 0 0 1 1 Overest:Tr]r]at[grr: of N.O Soil prlc\ipemes Nitrification rates too high, NOs too low, N,O too high.
Del Grosso et al. (2008) EMISSIONS N)
S Overestimation of N,O Soil properties _— . . .
Pedo-climatic 0 0 1 1 i Crop evapotranspiration and the impact of tile drainage
David et al. (2009) emissions (general) P evap P P 9
T General discrepancies (CO,, N | Soil properties . .
Li et al. (2010) Pedo-climatic 1 0 1 0 mineralization and Nitrification) (SWD) Soil moisture
Management
P Soil water A
Pedo-climatic 0 0 1 0 Overestimation WFPS
General discrepancies flows (WFPS)
Abdalla et al. (2010) (Overestimation N»O emissions, | Management Fertilization maintained high mineral N along with
Management 0 0 1 0 underestimation N,O emissions) | (Fertilization - | secondary peaks compared to field data, underestimated
Crop type) biomass.
T Overestimation of N,O Soil properties N mineralization rates too high and too responsive to
Del Grosso et al. (2010) | Pedo-climatic 0 0 1 1 emissions (N) climate drivers
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C-Cycle | C-Cycle | N-Cycle | N-Cycle
Factor of Cause of . .
Model Name | References Weaknesses Model | scaleof | Model | scale of Type of weaknesses weaknesses Possible explanation
structure | analysis | structure | analysis
Soil properties
Pedo-climatic 1 0 1 0 ng;u?g: Texture, decomposition rate, Bulk Density - Rainfall
De Gyrze et al. (2010) General discrepancies (SOC; Climate
y ' underestimation N,O emissions)
Management
Management 1 0 1 0 (Tillage - Crop Tillage and cover crop
type)
A General discrepancies (CO Soil properties . . i . e
Pedo-climatic 1 0 0 0 S 2 (SWD - Soil moisture variations, high sensitivity to WFPS
Xing et al. (2011) emissions) WEFPS)
Management
Pedo-climatic
. Slight overestimation of residue removal impact on SOC
Smith et al. (2012) - o
Management 1 1 0 0 Underestimation of SOC Man_agem_ent partly because of the inherent variability in SOC
(Fertilization) measurements and also partly due to
imperfections in the models themselves
General discrepancies
Alimati (Overestimation N,O emissions : - .
scheer et al. (2014) Pedo-climatic 0 0 1 1 and soil NH,: Underestimation Climate Drying out periods
' NO; emissions)
N subroutine heavily affected by soil parameters.
Pedo-climatic 0 0 1 0 Soil properties Mineralization and denitrification rates may be too low,
Fitton et al. (2014a,b) Underestimation of N,O (N) - Climate freeze-thaw fluxes need work - N subroutine heavily
' ' emissions affected by climate
Management 0 0 1 0 ('\élg,rt]ﬁigze;}z?]t) Model sensitive at low N application rates
P Soil properties . - .
Ryals et al. (2014, 2015) Pedo-climatic 1 0 0 0 Underestimation of CO, (N - WFPS) N mineralization rates may be off, underestimated WFPS
y ' ' emissions Management . . . .
Management 1 0 0 0 (Fertilization) No soil water benefits provided by adding of compost
R . . Overestimation N,O emissions from shoulder position
Pedo-climatic 0 0 1 1 Overes;:rr]r;:;lig?]sof N:O SO'(I zgzezsles (upper landscape). Inability to characterize differences in
Smith et al. (2002) 9 soil properties and water/nutrient flow for 3-D landscape
DNDC
Cai et al. (2003) Pedo-climatic 1 0 1 0 General discrepancies (CHa, | Soil properties Soil properties

N,O and NO emissions)

(general)

17



Model Name

References

Pathak et al. (2003)

Saggar et al. (2004)

Pathak et al. (2005)

Babu et al. (2006)

Sleutel et al. (2006)

Liu et al. (2006)

Tonitto et al. (2007)

Smith et al. (2008)

Fumoto et al. (2008)

Factor of C-Cycle | C-Cycle | N-Cycle | N-Cycle
weaknesses Model | Scale of | Model | Scale of
structure | analysis | structure | analysis
Management 1 0 0 0
Pedo-climatic 1 0 0 0
Management
Pedo-climatic 0 0 1 1
Management
Pedo-climatic 1 0 0 0
Management
Pedo-climatic 1 1 0 1
Management 1 0 0 1
Pedo-climatic 1 1 0 0
Management 1 0 0 0
Pedo-climatic 1 1 0 0
Management 1 1 0 0
Pedo-climatic 0 0 1 1
Management
Pedo-climatic 0 0 1 1
Management 0 0 1 1
Pedo-climatic 1 1 0 0
Management 1 0 0 0

Type of weaknesses

Overestimations of CH,
emissions

Underestimation of N,O
emissions

Overestimations of CH,

emissions

General discrepancies (CH, and
N,O peaks)

Under/Overestimation of SOC

Overestimation of SOC

General discrepancies (SOC)

Overestimation of N leaching

General discrepancies (timing of
N,O emissions).

Underestimation of N,O
emissions

Under/Overestimation of CH,
emissions

Cause of . .
weaknesses Possible explanation
Management . Lo
(Crop type) Type of cultivar (crop parameters) - daily timescale
Soil properties .
Leaking rate
N) 9

Soil properties
(T - SWD)

Soil properties
(C-pH)

Soil properties
(SWD)

Management
(Crop type)
Soil properties
(general)
Management
(Fertilization)
Climate

Management
(general)

Soil properties
(N)

Soil properties
(N - SWD)

Management
(Fertilization)
Soil properties
(general)
Management

(Crop type) -
Phenology

Under prediction of Temperature effect and moisture after
rainfall (size and timing)

Initial SOC content and soil redox potential

Soil shrinking and swelling - daily timescale

CH, and N,O peaks not well captured at the beginning and
end of growing season. Type of cultivar (crop parameters)

Soail type
Residues incorporation
Spatial heterogeneity in environmental parameters

Spatial heterogeneity in farm management practices

The base DNDC model greatly over predicted N leaching:
calibration of 4 leaching parameters (within code) was
required to improve model performance.

Soil water content and soil N underestimated. Too few
chamber measurements of N,O emissions available for
detailed temporal testing.

Error in plant N uptake equation. Highest slurry rate

Soil properties and effect of temperature on Leaf Area
development

Type and stage of cultivar

18



Model Name

et Factor of C-Cycle | C-Cycle | N-Cycle | N-Cycle . ) ) Cause of Possibl nati
eferences weaknesses Model | scaleof | Model | Scale of ype of weaknesses weaknesses ossible explanation
structure | analysis | structure | analysis
Pedo-climatic 0 0 1 0 Overestlnr]r:atliorrll of N:O SOC':I p(,(\)llljzirges Overestimation WFPS and SOC content
Abdalla et al. (2010) emissions (C- )
Pedo-climatic 0 0 1 0 Underestlmat]on of N0 Soil g\rxlpl)jemes Impact of soil freezing and thawing
Li et al. (2010) emissions (SWD)
Pedo-climatic 1 0 0 0 Climate Issues in coupling wat_er anc_i carpon fluxes, air temperature
. . (i.e. mild winter)
General discrepancies Management
Wattenbach et al. (2010) (cumulative NEE and Reco, (Fe?ti?i%eatign ) Overestimation NEE peaks and general discrepancies at
Management 1 0 0 0 overestimation NEE peaks). Tillage - Cro senescence and post-harvesting, (cumulative NEE and
t%/pe) P Reco). Crop rotation, fertilization and tillage
S Soil properties
Pedo-climatic 0 0 1 0 Under/ Overegnr_nanon of N.O (general) - Soil properties - Rainfall
Ludwig et al. (2011) emissions Climate
L Under/Overestimation of N,O Soil properties . . .
Pedo-climatic 0 0 1 1 - z (general) - Soil properties - Rainfall
Leip et al. (2011) emissions Climate
Soil proverties High spatial heterogeneity in SOC measurements. The
Pedo-climatic 1 1 0 0 p(C[)J conceptual SOC "passive fraction" may have been set too
imati high in DNDC from some locations/soil types.
Smith et al. (2012) Overestimation of SOC g typ
following residue removal . .
Management 1 1 0 0 Management | DNDC tended to underestimate the rate of decomposition.
(Fertilization) | SOC change as affected by residue removal at some sites
Yu et al. (2015) Underestimation of CO, Use of . .
L . generalized crop growth curve resulted in
Management L 0 0 0 emissions an_d ht_eterotrophlc Phenology underestimation of duration of root growth and N uptake
respiration
Soil properties | _. Inability of cascade flow hyd_rology quel to effectl_ve_ly
S simulate water content above field capacity - N,O emissions
Pedo-climatic 0 0 1 0 L (SWD) - : . ; "
U tal. (2015 Under/Overestimation of N,O Climate overestimated during alfalfa production and underestimated
zoma et al. (. ) emissions during long periods of episodic rainfall.
Management 0 0 1 0 Phenology Interception and uptake of water by alfalfa was likely

underestimated.
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F f C-Cycle | C-Cycle | N-Cycle | N-Cycle c f
Model Name | References actor o Type of weaknesses ause o Possible explanation
weaknesses Model Scale of Model Scale of weaknesses
structure | analysis | structure | analysis
TR General discrepancies (timing of | Soil properties . .
Pedo-climatic 0 0 1 0 daily N,O and NO emissions) (SWD) Soil water content was not well simulated
Zhang et al. (2015)
Overestimation of N,O and NO | Management High fertilizer treatments: Need to better simulate the
Management 0 0 1 0 - A A . - el
emissions (Fertilization) limitation of dissolved organic carbon on denitrification
Pedo-climatic 0 0 1 0 Overestimation of N,O Soil properties The model had |nc9rrect_n|trogen partl_tlonlng for urea
Lo L (N) ammonium nitrate applications.
Gu et al. (2014) emissions, soil nitrate and Management Model doesn't include canopy intercention and foliar N
Management 0 0 1 0 ammonia concentrations. anageme 0def doesn't Include canopy Interception and folia
(Fertilization) uptake when spraying liquid fertilizer.
. . NH; emissions were greatly improved for a newly develop
N Soil properties NHj; sub-model but emissions were still largely
Pedo-climatic 0 0 1 0 —— (Texture - :
Conareves et al. (2016 Underestimation of NH; SWD) underestimated for one treatment. The model could not
ongreves et al. ( ) emissions simulate a heterogeneous soil profile.
Management | Due to simple cascade water flow DNDC had limited ability
Management 0 0 ! 0 (Fertilization) to simulate slurry infiltration rates.
Soil properties Inputs data describing long-term field history was not
Pedo-climatic 1 1 0 0 © -ptefture) available. Thus the initial assumed fractions of litter,
humads and humus may have been wrong.
) ) ) DNDC could not simulate the differences in soil CO,
Gagnon et al. (2016) General discrepancies (soil CO; respiration between soil textures and produced opposite
respiration). Management values than was observed when N fertilizer was added
Management 1 1 0 0 agem (respiration was increased rather than decreased). DNDC
(Fertilization) . : 5 .
does not include soil processes which reduce soil CO,
respiration after fertilizer addition (these processes are not
well understood).
Relative proportion of SOM pools and the rate of some
pools were not likely to be well simulated. Other factor can
General discrepancies (SOC Soil properties be that the soil texture data used as inputs for the simulation
- Pedo-climatic 1 0 1 0 dvnamics and ch])iI mineral N) I -ptefture) were expressed in ISSS textural units, in which silt is the 2-
Gijsman et al. (2002) y to 20-um class, while DSSAT use the American unit system
with silt equals to 2 to 50 um. This has likely affected also
soil retention characteristics.
DSSAT Management 0 0 0 0 coes coes —=es
Consistently overestimation of nitrate loss from no
Pedo-climatic 0 0 1 1 Overestimation of N losses Soil properties | fertilization treatment in long term experimental sites. This
- (N - texture) | overestimation may reflect inadequate model representation
Liu et al. (2011) . . ) .
of degraded soil profile for long-term simulations
Management 0 0 0 0 ---- ---- ----
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C-Cycle | C-Cycle | N-Cycle | N-Cycle
Model Name | References Factor of
weaknesses Model | Scale of | Model | Scale of
Pedo-climatic
Hartkamp et al. (2004)
Management 1 0 0 0
Pedo-climatic 1 0 0 0
De Sanctis et al. (2012)
Management
Pedo-climatic 1 0 0 0
Li et al. (2015)
Management 1 0 0 0
Pedo-climatic 1 0 0 0
Li et al. (2015)
Management
Pedo-climatic
Prasad et al. (2015)
Management 0 0 1 0
Pedo-climatic
Jackson et al. (1994)
Management
Pedo-climatic
EPIC Cavero et al. (1996)
Management 0 0 1 0
Ramanarayanan et al. Pedo-climatic 0 0 1 0
(1998) Management

Type of weaknesses

Overestimation of SOC

Underestimation of SOC

General discrepancies (SOC)

Overestimation of SOC

General discrepancies (leaching
loss and gaseous loss of N via
volatilization and
denitrification).

Underestimation of soil NO3
content

Overestimation of inorganic N
concentration
Overestimation of soil NO3
content

Cause of
weaknesses

Management
(Fertilization)

Soil properties
(SWD)

Soil properties
(C) - Climate

Management
(Crop type)

Soil properties
(C-N)

Management
(Fertilization)
- Phenology

Management
(Irrigation)

Management
(Fertilization)

Climate

Possible explanation

structure analisis structure analisis

Fertilization: Overestimation SOC (SOC was overestimated
in the crop rotations with N fertilization) Initial values for
SOC not accurately defined. SOC overestimation associated
to overestimation of the biomass incorporated into the soil.
In fact, SOC in the fallow quite well simulated.

The long-term increase of SOC in the top soil layers can
have a relevant influence on soil hydraulic properties but
this is not automatically simulated by DSSAT

Overestimation of the rate of soil C decomposition and the
underestimation of the efficiency of conversion of crop
residue C to soil C set in the model - Soil C decomposition
rates set in the CENTURY model may be too high for semi-
arid Canadian soils.

Improvements in the cultivar coefficients are required, in
fact deviations in straw and root yields were highlighted

Differences between the model soil C/N ratio and the
measured C/N ratio parameter

High soil mineral N concentrations that might have resulted
from late application of large amounts of N that were not
utilized by potato plants - During the tuber bulking phase,

the potato plant slows down N uptake and starts N
translocation from leaves to tubers. The presence of large
amount of mineral N might have created hot spot area in the

otato beds where soil sampling was carried out.

Leached or denitrified during the irrigated crop period.

Crop residues incorporation (i.e. overestimation N uptake at
harvest)

Weather condition
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Model Name

et Factor of C-Cycle | C-Cycle | N-Cycle | N-Cycle . ) y Cause of Possibl nati
eferences weaknesses Model | scaleof | Model | Scale of ype of weaknesses weaknesses ossible explanation
structure | analysis | structure | analysis
A . . . N transformation, water dynamics and soil water balance
Pedo-climatic 0 0 1 0 Underestlcn(:ﬁtt;%r; of soil N S(E;\Il r_)rgs\t/elrjtl)es routine (PET and water distribution within profile) are
Roloff et al. (1998) probably the main issues
Pedo-climatic 0 0 1 0 Soil p(rﬁ[))ertles N distribution in the bed
Underestimation of inorganic N | Management
Cavero et al. (1999) . S
Management 0 0 1 0 concentration, N losses (Fé:to':;i;ggr_' Crop (Access of roots to inorganic N, irrigation
Irrigation)
Soil properties S . . i
Pedo-climatic 0 0 1 1 Overestimation NO5_N losses (SWD) - Simplistic tile dramagesrtoutmellactk of a flow component
Chung et al. (2002) Climate 0orm events
vanagement (SN0 SO O e s
limati Soil properties . .
Pedo-climatic 1 0 0 0 (general) Soil properties
Potter et al. (2004) Underestimation of soil C Management Rate of C losses in tilled management too high or C
Management 1 0 0 0 (Ti I?a 6) accumulation in grassed area reaching a plateau after
9 "quick" increase (possible cause: lack of available N)
peco-timatic O O A —
Wang et al. (2005) Mana ; : ;
R gement Issues in observations and model structural error in
Management 1 0 0 0 Underestimation (SOC content) (Fertilization) underestimating the return of corn residues.
Disturbance of the soil sample (consequent increase of
Soil properties mineralization) - N mineralization algorithms may
Pedo-climatic 1 0 1 0 General discrepancies (soil C, p(CF)J underpredict Net Nitrogen Mineralization (NMN)
He et al. (2006) Overestimation of N observable under field conditions - Problem in reproducing
mineralization) the lab. Experiment.
Management Underestimation of the soil capacity to transform crop
Management 1 0 1 0 (Fertilization) residue in SOC
L General discrepancies Soil properties Spatial differences in C fraction due to differing soil
Pedo-climatic 0 1 0 0 Lo . .
(Overestimation of microbial © landscapes
Causarano et al. (2007) biomass C and total organic C, | Management . .
Management 1 0 0 0 Underestimation particulate (Fertilization - Tillage and manure effects not adequately simulated by the
: . model
organic C) Tillage)
peco-cimatic (SOOI SO (G
Apezteguia et al. (2009) . . Inability of the model to capture the yield trends as well to
Management 1 0 0 0 General discrepancies (SOC Phenology the overestimation of the contribution of monoculture to
content)
TOC.
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C-Cycle | C-Cycle | N-Cycle | N-Cycle
Factor of Cause of . .
Model Name | References Weaknesses Model | scaleof | Model | scale of Type of weaknesses weaknesses Possible explanation
structure | analysis | structure | analysis
General discrepancies (SOC Management .
Management 1 0 0 0 content) (Tillage) Tillage effect
pedo-climati 1 0 0 0 General discrepancies So'tl_ Errors in climate records, inaccurate soil parameters,
Zhang et al. (2015) edo-climatic (differences in the magnitude of pr((:JIper |tes- incomplete management information, and interactions
9 ' NPP and NEE, and in the spatial imate among these factors, inaccurate representation of crop
Management 1 0 0 0 pattern of SOC change). Management rotations
Schunid et . (2001) Pedo-climatic 0 0 1 0 Underes_tir_nation of N,O Climate Wet conditions
Management 0 0 1 0 emission peaks Phenology Overestimation transpiration and N uptake by plants;
Soil ammoniacal nitrogen pool is partitioned between soil
surface and soil layers with the NH; emissions being driven
. by NH, in the 0-3 mm soil layer. The drawback here is that
Riedo et al. (2002) Management 0 0 1 0 Underestimation of NH; (ma:?i?gzq;grqt_ models does not consider the form of N taken up by roots,
g emission peaks Cutting) Accordingly high NH, absorption by plants leads to high
9 NHj; emissions and vice versa - explaining some
discrepancies between simulations and measurements
during the period after fertilisation
Over prediction of the uptake due to the oversensitivity of
Pedo-climatic 1 0 0 0 Climate PaSim to
Lawton et al. (2006) Overestimation of NEE initial conditions/winter conditions.
PaSim Management 0 0 0 0 Management Type of management (intensive vs extensive)
General discrepancies . . s
SN . . Inappropriate setting of initial parameters, SOM stock
Pedo-climatic 1 1 1 0 %'g::ge;/n Odvlgreostér?n?;;ci)gnc;f. (?al?r’ S?'(I: rfrgs\tlelrjtl)es initialization, over emphatization of water stress effect on
Calanca et al. (2007) 20 emissions; datly assimilation
CO, emissions)
Management
Pedo-climatic
Vuichard et al. (2007a)
Management 1 0 0 0 Under/Overestimation of NEE | Management Grazing effect
L Soil properties .
Maetal, (2015) Pedo-climatic 1 0 0 0 Under/Overestimation of GPP (T - SWD) SWC and soil temperature
Management 1 0 0 0 and Reco Management Type of management (intensive vs extensive)
Pedo-climatic 1 1 0 0 General discrepancies (NEE) S%I. prg\;;\tleg;es Improper representat;grr:]ozrsati:r\évater content and soil
Sandor et al. (2016) . P
Management
RothC Skjemstad et al. (2004) Pedo-climatic




Model Name

References

Shirato and Yokazawa
(2005)

Zimmermann et al.
(2007)

Liu et al. (2009)

Rampazzo Todorovic et
al. (2010)

Nieto et al. (2010)

Xu et al. (2011)

Gonzalez-Molina et al.
(2011)

Nieto et al. (2013)

Wang et al. (2013)

Factor of C-Cycle | C-Cycle | N-Cycle | N-Cycle . ) ) Cause of Possibl nati
weaknesses Model | Scale of | Model | Scale of ype oT weaknesses weaknesses ossible explanation
structure | analysis | structure | analysis
Management 1 0 0 0 General discrepancies (C) Management | Disturbances (i.e. clearing and burning of pulled vegetation)
S Slow decomposition rate of SOM in Rice when submerged
Management 1 0 0 0 Underestég]r?tt;ﬂ? of SOC Management | soils are waterlogged and subjected to anaerobic conditions
(RothC is not usable for waterlogged soil, Rice)
Soil properties
Pedo-climatic 1 0 0 0 General discrepancies (SOC) (general) - Soil properties - Air temperature
Climate
Management
Pedo-climatic
L Management Stubble (i.e. using the conventional setting of stubble
Management 1 0 0 0 Overestimation of SOC content (Fertilization) retention factor)
Soil properties
Pedo-climatic 1 0 0 0 (general) - Soil properties
General discrepancies (SOC Climate
content) Management
Management 1 0 0 0 (Fertilization - Type of crop and straw
Crop type)
Management 1 0 0 0 Overestimation of SOC content Mza?ﬁ?:éz)ent C losses due to soil erosion
. . Soil properties
Pedo-climatic 1 0 0 0 General discrepancies (SOC (general) - Soil properties
content) X
Climate
Soil properties . .
Pedo-climatic 1 0 0 0 (general) - Type of ecosystem (range;gir}dztio)mplexny, erosion, type of
Overestimation of SOC content Climate L
Management . .
Management 1 0 0 0 (general) Residues, overgrazing, etc.
Management 1 0 0 0 Overestimation of SOC content Ma(?ﬁ?: g;znt Tillage (erosion)
Management 1 0 0 0 Overestimation of SOC content Management Fertilization (N + straw)

(Fertilization)

24



C-Cycle

C-Cycle

N-Cycle

N-Cycle

Factor of Cause of . .
Model Name | References weaknesses Model | scaleof | Model | scale of Type of weaknesses weaknesses Possible explanation
structure | analysis | structure | analysis
_ Pedo-climatic 1 0 0 0 Under/Overestimation of GPP Climate Dry condition
Farina et al. (2013) and Reco Management ; ;
Management 1 0 0 0 (general) Rotation with fallow
Pedo-climatic 0 0 1 0 o _ Soil properties | Type of soil (soil lying on cryo_turbated material cannot be
Overestimation of soil N (general) parametrized).
Schnebelen et al. (2004) - . L -
absorption Management | Type of crop (inadequate predication root density in some
Management 0 0 1 1 . .
(Crop type) particular soil i.e. cryot.)
Pedo-climatic 0 0 0 0 ---- ---- ----
Justes et al. (2009) Management 0 0 1 0 Underestimation of N Management | Default values of the decomposition module (Analysis on
STICS 9 mineralization (Fertilization) 25 catch crops residues).
Pedo-climatic 0 0 0 0 ---- ---- ----
. . . Lack of sensitivity of N uptake to
Constantin et al. (2012) _Gener_al d_|screpanC|es (.N Management N mineralization (lack of synchrony between extra
Management 0 0 1 0 mineralization and organic N

sequestered in soil)

(Fertilization)

mineralization due to catch crops and crop N demand in the
model).

Table 7 — Analysis of type and cause of modelling weaknesses and the relative possible explanation for single modelling study. For each study, the specific

factor of weaknesses and the biogeochemical cycle involved (i.e. C or N) have been considered
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Figure
Click here to download Figure: Figures.doc

Figure captions

Figure 1 — Top-down approach focused at gaining insight into compositional sub-systems of
the most important processes and approaches implemented into the 9 biogeochemical models
used in the analysis. Classification was built according to three levels of detail: i) Low: five
general classes (level 1); ii) Medium: 20 main processes (level 2); iii) High: 196 approaches

(methods/options/components, level 3).
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Level 1 — General Classes

Mostly simulated discrete units
considered in agricultural
modelling

N° of units: 5
Level of detail: LOW

Level 2 — Main Processes

Fig. 1

Mostly simulated main
processes considered in
agricultural modelling

N° of processes: 20
Level of detail: MEDIUM

Level 3 — Main approaches

Mostly simulated modelling
approaches considered in
agricultural modelling

N° of approaches: 196
Level of detail: HIGH
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