
  

Model Validation Report for SALUS 
Version 11.3.21 

 
 

Prepared for Climate Action Reserve 

Prepared by CIBO and TerraCarbon LLC 

Reviewed by Dr. Stefan Gerber 
Earth System Scientist and Biogeochemistry Modeler 
Soil, Water and Ecosystem Sciences Department 
University of Florida 
Gainesville, 326011 
sgerber@ufl.edu 

First Submission 07 July 2022 

Revised to Address 
Reviewer Comments 

24 May 2023; 03 August 2023 

Final Review 11 October 2023 

Final IME Approval for CAR  

 
 

 
 

1 



Table of Contents 
Introduction​ 4 
1 Description of the SALUS Model​ 5 
2 SEP Model Conditions​ 7 

2.1 Publicly Available​ 7 
2.2 Peer-Reviewed​ 7 
2.3 Able to Support Repetition of the Project Model Simulations​ 10 
2.4 Validated per CAR SEP Model Requirements and Guidance​ 10 

3 Model Calibration​ 12 
3.1 Model Version​ 12 
3.2 Model Calibration and Model Parameter Sets​ 12 

4 Defining the Project Domain​ 18 
4.1 Practice Categories​ 18 
4.2 Project Domain​ 18 

4.2.1 Crop Functional Groups​ 18 
4.2.2 Climate Zones in Project Domain​ 19 
4.2.3 Soil Texture Classes and Clay Content in Project Domain​ 20 
4.2.4 Validated combinations of Practice Categories, Crop Functional Groups, and 
Emissions Sources​ 22 

5 Validation Dataset​ 23 
5.1 Information From Validation Datasets Required to Run SALUS​ 23 
5.2 Description of the Validation Dataset​ 25 

5.2.1 Methods used to compile dataset​ 25 
5.2.2 Summary of Validation Dataset as Representative of Project Domain​ 31 

5.3 Validation Data Processing and Preliminary Analysis Steps​ 36 
5.3.1 Designating Treatments as Baseline and Project Scenarios​ 36 
5.3.2 Filling in Missing Observed Bulk Density Values​ 37 
5.3.3 SOC Data Preparation​ 37 
5.3.4 Calculating Measured and Modeled SOC Stocks for the Soil Profile​ 39 
5.3.5 Calculating Measured and Modeled Carbon Sequestration Rates and Carbon 
Credits​ 40 

6 Assessment of Bias and PMU for each Practice Category​ 42 
6.1 Model bias​ 42 

6.1.1 Calculation​ 42 
6.1.2 Model bias for each study​ 42 

6.2 Pooled Measurement Uncertainty​ 43 
6.2.1 Approach to Calculating PMU​ 43 
6.2.2 Calculation Steps​ 45 

6.3 Model Bias vs PMU​ 51 
6.4 Complete Example of Derivation of Model Bias and Comparison to PMU​ 54 

6.4.1 Observed soil carbon credit​ 54 

2 



6.4.2 Simulated soil carbon credit​ 57 
6.4.3 Model Bias for Senthilkumar 2009​ 59 
6.4.4 Pooled Measurement Uncertainty for Senthilkumar 2009​ 59 

7 Evaluating Model Prediction Error​ 60 
Leave One Out Cross Validation Analysis​ 66 

8 Appendix​ 69 
8.1 SALUS Soil and Crop Parameters​ 69 
8.2 Summary of Validation Dataset​ 69 
8.3 Full Accounting of Validation Dataset​ 83 
8.4 Example Tabulation Spreadsheet​ 83 

References​ 84 
 

3 



Introduction 
This Model Validation Report (MVR) provides the background information and analyses required 
to validate CIBO’s Systems Approach for Land Use Sustainability (SALUS) model according to 
the guidelines laid out in “Requirements and Guidance for Model Calibration, Validation, 
Uncertainty, and Verification for Soil Enrichment Projects” (Version 1.1a), herein referred to as 
“Model Requirements and Guidance.” CIBO will use SALUS to monitor change in soil organic 
carbon (SOC) stocks in both the baseline and project scenarios for agricultural carbon offset 
projects developed in the United States Corn Belt region under the requirements of the Climate 
Action Reserve (CAR) U.S. Soil Enrichment Protocol (SEP) v1.1. The model is suited for 
projects that target corn and soy growers in the midwestern United States, defined here as: 
North Dakota, South Dakota, Nebraska, Kansas, Minnesota, Iowa, Missouri, Wisconsin, Illinois, 
Michigan, Indiana, Ohio, and Kentucky. The model is suited to the following improved 
agricultural land management practices: no-till, reduced tillage, and use of living winter cover.  
 
Section 1 provides an overview of the SALUS model. Section 2 demonstrates how SALUS 
meets the requirements for models in SEP Section 6.6 and provides a summary of the model’s 
performance in the validation analyses. Section 3 details SALUS’ internal parameter sets and 
calibration process. Section 4 describes the project domain in terms of crop functional groups 
(CFGs), project activity practice categories (PCs), climate zones, and soil textures. Section 5 
outlines the process undertaken to identify appropriate datasets against which to compare 
SALUS’ outputs; the final validation dataset for each PC/CFG combination; and steps taken to 
prepare the validation dataset to complete the required validation analyses. Section 6 details the 
assessment of model bias and pooled measurement uncertainty. Lastly, Section 7 evaluates the 
model prediction error.  
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1​ Description of the SALUS Model 
SALUS is a deterministic model representing crop growth and soil biogeochemical dynamics on 
a daily time step; SALUS uses conceptual pools to simulate organic matter inputs and carbon 
transfer in the soil under different agricultural management practices. SALUS has a total of six 
organic matter pools in the simulated plant/soil environment: three representing fresh organic 
matter (rapid, intermediate, and slow FOM) and three representing soil organic matter (active, 
slow, and resistant SOM).  
 
FOM originates from above and belowground biomass. Residue removal and tillage practices 
impact the amount of biomass that becomes FOM, whether FOM exists in the surface layer 
and/or in the soil, and to what soil depth FOM is incorporated if tillage occurs. FOM pools have 
variable carbon to nitrogen (C/N) ratios. The largest portion of FOM inputs into the soil comes 
from non-harvested residues which are added to the soil once per season (at harvest). 
However, during the season while the crop is actively growing, significant amounts of carbon are 
also directly injected into the soil via root senescence. 
 
Rapid and intermediate FOM 
decompose and become inputs into the 
active SOM pool, while slow FOM flows 
into the slow SOM pool. In addition to 
receiving FOM inputs during crop 
growth and after harvest, SOM pools 
also represent initial SOC content at 
the start of a SALUS simulation. 
SALUS determines initial SOC content 
using either the US Department of 
Agriculture Natural Resources 
Conservation Service Soil Survey 
Geographic Database (SSURGO) or a 
value supplied by the user. Initial SOC 
content is partitioned between the three 
SOM pools based in part on soil 
texture, with the largest share going to 
the resistant pool. The three pools are 
differentiated by their Mean Residence 
Time (MRT) and their C/N ratios, which 
collectively determine their potential 
decomposition rates. 
 
SOM decomposition is facilitated by soil microbes and influenced by several environmental and 
crop management factors. Once a SALUS simulation begins, the three SOM pools start to 
decompose. During the decomposition process organic carbon moves among pools and CO2 is 
released as a byproduct of microbial respiration. These transfers of carbon are combined to 
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determine the mass of carbon in any given pool on any given day. The actual decomposition 
rate of a given SOM pool is the potential decomposition rate modified by several environmental 
factors that are known to influence biological activity: temperature, soil moisture, clay content, 
soil depth, and tillage. FOM decomposition is similar to SOM decomposition in principle and is 
affected by all environmental factors influencing SOM decomposition, plus a nitrogen sufficiency 
factor that provides feedback from the soil nitrogen to the FOM decomposition.  
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2​ SEP Model Conditions 
2.1​ Publicly Available 
SEP Section 6.6 (Modeling Guidance) requires that process-based biogeochemical models 
used to quantify soil organic carbon (SOC) stock change be publicly available, including having 
sufficient publicly available conceptual documentation of inputs and outputs, as well as 
documentation of how the model functionally represents SOC dynamics. SALUS is a 
mechanistic model that brings together an advanced crop growth model derived from the 
CERES model, a soil organic matter (SOM) and nutrient cycling model derived from the Century 
model, and a soil water balance and temperature model.1,2 In SALUS, organic matter dynamics 
are modeled using conceptual pools, as described in Section 1. Above and belowground plant 
residues are partitioned into subpools based on their lignin and nitrogen content, and soil 
organic matter is divided into active, slow, and resistant subpools, each with their own 
carbon:nitrogen ratios and decomposition rates. SOM dynamics are coupled with soil hydrology, 
nitrogen, and plant growth.  
 
The Century model underpinning SALUS’ soil submodel has been widely described in academic 
and peer-reviewed literature,3–5 and SALUS’ specific version of the soil submodel is well 
documented. The adoption and adaptation of Century’s SOM dynamics into SALUS’ 
overarching modeling framework is further described in Basso and Ritchie 2015 and 
Martinez-Feria and Basso 2020.1,6 Martinez-Feria and Basso 2020 Supplemental Materials 
provide in-depth documentation of SALUS’ conceptual pools and parameters. Additionally, the 
publicly available academic version of SALUS is available online at 
https://salusmodel.ees.msu.edu/SALUSOnline, and descriptions of SALUS’ data structure and 
inputs and outputs, is available on the Michigan State University website for Dr. Bruno Basso’s 
Lab at https://basso.ees.msu.edu/salus/.  

2.2​ Peer-Reviewed  
SALUS has been widely tested and applied over the past 20 years of its development. The 
primary systems researched and modeled using SALUS have been croplands under different 
tillage, fertilizer, and cropping management practices in the United States and Italy. Key 
applications of SALUS for SOC modeling in peer-reviewed literature are summarized in Table 1 
and described below. 
 

Table 1: Summary of Select Research Papers Applying SALUS 

Paper Location Treatments RMSE 

Basso et al. 
(2011) 

Michigan, 
USA 

Maize-soy-wheat rotation with 
moldboard plow, spring chisel and 
disking, and broadcast fertilizer 
applications represented. 

0.023 %SOC  
error of simulated vs. 
observed SOC 
content in a given 
year 
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Del Rosa et 
al. (2017) 

Queensland, 
Australia 

No fertilizer, conventional fertilizer, 
and raw and composted manures 
applied to a rotation of several 
vegetable crops. 

1.4  Mg C/ha 
error of simulated vs. 
observed SOC stocks 
in a given year 

Pezzuolo et 
al. (2017) 

Veneto 
Region, Italy 

Conventional tillage and no-till 
across several farms implementing 
three to four-year crop rotations of 
corn, soy, wheat, and/or rapeseed. 

4.37 Mg C/ha 
error of simulated vs. 
observed SOC stocks 
in a given year 

Cillis et al. 
(2018) 

Venice 
Lagoon 
District, Italy 

Conventional tillage, minimum 
tillage, and no-tillage with a uniform 
amount of residues retained for a 
crop rotation including wheat, 
canola, corn, and soy, as well as 
cover crops. 

5.7 Mg C/ha 
error of simulated vs. 
observed SOC stocks 
in a given year 

Martinez-Feria 
and Basso 
(2020) 

Midwestern 
region, USA 

Switchgrass grown with various 
fertilizer and harvest intensity 
treatments.  

0.05 %SOC 
error of simulated vs. 
observed change in 
SOC content between 
initial and final study 
years. 

 
Basso et al. (2006) used SALUS to simulate soil organic carbon dynamics and changes to bulk 
density, drainage, soil evaporation, and runoff over a 15 year period under conventional, 
minimum, and no-till management.7 The simulation used a 50-year weather record from a 
meteorological station in Foggia, Italy, and a clay soil type; while model results were not 
compared against field measurements for the simulated study area, the authors concluded that 
the simulated trends in tillage impacts to soil properties were consistent with experimental 
results found in the literature and the expected impacts of different tillage regimes. 
 
Senthikumar et al. (2009) used data from the Kellogg Biological Station long-term research trials 
to validate SALUS performance in simulating changes to SOC under the following treatments: 
chisel-plow and no-till treatments with and without fertilization, organic management using 
chisel-plow with leguminous winter cover crops and no fertilization, and never tilled grassland.8 
The study found that the SALUS predictions of SOC change were consistent with measured 
change for most of the agricultural treatments and for the never tilled grassland soil. Specifically, 
modeled SOC changes for the chisel plow with conventional chemical inputs and the no-till with 
conventional chemical inputs treatments were very close to measured changes. SALUS also 
predicted the large loss of SOC observed in the chisel-plow without chemical input treatments. 
SALUS slightly overestimated SOC losses in the certified organic chisel-plow system with winter 
legume and zero inputs. Lastly, SALUS predicted insignificant carbon losses in one of the no-till 
with no inputs treatments, which had many sites with low soil carbon content. The authors 
theorized that SALUS may have incorrectly modeled SOC dynamics in extreme settings of very 
low initial SOC values with no fertilization.  
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Basso et al. (2011) proposed an approach for initializing SALUS and partitioning the SOC 
fractions, then validated that approach by comparing measured versus modeled SOC over time 
from long-term research trials at the Kellogg Biological Station.9 The experimental agricultural 
management practices simulated were a maize–soybean–wheat rotation, conventional tillage, 
nitrogen fertilization, and crop residue incorporation. SALUS predictions performed well 
compared with the measured values of SOC change, with a root mean squared error (RMSE) of 
0.023%. 
 
De Rosa et al. (2017) used SALUS to simulate yield, soil nitrogen, and SOC dynamics under 
different combinations of composted or raw organic amendments and synthetic N fertilizer 
application rates.10 For modeled versus measured values of SOC change, SALUS 
demonstrated an R2 of 0.51 and a RMSE of 1.4 Mg C/ha (4.7%). 
 
Pezzuolo et al. (2017) used experimental data from agricultural operations in the Veneto region 
of Italy to validate SALUS’ performance in simulating SOC dynamics.11 The experiment 
incorporated conventional tillage and no-till; wheat, corn, soy, and rapeseed commodity crops; 
and ryegrass, barley, and vetch cover crops. The study demonstrated the SOC simulations had 
an average RMSE of 4.37 Mg C/ha and a relative RMSE of 11.9%. Mean values for normalized 
deviation and global efficiency were 0.012 and -0.17, respectively. The authors note that the 
negative global efficiency value was due to the lower rate of SOC increase simulated by the 
model when compared to observed values, as well as the relatively small data set. Although 
SALUS underestimated SOC change at some no-till sites, overall the average modeled SOC 
dynamics were in good agreement with observations.  
 
Similarly, Cillis et al. (2018) compared SALUS performance simulating SOC change at the 
Vallevecchia demonstration farm in the Venice Lagoon District of Italy against measured values 
for cropping systems under conventional tillage, minimum tillage, and no-till with wheat, canola, 
corn, soy, and cover crops.12 The study collected SOC data in the upper 40 cm of the soil profile 
across three years of experimentation. The regression analysis comparing measured and 
modeled values showed an R2 of 0.7 and a RMSE of 5770 kg/ha, significant at p< 0.05 or below.  
 
Liu and Basso (2020) validated SALUS modeled yield and SOC changes against data from 
long-term trials at the Kellogg Biological Station in order to use SALUS to assess the impact of 
extended drought followed by heavy precipitation events on yield and SOC under different 
climate change and precipitation scenarios.13 Compared to measured data, SALUS’ yield 
predictions correlated significantly with observed grain yield for the maize-soy-wheat rotation 
under both conventional tillage and no-till. For SOC, the simulated changes under each of the 
treatments were comparable to the measured changes.  
 
Lastly, Martinez-Feria and Basso (2020) used SALUS to examine long-term SOC changes in 
switchgrass grown on marginal land under different climate scenarios, as well as changes in 
management such as increasing N fertilizer rate and decreasing harvest intensity.6 First, 
however, they evaluated SALUS performance for several crop and soil factors. They determined 
that modeled changes in SOC concentrations over five years reproduced measured values 
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reasonably well considering that there was a large variation in experimental measurements, with 
a Nash–Sutcliffe model efficiency coefficient of 0.24 and RMSE of 0.5 g/kg. 

2.3​ Able to Support Repetition of the Project Model Simulations 
SALUS is a deterministic model, meaning that provided the same input data it will simulate the 
same crop growth and change in SOC over time, and as such can support repetition of project 
model simulations. Furthermore, CIBO supports repetition of simulations by maintaining clear 
versioning and stable software support for SALUS. CIBO employs a semantic versioning 
process to manage changes to software modules in its system14. Changes to modules are 
compiled and tested on CIBO’s continuous integration server, stamped with a three part version 
number, and published to an internal artifact repository. The SALUS model is implemented in a 
software module called `salus-one` and the Model Validation Report (MVR) simulations were 
run using version 11.3.21.  
 
Section 3.2 of this MVR provides values and sources for parameters used in the soil carbon 
module of this version of SALUS. Crop and soil parameter values used within the validated 
version of the model have been provided as an attached spreadsheet (Appendix 8.1) to the 
Independent Modeling Expert (IME) and CAR, but have not been included in the public 
documentation of this MVR due to the proprietary nature of that information. 

2.4​ Validated per CAR SEP Model Requirements and Guidance 
To validate that SALUS is sufficiently accurate for use in monitoring SOC stocks under CAR 
SEP, CIBO followed the validation procedures outlined in SEP Model Requirements and 
Guidance v1.1a. Briefly, CIBO collected data from a series of peer-reviewed studies and 
benchmark datasets in which improved agricultural land management practices were introduced 
and changes to SOC stocks over time were monitored or ultimate differences in SOC stocks 
between treatments were measured. CIBO then used SALUS to simulate SOC stock changes 
based on management and location data from those same experiments and compared 
simulated results to measured results from said papers.  
 
This MVR provides the required information on applicability conditions, model calibration 
procedures and parameters sets, the validation dataset, and validation analyses as laid out in 
v1.1a of the CAR SEP Model Requirements and Guidance. This information and the results of 
the validation analyses demonstrate that SALUS meets the requirements for model validation.  
 
SEP Model Requirements and Guidance requires:  

1.​ mean model bias for predictions of SOC stock change under each practice category 
(PC) and crop functional group (CFG) combination in the project domain must be less 
than the pooled measurement uncertainty (PMU) for that same combination; and  

2.​ at least 90% of the observed values must fall within the 90% prediction intervals for the 
model to ensure that the 90% prediction interval has been appropriately set for all 
PC/CFG combinations.  
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As described in this report, SALUS satisfies both of these requirements (Table 2). For all 
PC/CFG combinations, mean model bias is less than the associated PMU. Additionally, 
approximately 90% of the measured values fall within the 90% prediction interval for all six 
PC/CFG combinations. Five of the six PC/CFG combinations meet or just exceed the 90% 
threshold, as do the soil disturbance PC as a whole, the cropping PC as a whole, and the entire 
dataset as a whole. The one combination that does not meet or surpass the 90% threshold is 
Cropping/C3 Annual Grass, for which one data point did not fall within the prediction interval 
resulting in 88% of observations contained within the 90% prediction interval. A near-90% result 
is nonetheless aligned with the expected result of setting the prediction interval at 90%, 
especially when considering the smaller validation dataset size for this PC/CFG combination 
and the non-normal distribution of errors. Section 7 provides further detail and justification. 
 

Table 2: Summary of SALUS Model Validation Analysis  

PC CFG Number 
of comp- 

arisons 

Mean 
model 

bias 
Mg CO2e 

/ac/yr 

PMU Standard 
Deviation 
of Model 

Error 
Mg CO2e 

/ac/yr 

RMSE 
Mg 

CO2e 
/ac/yr 

Prediction 
Interval 
Radius 

Mg CO2e 
/ac/yr 

% of 
Observations 

within 
Prediction 

Interval 

Max Soil 
Depth 

(cm) 

Soil 
disturbance 

C4 
Annual 
Grass 148 -0.1 4.26 0.54 0.55 0.89 91 30 

Soil 
disturbance 

Annual 
Legume 104 -0.1 4.28 0.52 0.53 0.85 90 30 

Soil 
disturbance 

C3 
Annual 
Grass 13 0.09 2.95 0.85 0.82 1.39 92 20 

Cropping 

C4 
Annual 
Grass 144 -0.05 5.61 0.42 0.42 0.69 91 30 

Cropping 
Annual 
Legume 136 -0.05 5.82 0.37 0.37 0.61 92 30 

Cropping 

C3 
Annual 
Grass 34 -0.08 3.2 0.67 0.66 1.1 88 25 

All 
Categories All Crops 298 -0.07 4.92 0.49 0.49 0.8 90 30 

Soil 
disturbance All Crops 153 -0.09 4.25 0.55 0.56 0.9 92 30 

Cropping All Crops 145 -0.05 5.62 0.41 0.42 0.67 91 30 
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3​ Model Calibration 
3.1​ Model Version 
The simulations run for the analyses in this Model Validation Report (MVR) used SALUS version 
11.3.21. As described above, CIBO maintains a formal versioning process to manage changes 
to software modules in its system. Changes to CIBO’s software modules can be characterized 
as either incidental (e.g., compiling against an updated version of an external library) or 
substantive (e.g., addition of a new crop, enhancements to a model subsystem). CIBO 
leverages automated testing via its continuous integration server to ensure that incidental 
changes do not introduce substantive changes to model results. Such testing includes running a 
known set of simulations and checking that SALUS produces the same results. 
  
CIBO has archived the data artifacts used in this MVR analysis, including all model input data in 
a format which would enable CIBO to re-run the simulations against the same version of the 
`salus-one` software module or against future versions of the same. 

3.2​ Model Calibration and Model Parameter Sets 
As described in Section 1, SALUS includes both crop growth and soil biogeochemical modules 
and uses conceptual pools to represent plant and soil organic matter and to simulate 
decomposition/stabilization dynamics under different agricultural management practices. SALUS 
represents these organic matter dynamics in a series of mathematical functions that are 
executed on a daily time step. SALUS is a deterministic model, meaning these functions are 
static and interlocking, and the same set of inputs will yield the same outputs every time. The 
rates and constants in these functions (the parameters) are constant across the project domain. 
For other models and in academic research on soil modeling, process-based soil carbon models 
are often calibrated for a specific context, often at the field scale. Site-specific calibration is not 
scalable nor broadly applicable across large regions, and the process can be labor intensive. 
When calibration is automated, parameter values may be unrealistic, and in some cases, every 
field may even have its own parameters. 
 
CIBO, on the other hand, does not employ site-specific calibration for SALUS. Instead, SALUS 
uses one realistic set of parameters for the expected range of inputs for the crops, management 
practices, soils, and climates present in the area of interest–the project domain. These 
parameter values are fixed and consistent across the entire project domain and are not adjusted 
for a specific climate zone, site, or field. The one exception is crop growth parameters, which 
are specific to crop maturity groups that do vary across the project domain.a1  
 
Thus, no project-specific calibration procedure occurred as part of the model validation analysis 
included in this report. Instead, this section describes the sources of the soil parameters SALUS 

1 a The list of key parameters for each crop maturity group in the project domain are included in an 
attached spreadsheet (Appendix 8.1) provided to the IME and VVB but not made publicly available to 
protect proprietary commercial information. 
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uses, which are largely drawn from previous academic research using the SALUS model. The 
key parameter sources include incubation studies and lab research led by Dr. Eldor Paul in the 
1990s and early 2000s, as well as efforts by Daroub et al. to model soil phosphorus dynamics 
using the CERES and CROPGO models in 2003 and research using SALUS related to biofuels 
led by Martinez-Feria and Basso (2020). See Table 3 for a summary of soil parameters and their 
sources. 
 
Key parameters derived from research by Paul et al. 1999, Paul et al. 2001, and Paul et al. 
2015 include relative partitioning of SOC content into active, slow, and resistant pools, as well 
as carbon content of crop vegetative components and roots.15–17 Paul et al. 1999 used long-term 
incubations of soils from the Kellogg Biological Station in Michigan and field data to relate field 
CO2 production to soil carbon pools and fluxes determined by lab incubation of soils; Paul et al. 
2001 used carbon dating and acid hydrolysis of soils collected from a transect of agricultural 
soils across the Midwestern United States to determine the typical non-hydrolyzable fraction in 
the soil, which equates to the resistant pool. Lastly, Paul et al. 2015 synthesized and interpreted 
data from a range of sources, predominantly long-term incubation studies and laboratory-based 
research, to distinguish the active, slow, and resistant SOM fractions. While some of these 
studies collected soils at sites that are represented in the model validation dataset used in this 
analysis, namely the Kellogg Biological Station (KBS), the datasets collected for the incubation 
studies do not overlap with the KBS research datasets incorporated in the validation dataset. 
These lab-based studies and datasets did not assess the impact of agricultural management 
practice change on field SOC stocks over time and would not have passed the dataset filters 
CIBO used to identify appropriate research for the validation dataset, described in Section 5.  
 
Likewise, several soil parameters were based on the SALUS calibration done by Martinez-Feria 
and Basso (2020): mean residence time of surface and soil FOM and SOM pools, the fraction 
carbon respired during decomposition of soil FOM and SOM pools, and the maximum rate of 
transfer of mulch carbon to soil.6 Martinez-Feria and Basso 2020 used data from nine long-term 
biofuel experiments in the Great Lakes region of the United States to calibrate SALUS in order 
to predict long-term changes in SOC under switchgrass grown on marginal land under future 
climate scenarios. Data was sourced from experiments in Michigan and Wisconsin participating 
in the Great Lakes Bioenergy Research Center network of sites, as well as an experiment in 
Indiana conducted in the Water Quality Field Station at Purdue University Agronomy Center for 
Research and Education. All of these experiment sites grew switchgrass–not corn, soy, rye, or 
wheat. Thus, the data underlying SALUS calibration by Martinez-Feria and Basso 2020 would 
not have met CIBO’s search criteria for qualifying validation dataset sources and thus do not 
overlap with the validation dataset. 
 
The decomposition rate of the active, slow, and resistant SOM pools in SALUS vary with soil 
temperature, soil moisture, clay content, depth within the soil profile, and tillage. Warmer 
temperatures and higher soil moisture accelerate microbial activity up to a point and thus tend to 
increase the rate of decomposition, whereas SOM turnover in soils with high clay content or at 
increasing soil depths beyond 15 cm is modeled with slower decomposition rates. SALUS also 
simulates the impact of tillage on decomposition rates immediately after and in the time 
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following a tillage event. SALUS determines the magnitude of effect these environmental 
conditions have on decomposition rates using functions that relate the given environmental 
condition (e.g. soil temperature in °C, soil moisture in cm3/cm3, % clay content, and layer depth 
in cm) to a scaled decomposition factor. Functions for each environmental variable have been 
provided to the IME. Parameters related to soil temperature, moisture, texture, depth, and tillage 
were not calibrated for this report or explicitly within SALUS but instead were adapted from 
parameters developed, implemented, and tested in other soil biogeochemical models. Below we 
provide detail on how these various functions were developed.  
 
The temperature function used by SALUS evolved from its parent model, DSSAT-CENTURY, 
with a modification to follow the original CENTURY relationship between temperature and 
decomposition for temperatures above 30 °C.18–20 Across all pools, decomposition rates 
increase with temperature until soil temperature reaches 30 °C, at which point it decreases. 
Likewise, SALUS models the impact of soil texture based on a relationship between clay 
content and decomposition rates using an approach similar to that of DSSAT-CENTURY.18 The 
relationship between decomposition and volumetric soil moisture is derived from the work of 
Godwin and Singh (1998) for the DSSAT-CERES crop models.21 SALUS’ depth factor is built on 
the model development work Koven et al (2013) undertook for the Community Land Model, 
which was built on the research of Jenkinson and Coleman (2008) to modify a version of the 
RothC soil carbon model using data from the Rothamsted Research experiments in the United 
Kingdom, as well as grasslands in Russia and California.22,23 The tillage model used by SALUS 
is based on the CERES-Till model developed by Dadoun (1993) on the influence of tillage on 
soil physical (e.g. changes in bulk density and saturated hydraulic conductivity following a tillage 
event) and chemical properties (e.g. mixing of organic matter and nutrients across soil layers) 
affecting plant development and growth.24 CERES-Till was adapted for the DSSAT-CROPGRO 
models (Andales et al. 2000) and SALUS models (Basso et al. 2006).7,25  
 
Data used in the development of SALUS’s predecessors to determine the relationships between 
decomposition and environmental factors often came from global datasets or laboratory-based 
incubation studies, or studies not directly related to soil organic carbon. For example, Lloyd and 
Taylor (1994) compiled studies from around the world and across ecosystems to develop the 
relationship between temperature and decomposition that underpins DSSAT-CENTURY,19 while  
Linn and Doran (1984) derived results from incubated Nebraskan soils that informed Godwin 
and Singh (1998).21,26 The data used to parameterize SALUS’ decomposition factors do not 
overlap with the studies or data used herein for model validation.  
 
All factors except temperature are scaled from 0 to 1, with values towards zero decreasing the 
potential decomposition rate and values towards 1 having little effect. For temperature, the 
factor value can be greater than 1, representing an increase in the potential decomposition rate. 
The temperature and soil moisture factors are calculated each day from the simulated soil 
temperature or soil moisture for each layer. The values for each factor are combined and 
multiplied by the potential decomposition rate to determine the actual decomposition rate. 
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Lastly, the version of SALUS validated herein includes in its code base parameters for 
phosphorus that, although part of the model, are not and will not be used for modeling of soil 
organic carbon stock changes under CAR SEP. SALUS is run with the phosphorus balance 
turned off, representing an assumption that there is no phosphorus limitation or deficiency in the 
validation datasets nor in the project’s baseline or project scenario. However, these phosphorus 
parameters have been included in this Model Validation Report and Table 3 for transparency. 
Soil parameters related to phosphorus (the C:P ratio of the three SOM pools) stem from 
phosphorus dynamics characterized by Daroub et al. (2003), which developed a soil-plant 
phosphorus simulation model for phosphorus-limited soils.27 The authors used experimental 
data from Syria, Colombia, and Tanzania to calibrate and test the phosphorus model 
parameters and performance. Since these datasets were all located outside of the United 
States, none of them overlap with the validation dataset used to validate SALUS.  
 
Table 3: SALUS Soil Parameters and Sources 

Parameter Definition Unit Source 

Surface FOM  

SloFOMAb Potential decomposition rate of 
slow aboveground FOM pools 1/day Martinez‐Feria and 

Basso 2020 

Int_FOM_Above_k_Modifier 
Ratio of potential decomposition 
rates of intermediate to slow 
aboveground FOM pools 

dimensio
nless Martinez‐Feria and 

Basso 2020 

Rap_FOM_Above_k_Modifi
er 

Ratio of potential decomposition 
rates of rapid to slow 
aboveground FOM pools 

dimensio
nless Martinez‐Feria and 

Basso 2020 

k_Mulch_2_Soil 
Maximum rate of transfer of 
mulch C to the mineral soil top 
layer 

1/day Martinez‐Feria and 
Basso 2020 

Soil FOM  

SloFOMBl Potential decomposition rate of 
slow belowground FOM pools 1/day Martinez‐Feria and 

Basso 2020 

Int_FOM_Below_k_Modifier 
Ratio of potential decomposition 
rates of intermediate to slow 
belowground FOM pools 

dimensio
nless Martinez‐Feria and 

Basso 2020 

Rap_FOM_Below_k_Modifi
er 

Ratio of potential decomposition 
rates of rapid to slow 
belowground FOM pools 

dimensio
nless Martinez‐Feria and 

Basso 2020 

f_Rapid_FOM_2_CO2, 
f_Inter_FOM_2_CO2, 
f_Slow_FOM_2_CO2 

Fraction of C respired during the 
decomposition of rapid, 
intermediate 
and slow FOM pools, respectively 

g/g Martinez‐Feria and 
Basso 2020 

SOM  
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N2C_Act_Org Inverse of C to N ratio of active 
organic matter pool 

dimensio
nless Paul et al. 2015 

N2C_Slo_Org Inverse of C to N ratio of slow 
organic matter pool 

dimensio
nless Paul et al. 2015 

N2C_Res_Org Inverse of C to N ratio of resistant 
organic matter pool 

dimensio
nless Paul et al. 2015 

P2C_Act_Org Inverse of C to P ratio of active 
organic matter pool 

dimensio
nless Daroub et al. 2003 

P2C_Slo_Org Inverse of C to P ratio of slow 
organic matter pool 

dimensio
nless Daroub et al. 2003 

P2C_Res_Org Inverse of C to P ratio of resistant 
organic matter pool 

dimensio
nless Daroub et al. 2003 

Fraction_Res_Org_in_Tot_
Org_C 

Fraction of initial total soil organic 
C allocated to the resistant pool 

dimensio
nless Paul et al. 2015 

Fraction_Act_Org_in_Tot_O
rg_C** 

Fraction of initial total soil organic 
C allocated to the active pool 

dimensio
nless Paul et al. 2015 

k_Act_Org Potential decomposition rate of 
active SOM pools 1/day Martinez‐Feria and 

Basso 2020 

k_Slo_Org Potential decomposition rate of 
slow SOM pools 1/day Martinez‐Feria and 

Basso 2020 

k_Res_Org Potential decomposition rate of 
resistant SOM pools 1/day Martinez‐Feria and 

Basso 2020 

f_Act_Org_2_CO2, 
f_Slo_Org_2_CO2 

Fraction of C respired during the 
decomposition of active and slow 
SOM pools 

g/g Martinez‐Feria and 
Basso 2020 

SOM = Soil Organic Matter 
FOM = Fresh Organic Matter 
**Parameter value is dependent on input data for soil texture. 

 
In the SALUS crop-growth module, crop growth is modeled using either a “simple” or “complex” 
approach. Soy and rye are modeled using the simple approach, while corn and wheat are 
modeled using the complex approach. The simple growth model uses a base set of parameters 
across all plant growth/reproductive phases, while the complex model applies additional 
parameters at different phases. CIBO has provided these base parameters for all crops in the 
project domain to the IME as a separate document (Appendix 8.1). 
 
Crop parameters consist of both species parameters (i.e. attributes of the plant species that do 
not vary across cultivars, such as the carbon content of aboveground vegetative tissues) and 
cultivar-specific parameters (such as potential kernel number per ear of corn). In the research 
context, cultivar-specific parameters are often calibrated to represent the specific cultivars 
grown in a given experiment. However, similar to the soil parameters, CIBO does not undertake 
site-level calibration for cultivar-specific parameters, and no calibration procedures were 
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performed for crop parameters as part of this validation analysis. Instead, CIBO used existing 
datasets from seed manufacturers and field-collected crop data to develop parameter sets for 
different maturity groups that represent a range of crop genetics and could be applicable at a 
broad scale. This approach overcomes the burden of repeated model calibration, reduces the 
risk of overfitting, and facilitates scalability.  
 
The most applicable corn relative maturity group and soy maturity group number is then 
determined based on the county in which the simulated field is located. Corn relative maturity 
(RM) and soy maturity groups (MG) are established concepts that relate abiotic growing 
conditions, such as temperature and day length, to crop growth and time to maturity. For corn, a 
given RM number roughly corresponds to the number of growing days, and is approximately in 
the range of 84-121. Soy MG is related to day length and the duration of darkness, which 
influence soy flowering and maturity time, and ranges from about 0.3 - 7.6.  In SALUS, corn 
relative maturity sets the values of cultivar-specific parameters that determine the amount of 
thermal time required to complete the juvenile and linear grain filling phases. For soy, maturity 
group number determines the total seasonal thermal time required to reach maturity.  
 
Furthermore, CIBO also used a second dataset consisting of field measurements of biomass, 
yield, and plant growth to calibrate an average hybrid for the United States. This average hybrid 
was then used to produce parameter values for, for example, the potential kernel number per 
ear  and optimum kernel filling rate.  
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4​ Defining the Project Domain  
4.1​ Practice Categories  
The following practice categories are validated through the procedures outlined in CAR SEP 
Model Requirements and Guidance and described in this report: 1) Soil Disturbance and/or 
Residue Management (referred to as “soil disturbance” henceforth) and 2) Cropping Practices, 
Planting, and Harvesting (referred to as “cropping” henceforth). Within these practice 
categories, the practice effects requiring evaluation include changes to tillage frequency and 
intensity, residue removal, and the diversity of crops grown, as well as introduction of winter 
cover, summarized in Table 4. 
 

Table 4: Summary of Practice Categories in the Project Domain 

Practice Category Requiring Evaluation Associated Practice Interventions 

Soil Disturbance and/or Residue 
Management  

●​ Tillage frequency, intensity 
●​ No-till 
●​ Rates of residue removal 

Cropping Practices, Planting, and Harvesting ●​ Diversity of crops grown (i.e. improved 
crop rotations) 

●​ Introduction of winter cover crops 

4.2​ Project Domain 
4.2.1​ Crop Functional Groups  
For both declared practice categories, the crop functional groups are: C4 Annual Grass, Annual 
Legume, and C3 Annual Grass. These crop functional groups were selected based on the 
modeling capabilities of SALUS, as well as a combination of crop attributes distinct to each 
group, as directed by Modeling Requirements and Guidance and summarized in Table 5. 
 

Table 5: Summary of Crop Functional Groups in the Project Domain 

Crop Functional 
Group 

Crops Included Justification for Grouping per Modeling 
Requirements and Guidance specifications 

C4 Annual Grass  Corn Characterized by the following: 
-​ Family Poaceae 
-​ Not N-fixing  
-​ Annuals 
-​ C4 photosynthetic pathway 
-​ Herbaceous growth form 
-​ Not Flooded 

Annual Legume Soy 
Clover 

Characterized by the following: 
-​ Family Fabaceae 
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Vetch -​ Leguminous, N-fixing plants 
-​ Annuals, or grown as annuals 
-​ C3 photosynthetic pathway 
-​ Herbaceous growth form 
-​ Not Flooded 

C3 Annual Grass Rye 
Wheat 
Oats 
Barley 

Characterized by the following: 
-​ Family Poaceae 
-​ Not N-fixing 
-​ Annuals 
-​ C3 photosynthetic pathway 
-​ Herbaceous growth form 
-​ Not Flooded 

 
Thus, the list below represents the combinations of practice categories (PCs) and crop 
functional groups (CFGs) occurring in the project domain: 

●​ Soil Disturbance / C4 Annual Grass 

●​ Soil Disturbance / Annual Legume 

●​ Soil Disturbance / C3 Annual Grass 

●​ Cropping / C4 Annual Grass 

●​ Cropping / Annual Legume 

●​ Cropping / C3 Annual Grass 

4.2.2​ Climate Zones in Project Domain 
CIBO’s Validation Report uses climate zones as defined in the 2019 Refinements to the 2006 
IPCC Guidelines for National Greenhouse Gas Inventories to establish the project domain.28 
The project domain includes the following climate zones Cool Temperate Moist, Cool Temperate 
Dry, Warm Temperate Moist, and Warm Temperate Dry. Of these climate zones, Cool Temperate 
Moist comprises the largest portion of the project area (~45%). Warm Temperate Moist follows, 
covering ~37% of the project area. About 12% is Cool Temperate Dry, and ~6% is Warm 
Temperate Dry.  
 
The climate zones in the project domain overlap with the following Land Resource Regions, with 
the Central Feed Grains and Livestock Region being the most dominant: 

F - Northern Great Plains Spring Wheat Region 
G - Western Great Plains Range and Irrigated Region 
H - Central Great Plains Winter Wheat and Range 
K - Northern Lake States Forest and Forage Region 
L - Lake States Fruit, Truck Crop, and Dairy Region 
M - Central Feed Grains and Livestock Region 
N - East and Central Farming and Forest Region 
O - Mississippi Cotton and Feed Grains Region 
R - Northeastern Forage and Forest Region 
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SEP Model Requirements and Guidance allows projects to define both Land Resource Regions 
and IPCC climate zones so that peer-reviewed datasets from outside the U.S. can be included 
in the validation dataset where appropriate. Although this MVR is based more on climate zones 
than Land Resource Regions, the end purpose of declaring the project domain–to ensure that 
the validation dataset is representative of the variability that may be present in a project in order 
to test for generalized model performance–is still achieved.  
 

 
Figure 2: Climate Zones Represented in the Project Domain 

4.2.3​ Soil Texture Classes and Clay Content in Project Domain 
The project domain incorporates the same soil texture classes and associated clay contents for 
each PC/CFG combination. Soil texture classes represented in the project domain were 
determined using US Department of Agriculture Natural Resources Conservation Service Soil 
Survey Geographic Database (SSURGO) data. For each map unit in the project domain, the 
corresponding soil texture classes were identified. Given the geographic extent of the project, 
the project domain encompasses the full spectrum of soil textures. Since SSURGO soil texture 
data are categorized by soil texture subclass, they have been grouped by NRCS soil texture 
class to better align with soil texture classes in the Groundwater Loading Effects of Agricultural 
Management (GLEAMS) model, which CAR SEP Model Requirements and Guidance 
designates as the source for determining associated clay contents (see CAR SEP Model 
Requirements and Guidance v1.1a footnote 5). Represented soil texture classes and associated 
clay content are summarized in Table 6. Since some soil texture classes are not represented in 
the GLEAMS model, associated clay content has been determined from the NRCS definitions of 
each soil texture class as well. 
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Table 6: Soil Textures and Clay Contents in the Project Domain 

SSURGO Soil 
Texture Subclass 

NRCS Soil 
Texture 
Classesb2 

Soil Texture 
Classes Simulated 
in GLEAMSc3 

Associated 
Clay Content 
In GLEAMS 

Associated Clay 
Content by 
NRCS Texture 
Definitions 

Coarse sand 

Sands Sand 5% <10% 
Sand 

Fine sand 

Very fine sand 

Loamy coarse sand 

Loamy sand Loamy fine sand 6% <15% 
Loamy sand 

Loamy fine sand 

Loamy very fine sand 

Coarse sandy loam 

Sandy loam Fine sandy loam 15% 7-20% 
Sandy loam 

Fine sandy loam 

Very fine sandy loam 

Loam Loam Loam 20% 7-27% 
Silt Silt - - <12% 

Silt loam Silt Loam Silt loam < 15% clay 
Silt loam > 15% clay 

10% 
20% 12-27% 

Sandy clay loam Sandy Clay 
Loam Sandy clay loam 30% 20-35% 

Clay loam Clay Loam Clay loam 35% 27-40% 

Silty clay loam Silty Clay 
Loam Silty clay loam 37% 27-40% 

Sandy clay Sandy Clay - - 35-55% 
Silty clay Silty Clay Silty clay 45% 40-60% 

Clay Clay Clay < 70% clay 
Clay > 70% clay 

50% 
75% >40% 

 

3 c As directed in CAR SEP Model Requirements and Guidance, the associated clay content for each soil 
texture was pulled from Table A-1 of the Description of the National Pesticide Loss Database, which uses 
GLEAMS: https://www.nrcs.usda.gov/wps/portal/nrcs/detail/soils/survey/?cid=nrcs143_014055  

2 b https://www.nrcs.usda.gov/wps/portal/nrcs/detail/soils/ref/?cid=nrcs142p2_054253#soil_texture  
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4.2.4​ Validated combinations of Practice Categories, Crop Functional Groups, 
and Emissions Sources 

SALUS is being validated here for modeling and monitoring changes in SOC stocks. Since SOC 
stocks are the only emissions source requiring validation, the combinations of practice 
category/crop functional group/emissions sources to be validated are: 

●​ Soil Disturbance / C4 Annual Grass / SOC 

●​ Soil Disturbance / Annual Legume / SOC 

●​ Soil Disturbance / C3 Annual Grass / SOC 

●​ Cropping / C4 Annual Grass / SOC 

●​ Cropping / Annual Legume / SOC 

●​ Cropping / C3 Annual Grass / SOC  
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5​ Validation Dataset 
5.1​ Information From Validation Datasets Required to Run SALUS 
Studies must have provided the following data in order to initialize and run SALUS: 

●​ Location/geographic coordinates 
●​ The start and end years of the experiment 
●​ Crop species for both cash crop and winter cover crop (if applicable) 
●​ Study Treatments: 

○​ Tillage: Whether the field was tilled or under no-till, as well as the types and 
timing of tillage events for each tillage treatment. 

○​ Residue removal: The fraction of residue removed for each crop within each 
treatment 

○​ Crop rotation: The crop rotation itself, along with which crop was grown in the first 
year of the experiment and if any fields experienced a slightly different crop 
rotation that was similar but not identical to the other fields. 

○​ Winter cover: Whether winter cover was grown on the field and, if so, the identity 
of the winter cover crop(s). 

 
SALUS requires other inputs to conduct a model run; however, this information could be 
determined using ‘smart defaults’ in SALUS if they were not provided by the study. SALUS 
incorporates a set of models that choose the best default value for all required SALUS inputs in 
the case that a measured value is not available. These proprietary models of management 
practices are based on a combination of governmental data, remote sensing, extension and 
agronomist recommendations, peer-reviewed literature, and may vary by crop, location, and/or 
year. SALUS was provided information from studies for the inputs in Table 7 when available, 
and smart defaults were used if this information was missing from a study. 
 

Table 7: SALUS Inputs with Smart Defaults Available 

Input 
Category 

Input Methods for Determining Input Information 

Planting Planting date If the exact planting date was not available, the paper or 
dataset methods were consulted for an approximate 
planting date, such as “early May” or “the first week of 
June” to provide SALUS with an estimate of planting 
date. If the study provided a planting month but not a 
date or week, then the 15th of the month was used.  

Seeding rate If the seeding rate was not provided by the study, a 
smart default was used. 

Planting 
population 

If the planting population was not described and could 
not be calculated from the methods and information 
provided for a study, a smart default was used. 
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Planting row 
spacing 

If row spacing was not provided in the study’s methods 
or other materials, a smart default was used.  

Harvest Harvest date If the exact harvest date was not available, the paper or 
dataset methods were consulted for an approximate 
harvest date, such as “early August” or “the first week of 
September” to provide SALUS with an estimate of 
harvest date. If the study provided a harvest month but 
not a date or week, then the 15th of the month was used. 

Percent of 
residues 
removed 

Residue removal was assumed to be zero unless 
otherwise specified in the study. 
 

Winter cover crop 
termination date 
 

If the exact termination date was not available, the paper 
or dataset methods were consulted for an approximate 
termination date, such as “early April” or “the first week 
of May” to provide SALUS with an estimate of the 
termination date. If the study provided a termination 
month but not a date or week, then the 15th of the month 
was used. 

Tillage Tillage type Tillage type or implement was almost always provided in 
the study’s description of materials or methods. If a 
general term was used, such as “conventional tillage,” 
then a smart default was used. 

Tillage event 
timing (days 
before planting or 
after harvest) 

If the study provided the tillage date, this value was 
used. If the value was not reported, a value of “1” was 
used, representing an assumption that the tillage event 
occurred 1 day before the planting date or 1 day after 
harvest. 

Tillage depth Tillage depth was often provided in the study’s 
description of materials or methods. If the information 
was not available, then a smart default was used. 

Fertilizer Fertilizer 
application 
date(s) 

Dates were used as described in the study. 
If the information was not available, then smart defaults 
were used. 

Type of fertilizer 
treatment 
(chemical 
formulation of 
fertilizer) 

This information could be provided as either the specific 
main chemical component of nitrogen or the chemical 
formula. When no fertilizer type was specified, a smart 
default was used. 

Amount of N 
applied in 
fertilizer 

Fertilizer N was used as described in the study. If the 
values were not in units of kg/ha, they were converted. If 
no value was provided, a smart default was used. 
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Irrigation Irrigation timing The field was assumed to be not irrigated unless 
irrigation information was specified in the methods. 

Irrigation amount 

 
When data on initial SOC content were available from the validation datasets, SALUS was 
initialized using measured initial SOC. However, data from studies on initial soil conditions are 
not necessary to run SALUS. In cases of no or limited soil data, SALUS was initialized using soil 
data from SSURGO at the experiment location to establish soil texture and bulk density. As 
described in Section 5.3, when initial SOC content was not available from the validation 
datasets, initial SOC content was assumed to be the same for both the baseline and project 
scenario treatments represented in the experiment and set to zero. 

5.2​ Description of the Validation Dataset 
5.2.1​ Methods used to compile dataset 
CIBO identified relevant datasets for validating SALUS by searching both peer-reviewed 
literature databases and identifying benchmark research datasets. In both cases, CIBO followed 
the same filtering approach. First, it conducted a broad search for potential data sources. 
Second, it passed these potential datasets through an initial screening process to filter out 
clearly unusable sources. Third, it implemented a more stringent filter based on SALUS’ input 
requirements and CAR SEP Model Requirements and Guidance specifications as each paper 
was reviewed in depth. Lastly, CIBO conducted a comprehensive search to identify papers 
associated with the included benchmark datasets and vice versa to ensure all data and methods 
relevant to the given experiments were collected and that no datasets were duplicated by 
multiple studies or databases. Once a final collection of datasets and papers had been 
identified, CIBO tabulated and converted all data to a standardized format that could be used as 
inputs for SALUS simulations. 
 
1a) Identifying Peer-Reviewed Literature 
CIBO followed the Preferred Reporting Items for Systematic Reviews and Meta-Analyses 
(PRISMA) best practices to conduct and document its literature search. PRISMA requires 
several aspects of the information sources, search strategies, and recordkeeping procedures be 
clearly documented to ensure that the search is systematic, unbiased, and transparent.  
 
CIBO used the Scopus database as its primary information source. Scopus contains tens of 
thousands of citations and abstracts for peer-reviewed literature in the life sciences, social 
sciences, physical sciences, and health sciences. CIBO ran a comprehensive literature search 
on September 14, 2020, and reran the search on September 26, 2021, using the following 
search terms: 

●​ ( TITLE ( soil )  AND  ABS ( soil  AND  organic  AND  carbon )  AND  ABS ( measure )  
AND  AFFILCOUNTRY ( united  AND states ) )  

●​ ( KEY ( "soil organic matter"  OR  "soil organic carbon"  OR  "soil c" )  AND  KEY ( 
agricult* )  AND  KEY ( "cover"  OR  "tillage" ) )  AND  ( LIMIT-TO ( AFFILCOUNTRY ,  
"United States" ) )  AND  ( LIMIT-TO ( DOCTYPE ,  "ar" ) ) 
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●​ ( TITLE ( soil )  AND  ABS ( tillage  OR  crop  rotation  OR  cover  crops )  AND  ABS ( 
soil organic carbon ) )  

 
The Scopus search yielded 1,675 papers with titles related to measuring soil organic carbon, 
and a subsequent process removed all papers from authors who were not affiliated with the 
United States, leaving 325 records for screening and filtering.  
 
1b) Screening Peer-Reviewed Literature 
The initial screening process removed all sources that were clearly and definitively not 
appropriate for model validation. CIBO screened out such papers using the following exclusions: 

●​ Excluded studies conducted in all other countries outside the United States. 
●​ Excluded conference papers and book chapters, as well as meta-analyses, review 

papers, and modeling papers, to identify only experimental papers with original data. 
●​ Excluded subject areas not directly related to agronomy: immunology and microbiology, 

chemistry, medicine, social sciences, physics and astronomy, computer science, and 
mathematics.  

●​ Excluded papers about wetlands, forests, and natural areas to isolate those specifically 
about cropland. 

●​ Excluded papers not written in English. 
 

This screening process yielded 276 papers for in-depth review and subsequent filtering based 
on the requirements for model verification laid out in CAR SEP Model Requirements and 
Guidance and the input requirements to run SALUS. The filters applied to ensure applicability 
under CAR SEP Model Requirements and Guidance verification procedures and the project 
domain were as follows: 

●​ Does the source have only cash crops comprising corn, soy, and/or winter wheat? 

●​ If the source has winter cover, was it rye and/or winter wheat? 

●​ Are there at least two levels within at least one treatment of “winter cover,” “main crop 
rotation,” “tillage,” or “residue”?  

●​ Does the experiment last at least 4 years? 

●​ Is soil organic carbon reported as SOC kg/ha, SOC kg/m3, SOC %, or OM%? 

●​ Does the data measure carbon in the soil? Papers that measured only CO2 flux from the 
soil were excluded. 

 
In order to meet SALUS input requirements and validate SALUS against studies that isolate the 
impacts of the additional project activities expected to generate changes to soil organic carbon, 
CIBO also excluded treatment levels that: 

●​ Included grazing. 
●​ Included the use of manure. 
●​ Included partial irrigation (i.e. not fully irrigated and not unirrigated). 
●​ Started before 1980. SALUS uses a weather dataset that does not pre-date 1980. 

 
CIBO did not search other literature databases besides Scopus. However, CIBO reviewed the 
references of papers that passed through the screening and filtering processes to identify 
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additional independent sources that could be used. These papers were likewise screened for 
applicability. CIBO also used the citations and supplementary data from relevant papers to 
identify raw datasets or other peer-reviewed papers that could provide additional information 
about the study, site, and/or data collection procedures. In such cases, CIBO examined the 
sources to ensure that it tabulated as much data as possible, with no duplication of data. 
 
2a) Identifying Benchmark Datasets 
Experimental studies do not always yield peer-reviewed publications and not all data from a 
study are always included in related publications. Furthermore, although publications have gone 
through a peer-review process, complete data and metadata for a study are not necessarily 
provided with a publication. To compile the most comprehensive validation dataset possible, 
CIBO also sought out high quality research datasets that met criteria outlined above.  
 
CIBO initiated its search process using an inventory of soil datasets compiled by the National 
Academy of Sciences for a workshop entitled “Exploring a Dynamic Soil Information System” 
held March 2-4, 2021. The soil inventory identified the following information sources: 

●​ Long-Term Ecological Research (LTER) Network 

●​ National Ecological Observatory Network (NEON) 
●​ Global Long-Term Agricultural Experiment  Network (GLTEN) 
●​ Agricultural Collaborative Research Outcomes System (AgCROS) - a network consisting 

of several data sources: 
○​ Greenhouse gas Reduction through Agricultural Carbon Enhancement Network 

(GRACEnet) 
○​ Long-Term Agroecosystem Research (LTAR) 
○​ Resilient Economic Agricultural Practices (REAP) 
○​ Nutrient Uptake and Outcome Network (NUOnet) 
○​ Dairy Agriculture for People and the Planet (DAPP) 
○​ Soil Health Assessment Network (SHAnet) 

 
While reviewing the peer-reviewed literature included in the Validation Dataset, CIBO also 
discovered the Sustainable Corn Cropping Systems Coordinated Agricultural Project 
(Sustainable Corn CAP). CIBO evaluated Sustainable Corn CAP for other suitable datasets as 
well. 
 
2b) Screening Benchmark Datasets 
CIBO screened and filtered the research datasets using the same criteria as applied to 
peer-reviewed studies based on verification procedures, the project domain, and SALUS 
requirements, described above. The screening and filtering results for each research dataset 
source are summarized below. 
 

●​ The LTER network consists of 28 sites. Only 1 site has agriculture datasets: Kellogg 
Biological Station LTER (KBS). CIBO retrieved and used 2 datasets from the KBS data 
catalog that have soil carbon measurements: Main Cropping System Experiment and the 
Living Field Lab. Other agronomic datasets from KBS either included crops and 

27 



practices outside the scope of this validation or did not include differences within a 
practice group. 

●​ NEON consists of 47 sites. Only 4 sites have “cultivated crops” as a biome type: KONA, 
LAJA, STER, and SERC. All of them have only a single measurement of SOC, with no 
treatment information. All data was rejected for inclusion. 

●​ The GLTEN has 117 sites worldwide. Only 3 sites are in the United States: Cullars 
Rotation, Kellogg Biological Station, and Sanborn Field. Cullars Rotation was rejected 
due to using cotton. Sanborn Field was rejected for using manure. Kellogg Biological 
Station was rejected since it is a duplicate of the LTER site.  

●​ AgCROS consists of 54 sites. Each site’s dataset was evaluated against CIBO’s filters 
for acceptance. In total, 8 datasets passed CIBO’s filters and were accepted: 
NELITCSE, NEMEIRR, NEMERREM, INWLREAP, IAAM7071, IAAMBRUN, PAUP, and 
SDBRREAP. 

●​ Sustainable Corn CAP consists of 20 sites. Each site’s dataset was evaluated against 
CIBO’s filters for acceptance. In total, datasets from 16 of the sites were initially 
accepted: ARL, BRADFORD, FREEMAN, GILMORE, ISUAG, HOYTVILLE, KELLOGG, 
LAN, MAR, MASON, NWREC, ORR, SEPAC, SERF, WATERMAN, and WOOSTER. 

 
In total, CIBO identified 25 experimental datasets that met the initial criteria for tabulation and 
analysis. Once qualifying datasets were identified, CIBO determined which datasets were 
already represented in the qualifying peer-reviewed literature to avoid duplicates and ensure 
that each study’s methods and results could be tallied in the subsequent tabulation step using 
all relevant sources. Additionally, CIBO searched for any peer-reviewed literature that might not 
have been identified in the initial comprehensive search specifically related to qualifying 
experimental datasets that had not been linked to peer-review papers already. The goal of this 
effort was to gather as much information as possible about site-specific experimental 
implementation and to tabulate all available observational data to ensure all reliable data was 
included in the validation dataset. 
 
The Sustainable Corn CAP datasets in particular were missing associations with peer-reviewed 
literature, and CAP data presented various indications of quality issues, such as values for bulk 
density or change in SOC content for some plots that would be beyond what is possible, 
suggesting problems with methods or sampling design. To identify relevant papers for these 
datasets, CIBO first consulted the list of publications provided by the end-of-project reports.29,30 
Second, CIBO searched for papers that were written after the end-of-project report by 
determining which academic institution and principle investigators (PI) were affiliated with the 
experimental site locations, then implementing a Google Scholar search for each PI from 2015 
onwards. From the search results, CIBO identified relevant papers for each site. Finally, 
candidate papers were put through CIBO’s filters above. 
 
This search identified a paper by Necpálová et al. 2014, which estimated the minimal detectable 
difference in SOC for the Sustainable Corn CAP project, depending on whether an experiment 
used 5, 10, or 15 replicates.31 Necpálová et al. 2014 also estimated the duration of time needed 
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to detect those differences. The authors calculated that even in the most homogenous sites, at 
least 8 years were needed to detect a difference in SOC with 5 replicates. These findings 
aligned with the results from two identified peer-reviewed papers associated with CAP datasets 
(Beehler et al 2017 and Rorick and Kladivko 2017), which described that there were no 
significant differences in SOC between treatments.32,33 Furthermore, the CAP end-of-project 
report stated that changes in SOC content were slow to become evident in the short time frame 
of the project (2011-2015). Since the project only lasted four years and all qualifying CAP 
experimental datasets used six or fewer replicates, CIBO determined that CAP datasets 
specifically must pass an additional filter requiring that the dataset only be used if it is included 
in a supporting peer-reviewed publication substantiating the statistical significance of the data. 
 
As a result of evaluating CAP datasets against additional screening criteria, CIBO removed the 
following CAP datasets from the validation datasets due to an inability to pass CIBO’s general 
filters, issues with data quality, and/or a lack of statistical significance (see Table 8): 
BRADFORD, FREEMAN, HOYTVILLE, WOOSTER, MASON, KELLOGG, SEPAC, NWREC, 
and ORR. This final filter removed 9 CAP datasets, leaving 7 datasets reported in 3 studies.  
 

Table 8: Description of Excluded Sustainable Corn CAP Study Sites and Reasoning for 
Exclusion 

Site and PI Related Publications Reason for Exclusion 

BRADFORD 
Bradford Research and 
Extension Center  
 
University of Missouri 
PI Peter Scharf 

None found Papers by the PI focus on 
nitrogen dynamics; no 
papers on SOC found.  

FREEMAN 
Freeman Farm 
 
​​Lincoln University 
PI Nsalambi Nkongolo 

Haruna, S.I. and N.V. Nkongolo. 2015. 
Effects of tillage, rotation and cover crop on 
the physical properties of a silt-loam soil. 
International Agrophysics. 29(2):137-154. 

No analysis of SOC. 

Haruna, S.I., S. Anderson and N.V. 
Nkongolo. 2016. Soil hydraulic properties: 
Influence of tillage and cover crop. 
Pedosphere. 

No analysis of SOC. 

Panday D. and N.V. Nkongolo. 2016. 
Comparison of models for predicting pore 
space indices and their relationships with 
CO2 and N2O fluxes in a corn-soybean field. 
Canadian Journal of Soil Science. 

No analysis of SOC. 

Haruna, Samuel I., and Nsalambi V. 
Nkongolo. 2019. "Tillage, Cover Crop and 
Crop Rotation Effects on Selected Soil 
Chemical Properties" Sustainability 11, no. 
10: 2770.  

Covers only 2011-2013, 
not long enough to pass 
CIBO filters. 
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Haruna, Samuel I., and Nsalambi V. 
Nkongolo. 2020. "Influence of Cover Crop, 
Tillage, and Crop Rotation Management on 
Soil Nutrients" Agriculture 10, no. 6: 225. 

Covers only 2011-2013, 
not long enough to pass 
CIBO filters.  

HOYTVILLE 
Northwest Agricultural 
Research Station 
 
WOOSTER 
Ohio Agricultural Research 
and Development Center 
 
Ohio State University 
PI Warren A. Dick 

Maas, E. D. v. L., Lal, R., Coleman, K., 
Montenegro, A. and Dick, W. A. 2017. 
Modeling soil organic carbon in corn (Zea 
mays L.)-based systems in Ohio under 
climate change. Journal of Soil and Water 
Conservation. 72 (3), pp. 191-204.  

Uses a long-term dataset 
that includes the four 
years of the CAP 
experiment. However, it 
averages together the 
results of the 3 crop 
rotations, including a 
corn-oat-hay rotation, 
which SALUS cannot at 
this time model. 
Therefore, it did not pass 
CIBO filters. 

MASON 
Mason Research Farm 
 
KELLOGG 
W.K. Kellogg Biological 
Station 
 
Michigan State University 
PI Sasha Kravchenk 

Beehler, J., J. Fry, W. Negassa, and A. 
Kravchenko. "Impact of cover crop on soil 
carbon accrual in topographically diverse 
terrain." Journal of Soil and Water 
Conservation 72, no. 3 (2017): 272-279. 

No significant difference 
found between 
treatments. 

SEPAC 
Southeast Purdue 
Agricultural Center 
 
Purdue University 
PI Eileen J. Kladivko 

Rorick, J. D., and E. J. Kladivko. "Cereal rye 
cover crop effects on soil carbon and 
physical properties in southeastern Indiana." 
Journal of Soil and Water Conservation 72, 
no. 3 (2017): 260-265. 

No significant difference 
found between 
treatments. 

NWREC 
Northwestern Illinois 
Agricultural Research and 
Demonstration Center 
 
ORR 
Orr Agricultural Research 
and Demonstration Center 
 
University of Illinois 
PI Emerson D. Nafziger 
PI Maria B. Villamil 

Zuber, S.M., G.D. Behnke, E.D. Nafziger and 
M.B. Villamil. 2015. Crop rotation and tillage 
effects on soil physical and chemical 
properties in Illinois. Agronomy Journal. 
107(3): 1-8. 

This paper uses a 
long-term dataset that 
includes the four years of 
the Sustainable Corn 
CAP project. However, 
statistically significant 
differences in SOC 
described are averaged 
across rotations and 
locations, which didn’t 
pass CIBO filters. 

 
CIBO also further examined every included dataset from CAP, AgCROS, and KBS to ensure 
that the treatment start and end dates, as well as the dates of soil sample observation, from 
associated peer-reviewed papers matched the data downloaded from databases where 
benchmark datasets were hosted. This examination revealed that three datasets included only 
partial data from the full experiments: SDBRREAP/Hammerbeck (AgCROS), IAAMBRUN/Nunes 
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(AgCROS), and Kumar (CAP). CIBO found that in all three cases, the papers included 
additional data not represented in the downloaded benchmark datasets. Thus, CIBO concluded 
that using the data from the datasets alone was not appropriate and elected to augment the 
dataset data with the additional data reported in the papers. For the SDBRREAP/Hammerbeck 
and Kumar datasets, the datasets contained only 4 or 5 years of data, whereas the associated 
papers indicated that the experimental treatments for these data began much earlier. CIBO 
augmented the downloaded datasets with information from the papers to extend SALUS 
simulations back to the beginning of the treatments. For the IAAMBRUN/Nunes dataset, CIBO 
tabulated the whole dataset from the paper instead of using the downloaded data, which 
extended the data from 5 to 12 years, added a site, and added a treatment level. 
 
Ultimately, the final validation dataset contained data from 24 peer reviewed papers, 13 studies 
from experimental datasets that were also published in peer-reviewed papers, and 2 
experimental datasets with methods and data quality substantiated by peer reviewed papers, 
though the data was not published in the paper itself. Each data source is described in Table 20 
(Appendix 8.2) and fully detailed in Appendix 8.3, provided as a separate spreadsheet. 
 
3) Tabulation 
All peer-reviewed papers and experimental datasets that passed the screening and filtering 
criteria were then tabulated into spreadsheets to organize all data into a standard format. Each 
dataset was tabulated into its own spreadsheet consisting of five sheets:  

●​ SALUS Inputs: Data needed to run the SALUS experiments. 
●​ Observations: Experimental observations of soil organic carbon. 
●​ Comparisons: A detailing of which treatment/levels (SALUS experiments) to compare to 

which other ones, representing the baseline and regenerative scenarios. 
●​ Papers: Source metadata. 
●​ Notes: Notes on assumptions, unit conversions, interpretations, and irregularities. 

 
An example tabulation spreadsheet for the Senthilkumar-2009 dataset has been included as a 
separate appendix (Appendix 8.4) attached as a .xlsx file to this document. 

5.2.2​ Summary of Validation Dataset as Representative of Project Domain 
Despite the comprehensive search for qualifying datasets, the majority of research sites 
included in the validation datasets were located in the cool temperate moist climate zone, 
followed closely by the warm temperate moist climate zone (Figure 3). Only one study site was 
located in a dry climate (western Nebraska, right on the border between the warm and cool 
temperate dry climate zones). This data limitation reflects the general lack of data available in 
dry climates. Overall, there is a prevalence of agricultural research in areas of the Corn Belt 
region with wet climates, compared to a paucity of research towards the edges of the Corn Belt 
in drier climates. For example, The Nature Conservancy has compiled a comprehensive dataset 
of agricultural research in the United States as part of its AgEvidence project 
(www.agevidence.org). Of the 364 studies identified, only 8 occurred in dry climate zones, 
located in the western portions of North Dakota, South Dakota, Nebraska, and Kansas.34  
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Figure 3: Climate Zones Represented in each PC/CFG combination validation dataset 
 
While this MVR includes in the project domain the western portion of North Dakota, South 
Dakota, Nebraska, and Kansas–which together comprise the portion of the project area that 
falls into the dry climate zones–the likelihood of enrolling a significant number of growers into 
the project in these dry climates is low. The major corn and soy producing areas of the Corn Belt 
predominantly fall within the wet climate zones (Figure 4), and it is expected that the vast 
majority of participating growers and thus the bulk of SALUS modeling would be located in 
temperate moist climates. If a project involves primarily enrolling growers in dry climates, 
caution should be used in applying this version of SALUS because sufficient soil carbon data 
were not available for assessing the performance of SALUS in these climates for this report. 
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Figure 4: Soy and corn acres planted in the United States in 2020.35 
 
Despite being concentrated in wet climate zones, the validation dataset spans a wide 
geographic area across the Corn Belt and in corn/soy producing regions to the east and thus 
can be considered as broadly representative of Corn Belt conditions (Figure 5). Note that in 
terms of Land Resource Regions, studies used in the Validation Dataset fall within more than 
three LRRs present in the project domain, exceeding the SEP Model Requirements and 
Guidance minimum requirements. 
 
 

 
Figure 5: Location of study sites represented in the validation datasets. 
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The geographic variability in study locations is reflected in the wide range of soil textures and 
clay contents represented by the validation dataset. For each PC/CFG validation dataset, a 
majority of possible soil textures are represented (Figure 6). Soil textures not represented in the 
dataset include: sand, silt, clay, sandy clay loam, and sandy clay. Soil textures that are least 
represented are at the extreme ends of the soil texture spectrum–highly sandy soils and heavy 
clay soils that are less suitable for agricultural production. While very sandy or clayey soils can 
occur in the project domain since it encompasses a far-reaching geographic area, these soil 
textures are not the dominant textures for the agricultural lands likely to participate in a CAR 
SEP project. Using land cover data from the Multi-Resolution Land Characteristics (MRLC) 
consortium National Land Cover Database for 201936 and the General Soil Map of the U.S. 
(2016),37 the dominant soil textures occurring on agricultural lands in the Corn Belt were 
determined (Figure 7). Approximately 70% of all agricultural land in the Corn Belt is located on 
loam, silt loam, silty clay loam, or clay loam soils. Each of the remaining soil textures contains 
less than 5% of agricultural acres in the Corn Belt. The findings of this geospatial analysis are 
supported by Kim et al. 2021, which found that loam, silt loam, and silt clay loam together cover 
over 80% of cornfields.38 
 

 
Figure 6: Soil textures represented in each PC/CFG validation dataset. 
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Figure 7: Percent of agricultural land in the Corn Belt occurring on each soil texture class. 
 
Lastly, the validation datasets span sufficient ranges in clay content that are representative of 
the range in clay content of agricultural soils in the project domain (Table 9). Similar to the case 
with soil texture, there are likely soils within the broad Corn Belt region in which clay content 
extends beyond the minimum or maximum clay content of studies in the validation dataset, but 
such soils are arguably the least suitable for row crop agricultural production due to soil texture’s 
influence on water infiltration and retention and nutrient exchange.39–43 Thus, the validation 
datasets’ ranges in clay content mirrors their ranges in soil textures, with a broad range of clay 
contents represented and the majority aligning with clay contents typical of soils on Midwest 
farms likely to join a CAR SEP project. 
 

Table 9: Clay Ranges Represented in each PC/CFG Validation Dataset 

PC / CFG clay_min clay_max range 

Soil Disturbance / C4 Annual 
Grass 

10 45 35 

Soil Disturbance / Annual 
Legume 

15 37 22 
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Soil Disturbance / C3 Annual 
Grass 

15 37 22 

Cropping / C4 Annual Grass 15 45 30 

Cropping / Annual Legume 15 45 30 

Cropping / C3 Annual Grass 15 45 30 

 

5.3​ Validation Data Processing and Preliminary Analysis Steps 
Before model bias, pooled measurement uncertainty, and model prediction error could be 
calculated, CIBO first needed to designate observations in the validation data as either baseline 
or regenerative treatments, fill in and account for missing data values, and complete preliminary 
calculations in order to proceed with the requisite analyses. Steps taken to ensure validation 
data were complete and in the proper format and data units for the subsequent analyses are 
described below. 

5.3.1​ Designating Treatments as Baseline and Project Scenarios 
Each study dataset tabulated for incorporation in the validation datasets contained multiple 
treatment types. Treatments for each study were designated as either the “baseline” condition or 
the “regenerative” (project scenario) condition. The former included conventional treatments, 
such as moldboard plow or winter fallow, that would represent practices in the baseline scenario 
of a typical CAR SEP project, while the latter included treatments similar to the project activities 
most likely adopted in a CAR SEP project, such as no-till or winter cover (Table 10).  
 
Where a study’s treatment and/or control cropping system employed a crop rotation, the study is 
applicable to all crop functional groups represented in the crop rotation. Since soil samples are 
not typically collected every season for the duration of an experiment but rather are collected 
infrequently or only at the beginning and end of an experiment, SOC data for each crop in a 
crop rotation cannot be separated. Thus, some of the data used in the assessment of model 
bias and model prediction error for each PC and CFG combination may be used across multiple 
CFGs.   
 

Table 10: Examples of Interpreting Study Treatments as Baseline and Project 
(“regenerative”) Scenarios 

Practice  
category  
(PC) 

Practice  
sub-category 

Example 
baseline 

Example 
project  

Crop Functional 
Group (CFG) 

Soil Tillage corn-corn,  
chisel tillage 

corn-corn,  
no till 

C4 Annual Grass 
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Soil Residues corn-corn,  
residues 
removed 

corn-corn,  
no residues 
removed 

C4 Annual Grass 

Crops Rotation corn-corn corn-soy C4 Annual Grass, 
Annual Legume 

Crops Winter cover corn-corn corn-rye-corn C4 Annual Grass, C3 
Annual Grass 

 
The number of baseline versus regenerative comparisons for each PC/CFG combination is 
summarized in Table 11, with the numbers in parentheses corresponding to numbers of 
comparisons with the given CFG only occurring in the regenerative treatment. Although most 
(about 90%) of the comparisons in the Cropping / Annual Legume category involve changing 
the crop rotation (e.g. switching from corn-corn to corn-soy) as a regenerative practice, only 66 
out of the 136 comparisons include an annual legume (soy) in the regenerative treatment only 
(Table 11). This is because a large proportion (about 41%) of the 136 comparisons include soy 
in both regenerative and baseline treatments, but with a considerably higher frequency in the 
regenerative treatment. 
 
 
 

Table 11: Number of Baseline-vs-Regenerative Comparisons for each PC/CFG Validation 
Dataset 

PC / CFG Comparisons 
Total (regenerative treatment only) 

Soil Disturbance / C4 Annual Grass 148 (0) 

Soil Disturbance / Annual Legume 104 (1) 

Soil Disturbance / C3 Annual Grass 13 (0) 

Cropping / C4 Annual Grass 144 (8) 

Cropping / Annual Legume 136 (66) 

Cropping / C3 Annual Grass 34 (27) 
 

5.3.2​ Filling in Missing Observed Bulk Density Values  
Bulk density was often only measured once over the course of the study. In these cases, the 
single bulk density value was used to fill in for years at the same site when bulk density was not 
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measured. In other cases, no bulk density measurements were ever taken, so the 
SALUS-simulated bulk density at the same time was used.  

5.3.3​ SOC Data Preparation 
CIBO performed the validation analysis using SALUS simulations of SOC stock change to a 
depth of 30 cm to match the minimum sampling depth required of CAR SEP projects. As such, 
additional processing steps to convert data gathered from validation datasets to 30 cm depth 
equivalent stocks included accounting for missing initial SOC measurements, calculating 
standardized SOC stock values from the provided carbon measurements, aggregating plot and 
sub-plot level data, and harmonizing soil layers between measured and modeled SOC values. 
 
In several of the studies in the validation dataset, sampling plans at the start of the study did not 
match sampling plans at the end of the study, such as using different  depth increments at either 
time point, or not resampling deeper depth increments. Similarly, in many cases there was no 
sampling at all at the start of the study. In this analysis, CIBO assumed that, where initial 
observations were not provided for one or both treatments in a comparison, the different 
treatments had the same initial SOC. Thus, the SOC content of both treatments were either set 
to zero or set to the single initial SOC value provided for one treatment in the pair. This 
assumption is mathematically sound because the initial SOC values cancel out when the carbon 
credits are calculated. To ensure that the sequestration rates are calculated on the same soil 
mass basis, only soil layers sampled both at the beginning and end of the experiments were 
used.  
 
SALUS outputs include values of SOC stocks in Mg C/ha for each modeled soil layer, which can 
be used directly in Equation 2 below to calculate SOC stocks for the 30 cm soil profile.d4 
However, carbon measurements for each soil layer may be reported in studies in a variety of 
ways. Measurements of either SOC content or stocks for each soil layer provided in studies 
were converted to Mg C/ha according to the procedures outlined in Table 12. When only soil 
organic matter (SOM) or soil organic carbon concentrations were provided, stocks were 
calculated using measured bulk density and thickness of the soil layer (Equation 1) as follows: 
 
 

 𝐿𝑎𝑦𝑒𝑟𝑆𝑂𝐶
𝑖

= 𝑆𝑂𝐶
𝑐𝑜𝑛𝑐

 × 𝐵𝐷 × 𝑙𝑎𝑦𝑒𝑟 𝑡ℎ𝑖𝑐𝑘𝑛𝑒𝑠𝑠 × 0. 1 (1) 

 
where 

●​  (Mg C/ha) is the soil organic carbon stock value in soil layer  𝐿𝑎𝑦𝑒𝑟𝑆𝑂𝐶
𝑖

𝑖

●​  (g/Mg) is the soil organic carbon concentration for the layer  𝑆𝑂𝐶
𝑐𝑜𝑛𝑐

●​  (Mg/m3 or g/cm3) is the layer bulk density 𝐵𝐷

4 d SALUS models the following soil layers (in cm): 0-2, 2-7, 7-15, 15-26, 26-40, 40-57, 57-77, 77-100, 
100-125, 125-150, 150-175, 175-200. CIBO used SALUS to model all soil layers and then extracted SOC 
from the top 30 cm. 
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●​  (m) is the soil layer thickness 𝑙𝑎𝑦𝑒𝑟 𝑡ℎ𝑖𝑐𝑘𝑛𝑒𝑠𝑠
●​ 0.01 is a conversion factor from g/m2 to Mg/ha 

 
 

Table 12: Process Used to Determine SOC Stocks from Allowed Carbon Measurements 

Allowed carbon measurement Processing requires 

Soil organic carbon concentration 
(SOC, g/kg or g/100g) 

●​ Soil bulk density (g/cm3) 
●​ Soil thickness (cm) 

Soil organic matter concentration 
(SOM, g/kg or g/100g) 

●​ Conversion to SOC by dividing by 1.724 
●​ Soil bulk density (g/cm3) 
●​ Soil thickness (cm) 

SOC stock (kg C/m3) ●​ Soil thickness (cm) 
●​ Conversion to a standard C stock, i.e. kg C/ha 

SOC stock (kg C/ha or Mg C/ha or 
g/m2) 

●​ Conversion as necessary to a standard C 
stock, i.e. kg C/ha 

 
Measured SOC stocks for each soil layer reported at the plot and subsample levels were 
aggregated (averaged) to the treatment level prior to calculating SOC stocks for the 0-30 cm 
profile. Similarly, SALUS SOC stocks associated with different plots per treatment occurring on 
different SSURGO soil polygons were aggregated to the treatment level. 
 
Although the SALUS model operates on a daily time step, only seasonal SOC outputs (one set 
of outputs per season) were used for the analysis for computational efficiency.  SALUS SOC 
outputs are reported by fixed layers, which are typically different from soil layers measured in 
the validation datasets. To ensure that measured and simulated SOC values were comparable, 
the SALUS SOC stock values from the upper five SALUS soil layers (down to 40 cm) were 
redistributed (combined or split as needed) to match the measured soil layers while preserving 
SOC stock mass balance. 

5.3.4​ Calculating Measured and Modeled SOC Stocks for the Soil Profile 
Both measured and modeled soil organic carbon stocks for the 0-30 cm soil profile were 
calculated as the sum of carbon stocks across all soil layers sampled in the study within the top 
30 cm. 
 
 

​  𝑆𝑂𝐶
[0,  𝐿]

=
𝑖=1

𝑛

∑ 𝐿𝑎𝑦𝑒𝑟𝑆𝑂𝐶
𝑖 (2) 

 
where 
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●​ is the whole-profile soil organic carbon, from the bottom of layer L to the surface 𝑆𝑂𝐶
[0,  𝐿]

of the soil (simulated or measured, for baseline or regenerative scenarios) in Mg C/ha. 
●​  is the total number of soil layers 𝑛
●​  (Mg C/ha) is the soil organic carbon stock value in soil layer  𝐿𝑎𝑦𝑒𝑟𝑆𝑂𝐶

𝑖
𝑖

 

5.3.5​ Calculating Measured and Modeled Carbon Sequestration Rates and 
Carbon Credits 

To align with carbon accounting under CAR SEP, the change in SOC stocks under the baseline 
treatment was compared to change in SOC stocks under the regenerative treatment to calculate 
net SOC stock change. Net SOC change was determined for both measured and modeled SOC 
values. Measured carbon sequestration rates for the sampled soil profile were calculated using 
soil carbon stocks measurements at the beginning (SOC_Initial) and end (SOC_Final) of a field 
experiment. For the corresponding SALUS experiment, the calculation of the modeled 
sequestration rates used SOC outputs to the sampled depth from dates matching the measured 
samples as SOC_Initial and SOC_Final, respectively. 
 
 

 𝑆𝑒𝑞𝑅𝑎𝑡𝑒 =
𝑆𝑂𝐶

𝑓𝑖𝑛𝑎𝑙
 − 𝑆𝑂𝐶

𝑖𝑛𝑖𝑡𝑖𝑎𝑙

𝑝𝑟𝑎𝑐𝑡𝑖𝑐𝑒 𝑑𝑢𝑟𝑎𝑡𝑖𝑜𝑛 (3) 

 

 (3) 

 
where 

●​  is the sequestration rate of soil organic carbon (C) for either the baseline or 𝑆𝑒𝑞𝑅𝑎𝑡𝑒
regenerative scenario (Mg C/ha/year). 

●​  and  are the whole-profile values of soil organic carbon stocks (Mg 𝑆𝑂𝐶
𝑖𝑛𝑖𝑡𝑖𝑎𝑙

𝑆𝑂𝐶
𝑓𝑖𝑛𝑎𝑙

C/ha) at the beginning and end of a treatment scenario (either baseline or regenerative). 
●​  is the duration in years between the initial and final carbon sampling 𝑝𝑟𝑎𝑐𝑡𝑖𝑐𝑒 𝑑𝑢𝑟𝑎𝑡𝑖𝑜𝑛

dates. 
 
 
The calculation of measured carbon credit for one practice change in a field experiment is 
performed by comparing the carbon sequestration rates of the regenerative and baseline 
scenarios as follows, down to a maximum depth of 30 cm: 
 

 𝐶𝑎𝑟𝑏𝑜𝑛𝐶𝑟𝑒𝑑𝑖𝑡 = (𝑆𝑒𝑞𝑅𝑎𝑡𝑒
𝑟𝑒𝑔𝑒𝑛𝑒𝑟𝑎𝑡𝑖𝑣𝑒

− 𝑆𝑒𝑞𝑅𝑎𝑡𝑒
𝑏𝑎𝑠𝑒𝑙𝑖𝑛𝑒

) × 0. 404686 × ( 44
12 ) (4) 

 
where: 
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●​  is the difference in annual soil carbon sequestration rate between the 𝐶𝑎𝑟𝑏𝑜𝑛𝐶𝑟𝑒𝑑𝑖𝑡
regenerative and baseline scenarios expressed in Mg CO2e/acre/year. 

●​  and  are the carbon sequestration rates in the 𝑆𝑒𝑞𝑅𝑎𝑡𝑒
𝑟𝑒𝑔𝑒𝑛𝑒𝑟𝑎𝑡𝑖𝑣𝑒

𝑆𝑒𝑞𝑅𝑎𝑡𝑒
𝑏𝑎𝑠𝑒𝑙𝑖𝑛𝑒

regenerative and baseline scenarios respectively, resulting from the practice change. 
●​ 0.404686 is the conversion of the sequestration rates from Mg C/ha/year to Mg 

C/acre/year. 
●​ 44/12 is the conversion factor from elemental C to CO2 equivalent. 

 
The range in measured average annual carbon credits (Mg CO2e/acre/year) in each PC/CFG 
validation dataset is depicted in Figure 8. 
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Figure 8: Histograms showing the range of validation data values (e.g. measured SOC change) for each 
PC/CFG validation dataset in terms of Mg CO2e per acre per year. Note that data in the graphs for each 
CFG come from studies in which a given CFG was grown as a standalone crop or part of a crop 
rotation.  
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6​ Assessment of Bias and PMU for each Practice 
Category 

6.1​ Model bias  
6.1.1​ Calculation 
Measured and modeled carbon credits derived from Equation 4 above for each study were used 
to calculate model bias ( ) and root mean squared error ( ). (These pairs 𝑀𝑒𝑎𝑛𝑀𝑜𝑑𝑒𝑙𝐸𝑟𝑟𝑜𝑟 𝑅𝑀𝑆𝐸
of measured and modeled credits were also used to calculate the standard deviation of model 
error ( ) in Section 7, Equation 34).  and  were calculated 𝑆𝑡𝑑𝑀𝑜𝑑𝑒𝑙𝐸𝑟𝑟𝑜𝑟 𝑀𝑒𝑎𝑛𝑀𝑜𝑑𝑒𝑙𝐸𝑟𝑟𝑜𝑟 𝑅𝑀𝑆𝐸
as follows: 
 
 

​  𝑀𝑒𝑎𝑛𝑀𝑜𝑑𝑒𝑙𝐸𝑟𝑟𝑜𝑟 =
𝑖=1

𝑛

∑
𝑀𝑜𝑑𝑒𝑙𝑅𝑒𝑠𝑖𝑑𝑢𝑎𝑙

𝑖

𝑛 (5) 

 

  

  

 

​ 𝑅𝑀𝑆𝐸 =  
𝑖=1

𝑛

∑
𝑀𝑜𝑑𝑒𝑙𝑅𝑒𝑠𝑖𝑑𝑢𝑎𝑙

𝑖
2

𝑛
(6) 

 
where 

●​  is the model bias. Eq. 5 uses the formula for bias calculation required 𝑀𝑒𝑎𝑛𝑀𝑜𝑑𝑒𝑙𝐸𝑟𝑟𝑜𝑟
in CAR SEP Model Requirements and Guidance (Equation 3.1). 

●​  is the root mean square error, calculated for a given study or PC/CFG 𝑅𝑀𝑆𝐸
combination (Mg CO2e/acre/year).  

●​  = Simulated - Measured carbon credit values using the baseline and 𝑀𝑜𝑑𝑒𝑙𝑅𝑒𝑠𝑖𝑑𝑢𝑎𝑙
𝑖

regenerative scenarios considered. When estimating model bias for PC/CFG 
combinations, each (baseline, regenerative) comparison involving the CFG was used. 
For example, in a comparison of continuous corn versus corn-soy rotation, both the 
baseline (corn-corn) and regenerative (corn-soy) scenarios would have been used for 
both PC/CFG (Cropping/C4 Annual Grass and Cropping/Annual Legume) calculations 
because this practice change involved both crops. 

●​  is the number of (baseline, regenerative) scenario pairs in the study or PC/CFG 𝑛
combination. 

 
A complete example derivation of model bias for one study and its comparison to PMU has 
been provided in Section 6.4, below. 
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6.1.2​ Model bias for each study 
As per CAR SEP Model Requirements and Guidance, all values of model bias for each study in 
the validation dataset have been provided in Table 13 ranked from highest to lowest. 

Table 13: Values of model bias for each study in the PC/CFG validation datasets, 
ranked highest to lowest. 

Study Model Bias  Study Model Bias 

Jarecki-2005 0.7 AgCROS-IAAM7071 -0.09 

AgCROS-NELITCSE-Varvel-2010 0.54 Varvel-2006 -0.12 

Huggins-2007 0.54 Chu-2018 -0.12 

Pikul-2007 0.53 Olson-2013 -0.13 

AgCROS-PAUP-Adler-2015 0.36 Sanford-2012 -0.14 

Nunes-2018 0.33 CAP-Kazula-2017 -0.18 

Russell-2009 0.25 CAP-AlKaisi-2020 -0.24 

Behnke-2017 0.18 Moore-2014 -0.25 

Varvel-2008 0.18 Edwards-1992 -0.28 

Ruis-2020 0.06 Lyon-1990 -0.31 

Senthilkumar-2009 0.03 AlKaisi-2005 -0.34 

AgCROS-NEMEIRR-Schmer-2014 0.03 
AgCROS-SDBRREAP-Ham
merbeck-2012 -0.36 

AgCROS-IAAMBRUN-Nunes-202
1 0.01 Jagadamma-2007 -0.41 

AgCROS-NEMERREM-Follett-20
12 -0.01 Sindelar-2019 -0.44 

Veum-2015 -0.02 CAP-Kumar-2014 -0.44 

Hall-2019 -0.03 KBS-MCSE-Syswerda-2011 -0.53 

Alhameid-2017 -0.06 Olson-2015 -0.73 

AgCROS-INWLREAP-Stott-2012 -0.08 Ding-2006 -0.97 

Roper-2019 -0.09 Vyn-2007 -1.08 

 

6.2​ Pooled Measurement Uncertainty  
6.2.1​ Approach to Calculating PMU 
Pooled measurement uncertainty (PMU) is meant to represent the uncertainty associated with 
experimental measurements of SOC content that indicate stock changes attributable to practice 
changes. It is defined as the pooled standard error of all the measured values for a given 
practice change. It should, ideally, be derived from observed variation between replicate 
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measurements within an experiment. However, most studies do not provide data from replicates 
that could be used to estimate measurement uncertainty. Where replicates for a study are 
provided, they typically consist of several measurements across experimental blocks and/or 
within individual treatment plots, which capture the combined uncertainty stemming from both 
measurement error and sampling error (i.e. spatial variability). Although there is likely to be 
spatial variability within an individual treatment plot, the assessment of PMU for this Model 
Validation Report considers measurements collected within the same plot at the same depth 
and time as replicates and averages those measurements for this analysis. 
 
However, many studies do not report data from individual replicates from which measurement 
error can be determined nor provide measurement error when only treatment means are 
reported. CAR SEP Model Requirements and Guidance allows for PMU for each practice 
category to be computed using all studies in the validation dataset using the same 
measurement technique, regardless of the CFG studied. Measurement technique is only a 
single input contributing to the uncertainty associated with a practice change; each calculation 
of net impact to SOC stocks due to a practice change requires four estimates of SOC content 
and four estimates of bulk density–initial and final measurements for both treatments. This 
analysis interprets the ability to pool measurement error across studies using the same 
analytical method for measuring SOC content as a way to estimate the missing data on 
measurement error for studies using the same measurement technique. 
 
CIBO’s approach to calculating PMU also is explicitly designed to calculate PMU for the entire 
soil profile sampled by defining PMU as a function of cumulative sampling depth. There is wide 
variation in the depth increments and total depths to which the studies comprising the validation 
dataset sampled. Converting to a cumulative depth for each given observation depth allows 
CIBO to pool studies together to calculate PMU. For example, a small number of observations 
were taken from 23-30 cm. Using the cumulative depth approach, the observations from 23-30 
cm could be combined with uncertainty derived from observations of 0-30 cm and 15-30 cm 
depths. This is a deviation from the approach under SEP Model Requirements and Guidance. 
However, CIBO’s approach arguably calculates a more valid PMU. SOC stock and its 
associated measurement uncertainty are highly dependent on both the depth and thickness of 
the measured soil layer. Under the CIBO approach to PMU, all SOC stock measurements for a 
specific soil layer were combined with measurements of the soil layers above it. Measurements 
were then pooled by bottom depth, and PMU calculated as a function of depth–as opposed to 
as a single number representing an array of soil depths and layer thicknesses, which could 
artificially inflate the estimate of PMU and thus make it easier for the model to pass the test that 
mean model bias must be less than or equal to PMU. 
 
Lastly, before using Equation 3.2 in CAR SEP Model Requirements and Guidance to determine 
PMU for each practice change, the pooled measurement uncertainty for each measurement 
type must be calculated. This first stage of pooled measurement uncertainty represents a 
pooled standard deviation since it is applied to a single measurement without a reported 
measurement uncertainty. This approach, applied to both SOC and bulk density measurements, 
allows for the estimation of SOC stock uncertainty. Then, the final PMU, grouped by practice 
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change and after accounting for observation depth, can be calculated as required by SEP Model 
Requirements and Guidance as a pooled standard error.  

6.2.2​ Calculation Steps 
Given the above approach, the steps taken to calculate PMU were as follows: 
 
1.​ Calculate uncertainty for SOC concentration and bulk density in order to estimate 

PMU as grouped by analytical method using studies with available replicate data. 
Estimating the pooled measurement uncertainty as grouped by analytical method requires 
determining the mean and standard deviation values for SOC concentration and bulk density for 
each plot-by-treatment combination for each study with replicate data available, and then 
pooling the standard deviations to get a single value for each measurement type. This approach 
uses an equation similar to Equation 3.2 in CAR SEP Model Requirements and Guidance, but 
calculates a pooled standard deviation from sample standard deviations rather than a pooled 
standard error from sampled standard errors.  
 
 

 ​  𝑚𝑒𝑎𝑛(𝑥
𝑗
) =  𝑖=1

𝑛
𝑗

∑ 𝑥
𝑗, 𝑖

𝑛
𝑗

(7) 

​  𝑠𝑡𝑑(𝑥
𝑗
) =  𝑖=1

𝑛
𝑗

∑ 𝑥
𝑗,𝑖

− 𝑚𝑒𝑎𝑛(𝑥
𝑗
)( )2

𝑛
𝑗
−1

(8) 

 
where  

●​  is the mean value of replicate measurements of SOC concentration or bulk 𝑚𝑒𝑎𝑛(𝑥
𝑗
)

density, calculated for a given plot-by-treatment combination ( ). 𝑗
●​  is either the observed SOC or bulk density for a given (plot ✕ treatment) . 𝑥

𝑗
𝑗

●​  is the count of all non-null values of  for a given (plot ✕ treatment) . 𝑛
𝑗

𝑥 𝑗

●​  is the standard deviation value of replicate measurements of SOC concentration 𝑠𝑡𝑑(𝑥
𝑗
)

or bulk density, calculated for a given (plot ✕ treatment) . 𝑗
 
 

  ​  𝑃𝑜𝑜𝑙𝑒𝑑𝑆𝑡𝑑(𝑥) =  𝑗=1

𝑘

∑ 𝑠𝑡𝑑(𝑥
𝑗
)2× 𝑛

𝑗
−1( )

𝑗=1

𝑘

∑ 𝑛
𝑗
−1( )

(9) 

 
where  
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●​  is the single standard deviation value, calculated for each measurement by 𝑃𝑜𝑜𝑙𝑒𝑑𝑆𝑡𝑑(𝑥)
pooling the standard deviations calculated using Eq. 8. 

●​  is the number of unique (plot ✕ treatment) with multiple observations of . 𝑘 𝑥
 
 
Note that this approach assumes that all bulk density measurements use similar techniques that 
can be pooled together since bulk density techniques were typically unreported in the studies. 
 
 
2.​ Fill in missing uncertainties for studies that do not report replicates or standard error, 

according to analytical method. 
First, the unknown measurement uncertainties are replaced by the pooled measurement 
uncertainty, according to their analytical method. Then, measurement uncertainties are 
converted to standard error, and the n associated with each of those estimates is set to 1 to 
avoid double-weighting of the original observations. 
 

​ ​  𝑠𝑡𝑑𝑒𝑟𝑟(𝑥
𝑗
) =  

𝑠𝑡𝑑(𝑥
𝑗
)

𝑛
𝑗
−1 (10) 

where  
●​  is the standard error calculated from measurement uncertainties. 𝑠𝑡𝑑𝑒𝑟𝑟(𝑥

𝑗
)

●​  is  the standard deviation of the replicates, if reported, or the pooled standard 𝑠𝑡𝑑(𝑥
𝑗
)

deviation of replicated measurements with comparable analytical methods, if not (
, Eq. 9). 𝑃𝑜𝑜𝑙𝑒𝑑𝑆𝑡𝑑(𝑥)

 
3.​ Determine uncertainty for filled-in missing bulk density observations. 
In cases of missing bulk density values, as described in Section 5.3 above, the associated 
uncertainty was determined in one of two ways, depending on how the bulk density value was 
filled in. When bulk density was measured only once over the course of the study, CIBO used 
the single bulk density measurement at a site to fill in for years at the same site when bulk 
density was not measured. In these cases, CIBO set the uncertainty associated with this 
assumption equal to the pooled standard deviation derived in Step 1 from all bulk density 
measurements that were measured multiple times over multiple years.  
 
Otherwise, in the case that CIBO used bulk density values from SALUS to fill in missing 
measurements when studies did not report any bulk density values, CIBO determined the 
associated uncertainty by comparing SALUS bulk density values against measured bulk density 
values for papers where bulk density data were provided, as follows: 
 

​  ∆
𝐵𝐷

𝑆𝐴𝐿𝑈𝑆
, 𝐵𝐷

𝑂𝑏𝑠

=  𝐵𝐷
𝑆𝐴𝐿𝑈𝑆

 −  𝐵𝐷
𝑂𝑏𝑠 (11) 
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 𝑠𝑡𝑑
∆

𝐵𝐷𝑠𝑎𝑙𝑢𝑠, 𝐵𝐷𝑜𝑏𝑠

= 𝑠𝑡𝑑
𝐵𝐷

𝑆𝐴𝐿𝑈𝑆

2 + 𝑃𝑜𝑜𝑙𝑒𝑑𝑆𝑡𝑑
𝐵𝐷

𝑂𝑏𝑠

2 − 2 × 𝑐𝑜𝑣
𝐵𝐷

𝑆𝐴𝐿𝑈𝑆
, 𝐵𝐷

𝑂𝑏𝑠

 (12) 

 𝑐𝑜𝑣
𝐵𝐷

𝑆𝐴𝐿𝑈𝑆
, 𝐵𝐷

𝑂𝑏𝑠

= ρ
𝐵𝐷

𝑆𝐴𝐿𝑈𝑆
, 𝐵𝐷

𝑂𝑏𝑠

× 𝑠𝑡𝑑
𝐵𝐷

𝑆𝐴𝐿𝑈𝑆

× 𝑃𝑜𝑜𝑙𝑒𝑑𝑆𝑡𝑑
𝐵𝐷

𝑂𝑏𝑠
(13) 

 
where  

●​ is the difference between the measured bulk density and the ∆
𝐵𝐷

𝑆𝐴𝐿𝑈𝑆
, 𝐵𝐷

𝑂𝑏𝑠

SALUS-simulated bulk density. 
●​ and  are measured bulk density and SALUS-simulated bulk density, 𝐵𝐷

𝑆𝐴𝐿𝑈𝑆
 𝐵𝐷

𝑂𝑏𝑠

respectively. 
●​ is the standard deviation of the difference between SALUS-simulated and 𝑠𝑡𝑑

∆
𝐵𝐷𝑠𝑎𝑙𝑢𝑠, 𝐵𝐷𝑜𝑏𝑠

observed bulk density values. 
●​  is the standard deviation of SALUS-simulated bulk density values. 𝑠𝑡𝑑

𝐵𝐷
𝑆𝐴𝐿𝑈𝑆

●​  = the pooled standard deviation of replicated observations of bulk density. 𝑃𝑜𝑜𝑙𝑒𝑑𝑆𝑡𝑑
𝐵𝐷

𝑂𝑏𝑠

●​ is Pearson’s correlation between measured bulk density and ρ
𝐵𝐷

𝑆𝐴𝐿𝑈𝑆
, 𝐵𝐷

𝑂𝑏𝑠

SALUS-simulated bulk density for all observations. 
 
 
Solve for : 𝑠𝑡𝑑

𝐵𝐷
𝑆𝐴𝐿𝑈𝑆

 𝑠𝑡𝑑
∆

𝐵𝐷𝑠𝑎𝑙𝑢𝑠, 𝐵𝐷𝑜𝑏𝑠

2 = 𝑠𝑡𝑑
𝐵𝐷

𝑆𝐴𝐿𝑈𝑆

2 + 𝑃𝑜𝑜𝑙𝑒𝑑𝑆𝑡𝑑
𝐵𝐷

𝑂𝑏𝑠

2 − 2 · ⍴
𝐵𝐷

𝑆𝐴𝐿𝑈𝑆
, 𝐵𝐷

𝑂𝑏𝑠

· 𝑠𝑡𝑑
𝐵𝐷

𝑆𝐴𝐿𝑈𝑆

· 𝑃𝑜𝑜𝑙𝑒𝑑𝑆𝑡𝑑
𝐵𝐷

𝑂𝑏𝑠

 0 = 𝑠𝑡𝑑
𝐵𝐷

𝑆𝐴𝐿𝑈𝑆

2  +  − 2 · ⍴
𝐵𝐷

𝑆𝐴𝐿𝑈𝑆
, 𝐵𝐷

𝑂𝑏𝑠

· 𝑃𝑜𝑜𝑙𝑒𝑑𝑆𝑡𝑑
𝐵𝐷

𝑂𝑏𝑠
( ) · 𝑃𝑜𝑜𝑙𝑒𝑑𝑆𝑡𝑑

𝐵𝐷
𝑆𝐴𝐿𝑈𝑆

+ 𝑃𝑜𝑜𝑙𝑒𝑑𝑆𝑡𝑑
𝐵𝐷

𝑂𝑏𝑠

2 − 𝑠𝑡𝑑
∆

𝐵𝐷𝑠𝑎𝑙𝑢𝑠, 𝐵𝐷𝑜𝑏𝑠

2( )
  𝑠𝑡𝑑

𝐵𝐷
𝑆𝐴𝐿𝑈𝑆

=
2·⍴

𝐵𝐷
𝑆𝐴𝐿𝑈𝑆

, 𝐵𝐷
𝑂𝑏𝑠

×𝑃𝑜𝑜𝑙𝑒𝑑𝑆𝑡𝑑
𝐵𝐷

𝑂𝑏𝑠

 + 2⍴
𝐵𝐷

𝑆𝐴𝐿𝑈𝑆
, 𝐵𝐷

𝑂𝑏𝑠

×𝑃𝑜𝑜𝑙𝑒𝑑𝑆𝑡𝑑
𝐵𝐷

𝑂𝑏𝑠
( )2

−4× 𝑃𝑜𝑜𝑙𝑒𝑑𝑆𝑡𝑑
𝐵𝐷

𝑂𝑏𝑠

2 −𝑠𝑡𝑑
∆

𝐵𝐷𝑠𝑎𝑙𝑢𝑠, 𝐵𝐷𝑜𝑏𝑠

2( )
2

 
 

  𝑠𝑡𝑑
𝐵𝐷

𝑆𝐴𝐿𝑈𝑆

= ⍴
𝐵𝐷

𝑆𝐴𝐿𝑈𝑆
, 𝐵𝐷

𝑂𝑏𝑠

× 𝑃𝑜𝑜𝑙𝑒𝑑𝑆𝑡𝑑
𝐵𝐷

𝑂𝑏𝑠

 +  

 ⍴
𝐵𝐷

𝑆𝐴𝐿𝑈𝑆
, 𝐵𝐷

𝑂𝑏𝑠

× 𝑃𝑜𝑜𝑙𝑒𝑑𝑆𝑡𝑑
𝐵𝐷

𝑂𝑏𝑠
( )2

− 𝑃𝑜𝑜𝑙𝑒𝑑𝑆𝑡𝑑
𝐵𝐷

𝑂𝑏𝑠

2 − 𝑠𝑡𝑑
∆

𝐵𝐷𝑠𝑎𝑙𝑢𝑠, 𝐵𝐷𝑜𝑏𝑠

2( )
 
 

 
4.​ Determine uncertainty for missing initial SOC observations. 
As mentioned in Section 5.3, long-term studies often had missing initial SOC observations. 
Although a lack of observation is likely more uncertain than the pooled standard deviation, this 
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analysis adopted the principle of conservativeness and used the calculated pooled standard 
deviation value regardless of whether SOC observations were missing. 
 
5.​ Calculate uncertainty of SOC stock by layer. 
The approach taken to determining the uncertainty of SOC stocks calculated from bulk density 
and SOC concentrations acknowledges that there is a relationship between SOC concentration 
and bulk density. The two variables are not considered independent; instead, covariance of 
SOC and bulk density is factored into the calculation of SOC stock uncertainty. The calculations 
used are based on the assumption that covariance between SOC concentration and bulk 
density can be estimated using Pearson’s R, evaluated over the entire dataset. This step also 
assumes that there is no uncertainty associated with layer thickness. 
 

  𝑠𝑡𝑑
𝐿𝑎𝑦𝑒𝑟𝑆𝑂𝐶

= 𝑙𝑎𝑦𝑒𝑟 𝑡ℎ𝑖𝑐𝑘𝑛𝑒𝑠𝑠
10 × 𝑆𝑂𝐶

𝐶𝑜𝑛𝑐
× 𝐵𝐷 ×

                                                                 

 
𝑠𝑡𝑑𝑒𝑟𝑟(𝑆𝑂𝐶

𝐶𝑜𝑛𝑐
)

𝑆𝑂𝐶
𝐶𝑜𝑛𝑐

( )2

+ 𝑠𝑡𝑑𝑒𝑟𝑟(𝐵𝐷)
𝐵𝐷( )2

+ 2 ×
𝑐𝑜𝑣

𝑆𝑂𝐶𝑐𝑜𝑛𝑐, 𝐵𝐷

𝑆𝑂𝐶
𝐶𝑜𝑛𝑐.

· 𝐵𝐷  

(14) 

  𝑐𝑜𝑣
𝑆𝑂𝐶𝑐𝑜𝑛𝑐, 𝐵𝐷

= ρ
𝑆𝑂𝐶𝑐𝑜𝑛𝑐, 𝐵𝐷

× 𝑠𝑡𝑑𝑒𝑟𝑟(𝑆𝑂𝐶
𝐶𝑜𝑛𝑐

) × 𝑠𝑡𝑑𝑒𝑟𝑟(𝐵𝐷) (15) 

where  
●​  is the uncertainty of SOC stock for a given layer. 𝑠𝑡𝑑

𝐿𝑎𝑦𝑒𝑟𝑆𝑂𝐶

●​  is the thickness of the given soil layer in cm. 𝑙𝑎𝑦𝑒𝑟 𝑡ℎ𝑖𝑐𝑘𝑛𝑒𝑠𝑠
●​  is the concentration of carbon in kg C/Mg soil. 𝑆𝑂𝐶

𝐶𝑜𝑛𝑐

●​  is the bulk density of the soil in Mg soil/m3 soil. 𝐵𝐷
●​  is the standard error calculated from the SOC measurement 𝑠𝑡𝑑𝑒𝑟𝑟(𝑆𝑂𝐶

𝐶𝑜𝑛𝑐
)

uncertainties. 
●​  is the standard error calculated from the bulk density measurement 𝑠𝑡𝑑𝑒𝑟𝑟(𝐵𝐷)

uncertainties. 
●​  is Pearson’s correlation between SOC concentration and bulk density for all ρ

𝑆𝑂𝐶𝑐𝑜𝑛𝑐, 𝐵𝐷

observations. 
 
 
6.​ Calculate SOC stock uncertainty for cumulative soil depth. 
The associated uncertainty for each soil layer must be combined to estimate cumulative 
uncertainty of SOC stocks for the sampled soil profile within the top 30 cm, from the soil surface 
to the bottom of a given layer. 
 
 
We calculate the standard deviation of the entire soil profile from layer 0 (shallowest) to layer L 
as: 
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𝑠𝑡𝑑
𝑆𝑂𝐶 [0, 𝐿]

= 𝑠𝑡𝑑
𝑆𝑂𝐶[0, 𝐿−1]
2 + 𝑠𝑡𝑑

𝑆𝑂𝐶[𝐿]
2 + 2 × 𝑐𝑜𝑣

𝑆𝑂𝐶[0, 𝐿−1], 𝑆𝑂𝐶[𝐿]
 (16) 

 

 

  𝑐𝑜𝑣
𝑆𝑂𝐶[0, 𝐿−1], 𝑆𝑂𝐶[𝐿]

= ρ
𝑆𝑂𝐶[0, 𝐿−1], 𝑆𝑂𝐶[𝐿]

× 𝑠𝑡𝑑
𝑆𝑂𝐶 [0, 𝐿−1]

× 𝑠𝑡𝑑
𝑆𝑂𝐶 [𝐿] (17) 

 
 
where  

●​  is the standard deviation of the soil profile soil organic carbon within the top 𝑠𝑡𝑑
𝑆𝑂𝐶 [0, 𝐿]

30 cm in Mg C/ha. 
●​  = Pearson’s correlation between SOC of layer L and all SOC above layer ρ

𝑆𝑂𝐶[0, 𝐿−1], 𝑆𝑂𝐶[𝐿]

L. This can be calculated iteratively. Because the SOC stock in each deeper layer is 
highly correlated to the sum of SOC in layers above it,  is generally close ρ

𝑆𝑂𝐶[0, 𝐿−1], 𝑆𝑂𝐶[𝐿]

to 1, and this behaves like a linear addition of uncertainties rather than the root sum of 
squared uncertainties. 

 
Calculated iteratively and simplified, this becomes: 
  

 𝑠𝑡𝑑
𝑆𝑂𝐶 [0, 𝐿]

= 𝑠𝑡𝑑
𝑆𝑂𝐶[0]
2 +

𝑖=1

𝐿

∑ 𝑠𝑡𝑑
𝑆𝑂𝐶[𝑖]
2 + 2 × 𝑐𝑜𝑣

𝑆𝑂𝐶[0, 𝑖−1], 𝑆𝑂𝐶[𝑖]( ) (18) 

 

  

  

 
●​  

 
 
7.​ Calculate a weighted mean SOC stock and associated uncertainty for plots that share 

the same treatment. 
This was calculated as follows: 

 𝑆𝑂𝐶
𝑡𝑟𝑡

= 𝑖=1

𝑚

∑ 𝑆𝑂𝐶
𝑖

𝑚
(19) 

  𝑠𝑡𝑑
𝑆𝑂𝐶𝑡𝑟𝑡

= 𝑖=1

𝑚

∑ 𝑠𝑡𝑑
𝑆𝑂𝐶, 𝑖
2

𝑚
(20) 
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where  
●​  is the number of plots within a treatment. 𝑚

 
 
8.​ Calculate the uncertainty associated with the net change in SOC stock estimates 

between two treatments (baseline and project scenario) over time. 
Mirroring how net GHG emission reductions and removals are calculated in CAR SEP, this step 
calculates the difference between SOC stock changes in each study’s conventional (baseline) 
and regenerative (project) treatments in order to calculate SOC stock change due to practice 
changes. This essentially requires two sets of comparisons, in either order: 
 

●​ compare the starting and ending SOC for each treatment to calculate change in SOC. 
●​ compare SOC change over time between the baseline and regenerative treatments. 

 
Note that the degrees of freedom of the difference of SOC differences is the total number of 
observations used in this comparison: 4. 
 

  ∆
𝑇𝑖𝑚𝑒𝑆𝑂𝐶

=  𝑆𝑂𝐶
𝑓𝑖𝑛𝑎𝑙

 − 𝑆𝑂𝐶
𝑖𝑛𝑖𝑡𝑖𝑎𝑙

 (21) 

 𝑠𝑡𝑑
∆𝑇𝑖𝑚𝑒𝑆𝑂𝐶

=  𝑠𝑡𝑑
𝑆𝑂𝐶𝑓𝑖𝑛𝑎𝑙
2 + 𝑠𝑡𝑑

𝑆𝑂𝐶𝑖𝑛𝑖𝑡𝑖𝑎𝑙
2 − 2 × 𝑐𝑜𝑣

𝑆𝑂𝐶𝑓𝑖𝑛𝑎𝑙, 𝑆𝑂𝐶𝑖𝑛𝑖𝑡𝑖𝑎𝑙
 (22) 

 𝑐𝑜𝑣
𝑆𝑂𝐶𝑓𝑖𝑛𝑎𝑙, 𝑆𝑂𝐶𝑖𝑛𝑖𝑡𝑖𝑎𝑙

= ρ
𝑆𝑂𝐶𝑓𝑖𝑛𝑎𝑙, 𝑆𝑂𝐶𝑖𝑛𝑖𝑡𝑖𝑎𝑙

× 𝑠𝑡𝑑
𝑆𝑂𝐶𝑓𝑖𝑛𝑎𝑙

 × 𝑠𝑡𝑑
𝑆𝑂𝐶𝑖𝑛𝑖𝑡𝑖𝑎𝑙 (23) 

 𝑑𝑓
𝑆𝑂𝐶𝑓𝑖𝑛𝑎𝑙, 𝑆𝑂𝐶𝑖𝑛𝑖𝑡𝑖𝑎𝑙

= 𝑛
𝑆𝑂𝐶𝑓𝑖𝑛𝑎𝑙

 +   𝑛
𝑆𝑂𝐶𝑖𝑛𝑖𝑡𝑖𝑎𝑙

 − 2 (24) 

 
where  

●​  and  are two different SOC treatment mean estimates, e.g., a starting 𝑆𝑂𝐶
𝑖𝑛𝑖𝑡𝑖𝑎𝑙

𝑆𝑂𝐶
𝑓𝑖𝑛𝑎𝑙

(initial) and an ending (final) SOC measurement for a single treatment. 
●​  is degrees of freedom. 𝑑𝑓

𝑆𝑂𝐶𝑓𝑖𝑛𝑎𝑙, 𝑆𝑂𝐶𝑖𝑛𝑖𝑡𝑖𝑎𝑙

 
 

 ∆
𝑡𝑟𝑡

∆
𝑇𝑖𝑚𝑒

𝑆𝑂𝐶 = ∆
𝑇𝑖𝑚𝑒

𝑆𝑂𝐶
𝑟𝑒𝑔𝑒𝑛𝑒𝑟𝑎𝑡𝑖𝑣𝑒

− ∆
𝑇𝑖𝑚𝑒

𝑆𝑂𝐶
𝑐𝑜𝑛𝑣𝑒𝑛𝑡𝑖𝑜𝑛𝑎𝑙 (25) 

𝑠𝑡𝑑
∆𝑡𝑟𝑡∆𝑇𝑖𝑚𝑒𝑆𝑂𝐶

= 𝑠𝑡𝑑
∆𝑇𝑖𝑚𝑒𝑆𝑂𝐶𝑟𝑒𝑔𝑒𝑛
2 + 𝑠𝑡𝑑

∆𝑇𝑖𝑚𝑒𝑆𝑂𝐶𝑐𝑜𝑛𝑣
2 − 2 × 𝑐𝑜𝑣

∆𝑇𝑖𝑚𝑒𝑆𝑂𝐶𝑟𝑒𝑔𝑒𝑛, ∆𝑇𝑖𝑚𝑒𝑆𝑂𝐶𝑐𝑜𝑛𝑣
  (26) 

𝑐𝑜𝑣
∆𝑇𝑖𝑚𝑒𝑆𝑂𝐶𝑟𝑒𝑔𝑒𝑛, ∆𝑇𝑖𝑚𝑒𝑆𝑂𝐶𝑐𝑜𝑛𝑣

= ρ
∆𝑇𝑖𝑚𝑒𝑆𝑂𝐶𝑟𝑒𝑔𝑒𝑛, ∆𝑇𝑖𝑚𝑒𝑆𝑂𝐶𝑐𝑜𝑛𝑣

× 𝑠𝑡𝑑
∆𝑇𝑖𝑚𝑒𝑆𝑂𝐶𝑟𝑒𝑔𝑒𝑛

 × 𝑠𝑡𝑑
∆𝑇𝑖𝑚𝑒𝑆𝑂𝐶 (27) 

 𝑑𝑓
∆𝑡𝑟𝑡∆𝑇𝑖𝑚𝑒𝑆𝑂𝐶

= 𝑑𝑓
∆𝑇𝑖𝑚𝑒𝑆𝑂𝐶𝑟𝑒𝑔𝑒𝑛

 +   𝑑𝑓
∆𝑇𝑖𝑚𝑒𝑆𝑂𝐶𝑐𝑜𝑛𝑣

 (28) 

 
where  
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●​  and  are SOC mean differences, e.g., the ∆
𝑇𝑖𝑚𝑒

𝑆𝑂𝐶
𝑟𝑒𝑔𝑒𝑛𝑒𝑟𝑎𝑡𝑖𝑣𝑒

∆
𝑇𝑖𝑚𝑒

𝑆𝑂𝐶
𝑐𝑜𝑛𝑣𝑒𝑛𝑡𝑖𝑜𝑛𝑎𝑙

difference between starting and ending SOC for the regenerative and conventional 
treatments, respectively. 

 
 
9.​ Convert to Mg CO2e/year. 
The study duration and conversion between SOC as C and SOC as CO2 equivalents are treated 
as scalars with no associated uncertainty. All  and  values are divided ∆

𝑡𝑟𝑡
∆

𝑇𝑖𝑚𝑒
𝑆𝑂𝐶 𝑠𝑡𝑑

∆𝑡𝑟𝑡∆𝑇𝑖𝑚𝑒𝑆𝑂𝐶
 

by the study length and multiplied by the C-CO2 conversion factor, which is the molar mass of 
CO2 divided by the molar mass of carbon (44 / 12). The  values are then converted 𝑠𝑡𝑑

∆𝑡𝑟𝑡∆𝑇𝑖𝑚𝑒𝑆𝑂𝐶

from standard deviations into standard errors. Like Step 2, this step combines replicate 
observations into a mean per plot with associated uncertainties; however, there are now 
additional degrees of freedom when treatment means are calculated from individual plots. Thus, 
the n count is reset to 1 for each plot-specific uncertainty. 
 
For each treatment difference in each study, 
 

 𝑆𝑡𝑑𝑒𝑟𝑟
∆𝑡𝑟𝑡∆𝑇𝑖𝑚𝑒𝑆𝑂𝐶

=
𝑠𝑡𝑑

∆𝑡𝑟𝑡∆𝑇𝑖𝑚𝑒𝑆𝑂𝐶

𝑑𝑓
∆𝑡𝑟𝑡∆𝑇𝑖𝑚𝑒𝑆𝑂𝐶

 (29) 

 
 
 
10.​Pool by practice category. 
 
Lastly, the standard errors of each similar practice change category are pooled to get the PMU 
as requested in CAR SEP Model Requirements and Guidance Equation 3.2. 
 

 𝑃𝑀𝑈(𝑃𝐶) =  𝑗=1

𝑘

∑ 𝑆𝑡𝑑𝑒𝑟𝑟
∆∆𝑆𝑂𝐶,  𝑗

2· 𝑛
𝑗
−1( )

𝑗=1

𝑘

∑ 𝑛
𝑗
−1( )

   (30) 

 
 
where  

●​  is a practice change category with  observed comparisons across all studies. 𝑃𝐶 𝑘
 

6.3​ Model Bias vs PMU  
PMU is a function of the total depth of the soil profile for which SOC stocks were measured or 
modeled. Total soil depth measured varied by study and scenario comparison. Although this 
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analysis limited calculations to measurements in the top 30 cm, depth of measurements was still 
variable, with some studies sampling only the top 5 or 10 cm and others sampling the full 30 cm 
profile. A linear regression with depth as an independent variable was fit to the PMU data from 
all studies within each practice change category as per the equations below.   
 

 𝑆𝑜𝑖𝑙𝑃𝑀𝑈 = 0. 16 × 𝑆𝑜𝑖𝑙𝐷𝑒𝑝𝑡ℎ (31) 

 𝐶𝑟𝑜𝑝𝑠𝑃𝑀𝑈 = 0. 22 × 𝑆𝑜𝑖𝑙𝐷𝑒𝑝𝑡ℎ (32) 

 
For   30 cm 𝑆𝑜𝑖𝑙𝐷𝑒𝑝𝑡ℎ ≤
 
where: 

●​  and  (Mg CO2e/acre/year) are the soil disturbance and cropping 𝑆𝑜𝑖𝑙𝑃𝑀𝑈 𝐶𝑟𝑜𝑝𝑠𝑃𝑀𝑈
PC-dependent PMU values. 

●​  is the total soil depth for which the PMU is calculated in cm. 𝑆𝑜𝑖𝑙𝐷𝑒𝑝𝑡ℎ
 

 
Figure 9: Graph depicting the linear regression fit to the PMU for each practice change category and 
study depth. 
 
To address the challenge posed by PC and soil depth effects on PMU, these equations were 
then used to estimate an aggregate PMU for each PC/CFG combination using scenario 
comparison-specific PMUs as follows: 
 

​  𝐴𝑔𝑔𝑟𝑒𝑔𝑎𝑡𝑒𝑃𝑀𝑈 = 1
𝑛

𝑖=1

𝑛

∑ 𝐶𝑜𝑚𝑝𝑎𝑟𝑖𝑠𝑜𝑛𝑃𝑀𝑈
𝑖 (33) 

 
where 

●​  is the aggregate (mean) PMU across all comparisons involved 𝐴𝑔𝑔𝑟𝑒𝑔𝑎𝑡𝑒𝑃𝑀𝑈
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●​  is the PMU associated with a specific (baseline, regenerative) scenario 𝐶𝑜𝑚𝑝𝑎𝑟𝑖𝑠𝑜𝑛𝑃𝑀𝑈
comparison, calculated using Eq. 30 for the Soil Disturbance PC and Eq. 31 for the 
Cropping PC. 

●​  is the total number of comparisons 𝑛
 

Table 14: Mean Model Bias and Aggregate PMU for each PC/CFG for a depth of 30 cm 

PC/CFG Mean Model Bias 
Mg CO2e/ac/yr 

Aggregate PMU  
Mg CO2e/ac/yr 

|Bias| ≤ 
PMU? 

Soil Disturbance / C4 
Annual Grass -0.1 4.26 

Yes 

Soil Disturbance / Annual 
Legume -0.1 4.28 

Yes 

Soil Disturbance / C3 
Annual Grass 0.09 2.95 

Yes 

Cropping / C4 Annual 
Grass -0.05 5.61 

Yes 

Cropping / Annual 
Legume -0.05 5.82 

Yes 

Cropping / C3 Annual 
Grass -0.08 3.2 

Yes 
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Figure 10: Graphs depicting the model bias (orange circles) and PMU (blue circles) for each study in a 
PC/CFG, as well as the mean model bias (orange line) and aggregate PMU (blue line) for each PC/CFG.  
Note that data in the graphs for each CFG come from studies in which a given CFG was grown as a 
standalone crop or part of a crop rotation. 

6.4​ Complete Example of Derivation of Model Bias and Comparison 
to PMU 

6.4.1​ Observed soil carbon credit 
The Senthilkumar-2009 dataset contains one comparison of a baseline practice (chisel plow) to 
a regenerative practice (no till), both executed under the same field conditions in a 
corn-soy-winter wheat rotation at the Kellogg Biological Station in Michigan. The dataset was 
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described in detail in Senthilkumar et al. (2009). Following the nomenclature used in this report, 
the Practice Category (PC) is soil, the Crop Functional Groups (CFG) are C4 Annual Grass 
(corn), C3 Annual Grass (winter wheat), and Annual Legume (soy).  

 
The study provides measurements of soil carbon concentrations (in g/kg) for a single soil layer 
(0-20 cm), with initial and final SOC measurements taken respectively on May 15, 1986, and 
May 15, 2007 (Table 15). Soil bulk density was needed to calculate SOC stock from the SOC 
concentration. The only bulk density measurement available for this dataset was taken at the 
final sampling date (2007). This value was used for the calculation of both initial and final SOC 
stocks. 
 

Table 15: Measured initial (1986) and final (2007) soil carbon data for 
Senthilkumar-2009 

Treatment 
(tillage) 

Bottom 
soil  
layer (cm) 

Initial 1986 data Final (2007) data 

SOC (g/kg) Bulk density 
(g/cm3) 

SOC (g/kg) Bulk density 
(g/cm3) 

Chisel 20 9.8 1.37* 9.5 1.37 

No till 20 7.4 1.42* 8.3 1.42 

*Estimated based on measured bulk density in the same treatment in other years 

 
The calculation of the measured SOC stock for the 0-20 cm soil layer was performed following 
Eq. 1, adapted for the Senthilkumar dataset: 
 

​  𝑆𝑂𝐶
𝑠𝑡𝑜𝑐𝑘

= 𝑆𝑂𝐶
𝐶𝑜𝑛𝑐

× 1000 × 𝐵𝐷 × 𝑙𝑎𝑦𝑒𝑟 𝑡ℎ𝑖𝑐𝑘𝑛𝑒𝑠𝑠 × 0. 01 × 0. 01 (34) 

 
where 

●​  is SOC concentration in g/kg. 𝑆𝑂𝐶
𝐶𝑜𝑛𝑐

●​  is a conversion factor for the SOC concentration from g/kg to g/Mg. 1000
●​  is bulk density in g/cm3, which is equivalent to Mg/m3. 𝐵𝐷
●​  is the thickness of the soil layer in cm. 𝑙𝑎𝑦𝑒𝑟 𝑡ℎ𝑖𝑐𝑘𝑛𝑒𝑠𝑠
●​  is the conversion of the soil thickness from cm to m. 0. 01
●​  is also the conversion of calculated SOC stock from g C/m2 to Mg C/ha. 0. 01

 
Eq. 33 is solved using data from Table 15 to obtain the SOC stocks for the 0-20 cm layer. 
 

Calculation of measured SOC stock in the 0-20 cm soil layer 
 

 𝑆𝑂𝐶𝐶ℎ𝑖𝑠𝑒𝑙
𝑖𝑛𝑖𝑡𝑖𝑎𝑙0−20𝑐𝑚

= (9. 8 * 1000) * (1. 37) * (20 * 0. 01) * 0. 01 = 26. 852 𝑀𝑔 𝐶/ℎ𝑎
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 𝑆𝑂𝐶𝑁𝑜𝑇𝑖𝑙𝑙
𝑖𝑛𝑖𝑡𝑖𝑎𝑙0−20𝑐𝑚

= (7. 4 * 1000) * (1. 42) * (20 * 0. 01) * 0. 01 = 21. 016 𝑀𝑔 𝐶/ℎ𝑎

 
 𝑆𝑂𝐶𝐶ℎ𝑖𝑠𝑒𝑙

𝑓𝑖𝑛𝑎𝑙0−20𝑐𝑚
= (9. 5 * 1000) * (1. 37) * (20 * 0. 01) * 0. 01 = 26. 03 𝑀𝑔 𝐶/ℎ𝑎

 𝑆𝑂𝐶𝑁𝑜𝑇𝑖𝑙𝑙
𝑓𝑖𝑛𝑎𝑙0−20𝑐𝑚

= (8. 3 * 1000) * (1. 42) * (20 * 0. 01) * 0. 01 = 23. 572 𝑀𝑔 𝐶/ℎ𝑎

 
Since the Senthilkumar dataset contains only a single soil layer, the soil profile SOC stocks at 
the initial and final measurement dates are equal to the single-layer SOC stocks: 
 

Calculation of measured whole-profile SOC stocks 
 

 𝑆𝑂𝐶𝐶ℎ𝑖𝑠𝑒𝑙
𝑖𝑛𝑖𝑡𝑖𝑎𝑙

= 26. 852 𝑀𝑔 𝐶/ℎ𝑎

 𝑆𝑂𝐶𝑁𝑜𝑇𝑖𝑙𝑙
𝑖𝑛𝑖𝑡𝑖𝑎𝑙

= 21. 016 𝑀𝑔  𝐶/ℎ𝑎

 
 𝑆𝑂𝐶𝐶ℎ𝑖𝑠𝑒𝑙

𝑓𝑖𝑛𝑎𝑙
= 26. 030 𝑀𝑔 𝐶/ℎ𝑎

 𝑆𝑂𝐶𝑁𝑜𝑇𝑖𝑙𝑙
𝑓𝑖𝑛𝑎𝑙

= 23. 572 𝑀𝑔 𝐶/ℎ𝑎

 
The exact carbon sequestration rates are calculated as the ratio of the carbon stock differences 
to the date differences, between the initial and final sample dates (Eq. 3): 
 

Calculation of measured carbon sequestration rates 
 

 𝑆𝑒𝑞𝑅𝑎𝑡𝑒
𝐶ℎ𝑖𝑠𝑒𝑙

= (26. 03 − 26. 852) ÷  21 =  − 0. 039 𝑀𝑔 𝐶/ℎ𝑎/𝑦𝑒𝑎𝑟

 𝑆𝑒𝑞𝑅𝑎𝑡𝑒
𝑁𝑜𝑇𝑖𝑙𝑙

= (23. 572 − 21. 016) ÷  21 =  0. 122 𝑀𝑔 𝐶/ℎ𝑎/𝑦𝑒𝑎𝑟

 
The denominator 21 is the duration of the study (in years), obtained by taking the date 
difference between the initial sampling in May 1986 and the final sample date in May 2007. 
 
By definition, a carbon credit is the yearly soil carbon effect, in CO2-equivalent per unit area, of 
applying a regenerative treatment to a field instead of a baseline treatment. In the case of the 
Senthilkumar-2009 study, soil carbon was lost at a rate of 39 kg/ha/yr under chisel plow, and 
gained at a rate of 122 kg/ha/year under no till. This differential effect translates into the 
regenerative no-till practice preventing 122 + 39 = 161 kg/ha of SOC from leaving the soil each 
year, and a net positive effect on soil organic matter.  
 

Calculation of measured carbon credit 
 

 𝐶𝑎𝑟𝑏𝑜𝑛𝐶𝑟𝑒𝑑𝑖𝑡 = (0. 122 − (− 0. 039)) × 0. 4047 × (44/12) = 0. 24 𝑀𝑔 𝐶𝑂
2
𝑒/𝑎𝑐𝑟𝑒/𝑦𝑒𝑎𝑟
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with  
●​ 0.4047 the conversion factor from Mg/ha to Mg/acre 
●​ 44/12 the conversion factor from elemental C to a molecule of CO2 (molar mass of C = 

12 g, molar mass of CO2 = 44 g). 
 

 

6.4.2​ Simulated soil carbon credit 
A SALUS simulation was run using location and management information from Senthilkumar et 
al. (2009) to mimic the growing conditions of the field experiment and soil carbon dynamics. In 
general, depending on the level of detail provided by a dataset, all or parts of the SALUS input 
requirements for creating such an experiment may or may not be satisfied. As described in 
Section 5.1, when required input data are missing from a dataset, they are inferred using CIBO’s 
management inference models. A summary of input data used to run the SALUS simulation for 
the Senthilkumar-2009 study is provided in Table 16. 
 

Table 16: Description of SALUS’ input requirements and data sources used to satisfy 
those requirements to run a simulation that mimics field conditions during the 
Senthilkumar-2009 study 

SALUS input requirement Information from the 
paper used to produce the 
input 

Source or additional 
information inferred using 
CIBO’s models 

Weather (daily rainfall, 
maximum and minimum 
temperature, and solar 
radiation) 

Geographic coordinates of 
the field (latitude and 
longitude) 

CIBO’s weather service. 
CIBO pulls weather data from 
PRISM. PRISM is a gridded 
climate data product available 
from Oregon State University 
that interpolates climate data 
from multiple monitoring 
networks. More information 
on CIBO’s weather and soil 
service (below) is provided in 
the “CIBO Initiative for 
Scaling Regenerative 
Agriculture” PDD. 

Soil physical and chemical 
properties (by layer) 

Geographic coordinates of 
the field and soil type 

CIBO’s soil service (based on 
SSURGO) and soil sample 
data if available 

Rotation sequence (crops 
grown) 

Available from paper - 

Characteristics of cultivar Not available in paper CIBO’s crop cultivar models 
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grown (e.g. relative maturity) 

Study years and duration Available from paper - 

Study treatments (tillage) Available from paper - 

Planting date by year Not available in paper CIBO’s planting date model 

Planting density Available from paper for 
corn and soy 

CIBO’s planting density 
model for wheat 

Fertilizer amount Not available in paper CIBO’s fertilizer amount 
model 

 
Since measured initial soil carbon data were available for the Senthilkumar-2009 study (Table 
15) the SALUS model was initialized using those data complemented by soil physical and 
chemical properties from CIBO’s SSURGO-based soil service, and executed to produce 
simulated SOC outputs by layer. The simulation runs on a daily basis, but simulated SOC 
outputs were extracted at only the initial and final dates in 1986 and 2007.  
 

Table 17: Simulated initial and final soil carbon stocks for Senthilkumar-2009 

Treatment 
(tillage) 

Bottom soil 
layer (cm) 

Simulated SOC stock at 
initial date  (1986) in Mg 
C/ha 

Simulated SOC stock at 
final date (2007) in Mg C/ha 

Chisel 20 26.060 21.185 

No till 20 21.306 20.273 

 
The procedure for calculating the simulated carbon credit is similar to that used for calculating 
the measured carbon credit; using simulated model outputs from Table 17, simulated SOC 
stocks are calculated for the soil profile, the simulated carbon sequestration rates are then 
calculated based on simulated initial and final SOC stocks and simulation duration, and lastly 
the carbon credit is calculated based on the difference between regenerative and baseline 
carbon sequestration rates. 
 

Calculation of simulated profile SOC stocks 
 
SALUS simulates SOC stocks (Mg C/ha) for several layers which are combined to arrive at 
the total SOC stocks for the 0-20 cm sampled in the study.  
 

 𝑆𝑂𝐶𝐶ℎ𝑖𝑠𝑒𝑙
𝑖𝑛𝑖𝑡𝑖𝑎𝑙

= 26. 060 𝑀𝑔 𝐶/ℎ𝑎

 𝑆𝑂𝐶𝑁𝑜𝑇𝑖𝑙𝑙
𝑖𝑛𝑖𝑡𝑖𝑎𝑙

= 21. 306 𝑀𝑔 𝐶/ℎ𝑎
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 𝑆𝑂𝐶𝐶ℎ𝑖𝑠𝑒𝑙
𝑓𝑖𝑛𝑎𝑙

= 21. 185 𝑀𝑔 𝐶/ℎ𝑎

 𝑆𝑂𝐶𝑁𝑜𝑇𝑖𝑙𝑙
𝑓𝑖𝑛𝑎𝑙

= 20. 273 𝑀𝑔 𝐶/ℎ𝑎

 

Calculation of simulated carbon sequestration rates 
 

 𝑆𝑒𝑞𝑅𝑎𝑡𝑒
𝐶ℎ𝑖𝑠𝑒𝑙

= (21. 185 − 26. 060) ÷  21. 2 =− 0. 23 𝑀𝑔 𝐶/ℎ𝑎/𝑦𝑒𝑎𝑟

 𝑆𝑒𝑞𝑅𝑎𝑡𝑒
𝑁𝑜𝑇𝑖𝑙𝑙

= (20. 273 − 21. 306) ÷  21. 2 =− 0. 05 𝑀𝑔 𝐶/ℎ𝑎/𝑦𝑒𝑎𝑟

 

Calculation of simulated carbon credit 
 

 𝐶𝑎𝑟𝑏𝑜𝑛𝐶𝑟𝑒𝑑𝑖𝑡 = (− 0. 05 − (− 0. 23)) × 0. 4047 × (44/12) = 0. 27 𝑀𝑔 𝐶𝑂
2
𝑒/𝑎𝑐𝑟𝑒/𝑦𝑒𝑎𝑟

 

6.4.3​ Model Bias for Senthilkumar 2009 
Following Eq. 5, the model bias for the Senthilkumar-2009 study is the difference between the 
simulated and measured carbon credits, averaged across all baseline vs. regenerative scenario 
comparisons: 
 

 𝑀𝑜𝑑𝑒𝑙𝐵𝑖𝑎𝑠 = 0. 27 − 0. 24 = 0. 03 𝑀𝑔 𝐶𝑂
2
𝑒/𝑎𝑐𝑟𝑒/𝑦𝑒𝑎𝑟

6.4.4​ Pooled Measurement Uncertainty for Senthilkumar 2009 
Using the generalized relationship between PMU and soil depth for the Soil Disturbance 
practice category (Eq. 30), the PMU for the Senthilkumar-2009 study can be calculated as: 
 

 𝑃𝑀𝑈 = 0. 16 × 20𝑐𝑚 = 3. 2 𝑀𝑔 𝐶𝑂
2
𝑒/𝑎𝑐/𝑦𝑟

 
The model bias of 0.03 is significantly smaller than the PMU value of 3.2, indicating that the 
error associated with the model’s simulation of carbon credit is smaller than the error associated 
with calculating carbon credit directly from soil carbon samples.  
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7​ Evaluating Model Prediction Error 
Using the same validation datasets described above that were used to determine mean model 
bias and PMU, CIBO then calculated model uncertainty following a frequentist approach similar 
to that demonstrated in CAR SEP Model Requirements and Guidance Figure 3.3, which 
assumes model prediction errors are normally distributed. For each pair of measured and 
modeled SOC stock change for a given PC/CFG combination, CIBO calculated the model 
residuals, the difference between modeled and measured annual net SOC sequestration (Figure 
12, in terms of carbon credits or Mg CO2e/ac/yr).  

 
Figure 11: Histogram of the residuals. Note that data in the graphs for each CFG come from studies in 
which a given CFG was grown as a standalone crop or part of a crop rotation. 
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Figure 12: Scatterplot of the model predictions (simulated credit) versus the measurements (observed 
credit) for each PC/CFG combination. Note that data in the graphs for each CFG come from studies in 
which a given CFG was grown as a standalone crop or part of a crop rotation. 
 
To compute uncertainty of the modeled results, CIBO then calculated the standard deviation of 
the model residuals for a given PC/CFG combination using the residuals and PC/CFG-specific 
model biases (MeanModelError calculated in Equation 5 above) as follows: 
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​  𝑆𝑡𝑑𝑀𝑜𝑑𝑒𝑙𝐸𝑟𝑟𝑜𝑟 = 1
𝑛−1

𝑖=1

𝑛

∑ (𝑀𝑜𝑑𝑒𝑙𝑅𝑒𝑠𝑖𝑑𝑢𝑎𝑙
𝑖

− 𝑀𝑒𝑎𝑛𝑀𝑜𝑑𝑒𝑙𝐸𝑟𝑟𝑜𝑟)2( )0.5

(35) 

 
The resulting standard deviation of model error ( ) is then multiplied by 1.64 to 𝑆𝑡𝑑𝑀𝑜𝑑𝑒𝑙𝐸𝑟𝑟𝑜𝑟
calculate the radius of the model prediction interval  in units Mg CO2e/acre/year: 

 𝑀𝑜𝑑𝑒𝑙𝑃𝐼𝑅𝑎𝑑𝑖𝑢𝑠 =  1. 64 ×  𝑆𝑡𝑑𝑀𝑜𝑑𝑒𝑙𝐸𝑟𝑟𝑜𝑟 (36) 

 
Under the CAR SEP Model Requirements and Guidance, measured versus modeled results are 
compared for each PC/CFG/ES combination, and the Validation Report should demonstrate that 
the 90% prediction intervals contain the measured value for at least 90% of the validation data. 
This criteria applied is thus: 

​  𝑀𝑜𝑑𝑒𝑙𝑅𝑒𝑠𝑖𝑑𝑢𝑎𝑙
𝑖| |𝑛

𝑖=1
≤ 𝑀𝑜𝑑𝑒𝑙𝑃𝐼𝑅𝑎𝑑𝑖𝑢𝑠 (37) 

The count of i for which Eq 36 is true must represent at least 90% of n (the number of 
comparisons in a given PC/CFG combination). 
 
Although CAR SEP Model Requirements and Guidance requires that observed versus 
simulated results “demonstrate a minimum confidence coverage of 90% for 90% prediction 
intervals (i.e., the 90% prediction intervals should contain the measured value for at least 90% 
of the validation data),” by definition, a 90% prediction interval should have about 90% of points 
falling within the interval. Thus, it is not expected that a 90% prediction interval should contain 
measured values for a minimum of 90% of the validation data, particularly since the model error 
term used to develop prediction intervals was drawn from the same dataset being tested. 
Accordingly, the results of CIBO’s analysis of model prediction error align with the expected 
outcome of setting a 90% prediction interval. Approximately 90% of the measured values fall 
within the 90% prediction interval for all six PC/CFG combinations. Five of the six PC/CFG 
combinations meet or just exceed this threshold, as do also the soil disturbance PC as a whole, 
the cropping PC as a whole, and the entire dataset as a whole.  
 
The standard deviation of model error ( ), prediction interval ( ), 𝑆𝑡𝑑𝑀𝑜𝑑𝑒𝑙𝐸𝑟𝑟𝑜𝑟 𝑀𝑜𝑑𝑒𝑙𝑃𝐼𝑅𝑎𝑑𝑖𝑢𝑠
and percent of observations within the prediction interval for each PC/CFG combination are 
reported in Table 18, below, and the prediction interval of each PC/CFG combination is depicted 
in Figure 13. 
 
Table 18: Results of Model Prediction Error Analysis 
PC CFG Mean model 

bias  
Mg CO2e/ac/yr 

Standard 
Deviation of 
Model Error 
Mg CO2e/ac/yr 

Prediction 
Interval 
Radius 
Mg CO2e/ac/yr 

% of 
Observations 
within 
Prediction 
Interval 

RMSE ​
Mg CO2e/ac/yr 

Soil C4 Annual -0.1 0.54 0.89 91 0.55 
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disturbance Grass 

Soil 
disturbance 

Annual 
Legume -0.1 0.52 0.85 90 0.53 

Soil 
disturbance 

C3 Annual 
Grass 0.09 0.85 1.39 92 0.82 

Cropping 
C4 Annual 
Grass -0.05 0.42 0.69 91 0.42 

Cropping 
Annual 
Legume -0.05 0.37 0.61 92 0.37 

Cropping 
C3 Annual 
Grass -0.08 0.67 1.1 88 0.66 

All Categories All Crops -0.07 0.49 0.8 90 0.49 

soil All Crops -0.09 0.55 0.9 92 0.56 

cropping All Crops -0.05 0.41 0.67 91 0.42 
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Figure 13: Simulated vs observed credits with the Prediction Interval for each PC/CFG combination. 
90% or more of the simulations overlap with the 1:1 line (orange) for all PC/CFG combinations except 
Cropping/C3 Annual Grass, demonstrating the model meets the required 90% threshold.  Note that data 
in the graphs for each CFG come from studies in which a given CFG was grown as a standalone crop 
or part of a crop rotation. 
 
The one combination that does not meet or surpass the 90% threshold is cropping/C3 Annual 
Grass, for which 88% of the observations fall within the 90% prediction interval. A near-90% 
result is nonetheless aligned with the expected result of setting the prediction interval at 90%, 
especially when considering the smaller validation dataset size for this PC/CFG combination 
and its non-normal distribution.  
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Statistically, the requirement that 90% of the measured values are contained within the 90% 
prediction interval can be rewritten, considering Y as a random variable representing the model 
residuals, as: 
 

​  𝑃𝑟𝑜𝑏(𝑎 · 𝑆𝑡𝑑𝑀𝑜𝑑𝑒𝑙𝐸𝑟𝑟𝑜𝑟 ≤ 𝑌 ≤ 𝑏 · 𝑆𝑡𝑑𝑀𝑜𝑑𝑒𝑙𝐸𝑟𝑟𝑜𝑟) = 0. 90 (38) 

 
This equation is a characteristic of a normal distribution with a mean of 0, a standard deviation 
of , and a and b as parameters. The value of the coefficient b suggested in CAR 𝑆𝑡𝑑𝑀𝑜𝑑𝑒𝑙𝐸𝑟𝑟𝑜𝑟
SEP Model Requirements and Guidance is 1.64 (with a = -b = -1.64), which corresponds to the 
approximate value of the z-score for a standard normal distribution such that 

 (the exact value is 1.645). 𝑃𝑟𝑜𝑏(− 𝑍 ≤ 𝑥 ≤ 𝑍) = 0. 90
 
Achieving a 90% prediction interval coverage as specified in Eq. 37 can be greatly 
compromised by the lack of symmetry and the presence of outliers in the distribution of Y, two 
characteristics present in CIBO’s validation datasets. 
 
Thus, to ensure that the prediction interval for the Cropping/C3 Annual Grass combination that 
does not meet the 90% requirement was appropriately set, CIBO also calculated the standard 
deviation multipliers (a and b in Eq. 37) that would result in the 90% interval coverage by solving 
Eq. 37 using the empirical density function of the underlying data. This means that a is the ratio 
of the 5th percentile to , and b is the ratio of the 95th percentile to 𝑆𝑡𝑑𝑀𝑜𝑑𝑒𝑙𝐸𝑟𝑟𝑜𝑟

.  𝑆𝑡𝑑𝑀𝑜𝑑𝑒𝑙𝐸𝑟𝑟𝑜𝑟
 
The values of a and b obtained using this approach were -1.81 and 1.65 respectively, which 
differ slightly from the standard normal distribution values of -1.64 and 1.64 (Figure 14), and 
were not equal in absolute value, indicating that the lack of perfect symmetry in the distribution 
of residuals does indeed have an impact on the prediction interval coverage. The adjusted 
interval is only slightly wider than the original interval and contains only one additional data 
point. 
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Figure 14: Comparison of original model prediction interval (black vertical dashed lines) to the adjusted 
interval (orange vertical dashed lines) needed to achieve the 90% coverage for Cropping PC and the C3 
Annual Grass CFG.  
 
Thus, this analysis concludes that the model prediction error term and 90% prediction interval 
have been appropriately set for all six PC/CFG combinations and that the resulting percents of 
measured values contained within each prediction interval are consistent with the definition of a 
90% prediction interval, as all six PC/CFG combinations have about 90% of points falling within 
the interval.  
 
Lastly, SEP Model Requirements and Guidance allows for–but does not require–correcting for 
time since measurement when determining model uncertainty. Where Validation Reports do not 
take time since measurement into consideration, a single mixed-duration estimate of model 
error is allowed and conservative. CIBO’s Validation Report does not consider time since 
measurement. This does not affect the model’s validity but rather the appropriateness of the 
calculated model uncertainty for a given length of reporting period. As a Type 2 validated model, 
SALUS could be used in a range of projects with different reporting period lengths over time. 
Thus, its model uncertainty will be applied appropriately according to the guidelines provided by 
CAR.  

7.1​ Leave One Out Cross Validation Analysis 
In addition to calculating the 90% prediction interval using all of the available validation data, 
following the procedures specified in CAR SEP Model Requirements and Guidance, CIBO also 
used a Leave One Out Cross Validation (LOOCV) procedure to calculate the 90% prediction 
interval and evaluate if 90% of predictions fall within the interval. In this approach, one study is 
removed from the validation dataset, and the remaining studies are used to calculate the 
prediction interval using the same method as previously described. The prediction interval is 
then applied to model results for the withheld study to  determine if observations from that 
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withheld study fall within the prediction interval. This process is repeated until all studies have 
been isolated and independently tested against a prediction interval. LOOCV analysis ensures 
that the prediction interval is compared against independent observations that were not used in 
calculating the standard deviation of residuals. In other words, separating the data used to 
calculate the 90% prediction interval from the data used to test that interval is a more rigorous 
method for checking that the uncertainty bounds are set appropriately.  
 
The LOOCV analysis yielded similar results as above; all PC/CFG combinations met the 90% 
threshold except the Cropping/C3 Annual Grass combination (see Table 19 and Figure 15, 
below). As described above, outliers in the small validation dataset available for Cropping/C3 
Annual Grass skewed the results to be non-normal, which accounts for why the percent of 
observations within the 90% prediction interval is just below 90% despite the 90% prediction 
interval being appropriately set. 
 

Table 19: Comparison of Prediction Interval Radius and Percent of Observations 
within the Prediction Interval Radius for Analysis with- and without LOOCV 

 
PC 

 
CFG 

 
Number of 
Comparisons 

Without LOOCV With LOOCV 

Prediction 
Interval 
Radius 
Mg CO2e/ac/yr 

% of 
Observations 
within 
Prediction 
Interval 

Prediction 
Interval 
Radius 
Mg CO2e/ac/yr 

% of 
Observations 
within 
Prediction 
Interval 

soil C4 annual 
grass 

148 0.89 91 0.94 90 

soil annual 
legume 

104 0.85 90 0.9 90 

soil C3 annual 
grass 

13 1.39 92 1.31 92 

cropping C4 annual 
grass 

144 0.69 91 0.75 91 

cropping annual 
legume 

136 0.61 92 0.67 92 

cropping C3 annual 
grass 

34 1.1 88 1.08 82 

All 
Categories 

All Crops 298 0.8 90 0.86 90 

soil All Crops 153 0.9 92 0.96 91 

cropping All Crops 145 0.67 91 0.74 91 
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Figure 15: Simulated vs observed credits with the Prediction Interval for each PC/CFG combination, 
calculated using LOOCV. 90% or more of the simulations overlap with the 1:1 line (orange) for all 
PC/CFG combinations except Cropping/C3 Annual Grass, demonstrating the model meets the required 
90% threshold. A single outlier prevents Cropping/C3 Annual Grass from meeting the 90% threshold. 
Note that data in the graphs for each CFG come from studies in which a given CFG was grown as a 
standalone crop or part of a crop rotation. 
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8​ Appendix 
To access any of the materials in Appendix 8 for academic research purposes, mcoffin@cibotechnologies.com should be contacted 
directly. 
 

8.1​ SALUS Soil and Crop Parameters 
See “MVR 8.1 - Salus Soil and Crop Parameters.xlsx” provided as a separate, proprietary spreadsheet. 

8.2​ Summary of Validation Dataset 

8.3​ Full Accounting of Validation Dataset 
See “MVR 8.3 - Full Accounting_Validation Dataset.xlsx” provided as a separate spreadsheet. 

8.4​ Example Tabulation Spreadsheet 
See “MVR 8.4 - Example Tabulation_Senthilkumar-2009.xlsx” provided as a separate spreadsheet. 
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