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Abstract

Soil organic carbon (SOC) is the largest terrestrial carbon (C) sink on ta@sthool plays a

critical role in ecosystem processes and climate change. Given the cost and time required to
measure SOC, and particularly changes in SOC, many signatory nations to the United Nations
Framework"Convention on Climate Change report estimates of SOC stocks and stock changes
using default values from the Intergovernmental Panel on Climate Change or country-specific
models. In the United States (US), SOC in forests is monitored by the national forest inventory
(NFI) conducted by the Forest Inventory and Analysis (FIA) program within the US Department
of Agriculture;"Forest Service. The FIA program has been consistently measuring soil attributes
as part of the NFI since 2001 and has amassed an extensive inventory of SOC in forest land in
the conterminous US and southeast and southcentral coastal Alaska. That said, the FIA program
has been using country-specific predictions of SOC based, in part, upon a model using SOC
estimates+irom the State Soil Geographic (STATSGO) database compiled by the Natural
Resources.Conservation Service. Estimates obtained from the STATSGO database are averages
over large;map units and are not expddb provide accurate estimates for specific locations,

e.g., NFI pletsyTo improve the accuracy of SOC estimates in US forests, NFI SOC observations
were used for the first time to predict SOC density to a depth of 100 cm for all forested NFI
plots.Ineorporating soil-forming factors along with observations of SOC into a new estimation
framework resulted ia 75 percent (48+0.78 Mg-Hpincrease in SOC densities nationally. This
substantially‘increases the contribution of the SOC pd@m approximately 44 percent (17 Pg)

of the total forest ecosystem C stocks to 56 percent (28 iRghe forest C budget of the US.
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1 Introduction

Soil organie.carbon (SOC) is the largest terrestrial carbon (C) sink, and management of this pool
is a critical component offforts to mitigate atmospheric C concentrations (Post et al. 1982,
Jobbagy and Jackson 2000, Lal 2004, 2005, Tian et al. 2026)alSo & ects essential

biological sgehemical, and physical soil functions such as nutrient cycling, water retention, and
soil structure.(Lal 2001, Jandl et al. 2014). Globally, SOC stock estimates range from 425-2111
Pg in the first 100 cm (Tian 2015). Much oistlsOC is found in forest ecosystems (Lal 2005)

and is thought.to be relatively stable. However, there is growing evidence that SOC is sensitive
to global changeftects, particularly land use histories, resource management, and climate
(Jobbagy.and Jackson 2000, Guo &ifflord 2002, Davidson and Janssens 2006, Heimann and

Reichstein 2008, Nave et al. 2010, Nave et al. 2013, Tian et al. 2015).

Inventories.ef.SOC are necessary for soil quality assessments (Sikora and Stott 1996) and to
predict C cyeling (Ellert et al. 2002). But given the cost and time required to measure SOC,
many signatory. natiort® the United Nations Framework Convention on Climate Change report
estimates of SOC stocks and stock changes using default values from the Intergovernmental
Panel on E€limate Change (IPCC 2006) or country-specific models (Kurz and Apps 2006, Keith
et al. 2009). Country-specific models may be developed using estimates from landscape models
(Thompson and Kolka 2005), digital terrain models (Zushi 2006), or from data obtained directly
from soil inventories. Oftentimes, soil inventories are not representative of all land uses and

vegetation types, resulting in unquantified uncertainties in country-specific models (Amichev
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and Galbraith 2004). In the United Statgd$), SOC in forests is monitored by the national

forest inventory (NFI) conducted by the Forest Inventory and Analysis (FIA) program within the
US Department of Agriculture, Forest Servi€® Neill et al. 2005). The FIA program currently

uses SOC predictions based, in part, uporodel using SOC estimates from the State Soil
Geographic(STATSGO) database compiled by the Natural Resources Conservation Service
(NRCS) (Schwarz and Alexander 1995, Amichev and Galbraith 2004), hereafter referred to as
the country-specific model. The STATSGO estimates of SOC are averages over large map units
and are not expected to provide accurate estimates of SOC for specific locations (Homann et al.
1998). Furthermore, some STATSGO estimates are based upon expert judgment and/or lack
systematic field observations (Amichev and Galbraith 2004), but the country-specific model
predictions'based on these estimates have been used in past United Nations Framework

Convention an Climate Change reporting (EPA 2015).

The FIA'program has been consistently measuring soil attributes as part of the NFI since 2001
and has amassed an extensive inventory of SOC observations in forest land in the conterminous
US and southeast and southcentral coastal Al@3Kseill et al. 2005). Soil samples are

collected on a subset of NFI plots, and soil cores are taken to a depth of 20.32 cm on each of
these plots=in-anffort to improve the accuracy and precision of SOC estinmafiesest land in

the US, a modeling framework developed to predict litter carbon stocks (Domke et al. 2016) was

expandedtopredict SOC using observations from the NFI and the International Soil Carbon

Network (ISCN;http://iscn.fluxdata.org/database, along with auxiliary climate, soil, and
topographic variables for United Nations Framework Convention on Climate Change reporting.

Specifically, we 1) evaluate the NFI observations of SOC in the US, 2) develop SOC density
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86  profilesto depths of 30 and 100 cm for forest land using in situ observations from the NFI and
87 ISCN, 3) compare the country-specific model predictions to the NFI observations and new model
88  predictions, and Yexpand the SOC density predictions from the subset of NFI plots to all

89 forested plots,for use in United Nations Framework Convention on Climate Change reporting.

90 2 Methads

91  We first examined country-specific predictions of SOC density using estimates in the NFIl. We

92 then evaluatediapproaches to replace the SOC model predictions in United Nations Framework

93  Convention.en.Climate Change reporting with a model developed from the most recent annual

94  NFI data and observations from the ISCN. This work was restricted to the annual inventory

95 where SOCattributes were measured (2001-2012); the annual inventory includes a nationally

96 consistent sampling frame and plot design so the methodologies established for replacing the

97  country-specific model predictions 80C could be applied nationally to enable stodketence

98 C accounting.

99  The country-specific SOC density predictions were compiled by spatially relating SOC estimates
100 from STATSGO map units to FIA forest type groups and area expansion factors on each plot

101 using the tollewing modelAmichev and Galbraith 2004):

102 5= 380G gme0r ) 3E)] 1

Fo1 F=1
103 whereCSwasithe county-specifi®OC density by forest type group (Mg-ha®), SOCirreco WaS
104  the mas$ SOC from the STATSGO map unit (Mg-ha'), Ewas the expansion factor to relate the

105 area represented by each FIA plot, dndvas the number of FIA plot records with the same

106 forest type grougF = 1,23,...,j). Forest type group is a broad aggregation of forest types which
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best describe the predominant tree species (or group of tree species) on each condition (i.e.,
domains mapped on each plot using land use, forest type, stand size, ownership, tree density,
stand origin, and/or disturbance histerthere may be multiple conditions on a single inventory
plot) that are.not overtopped on each FIA plot (USDA Forest Service 2015). For a complete list

of forest type"groups, see USDA Forest Service 2015.

2.1 Plot design and sampling

The FIA program employs a multi-phase inventory, with each phase contributing to the
subsequent/phase. First, current aerial photography (e.g., National Agriculture Imagery Program,
USDA Farm Services Agency [20[)1s used in a prefield process to determine the land use

(e.g., forest or cropland) at all sampling points (i.e., plot locations). Next, each sample point is
assigned to.a.stratum using imagery or thematic products (e.g., National Land Cover Database,
Homer et al. 2012) obtained from satellites. A stratum is a defined geographic area (e.g., state or
estimation unitthat includes plots with similar attributes; in many regions, strata are defined by
predicted percent canopy cover. National base sample intensity permanent ground plots are
distributed-approximately every 2,428 ha across the 48 conterminous stated $freur

geographic regions (Figure 1). Each permanent ground plot comprises a series of smaller fixed-
radius (7.32'm) plots (i.e., subplots) spaced 36.6 m apart in a triangular arrangement with one
subplot insthe center. Tree- and site-level attributesch as diameter at breast height (dbh) and
tree height- are;measured at regular temporal intervals on plots that have at least one forested
condition defined in the prefield proce$sSDA Forest Service 2016a). Soil samples are

collected along,with other non-standing tree ecosystem attributes (e.g.Dlitteke et al. 2016

on every 18 base intensity plot where at least one forested condition existéstributed

approximately every 38,848 hd$DA Forest Service 2011). Soil samples are collected to a
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depth of 20.32 cm along a soil sampling transect adjacent to subplot 2. First, litter material (i.e.,
litter (Oi), fulvic (Oe), and humic layers (Oa)) including woody fragments with large-end
diameters of up to 7.5 cm (Domke et al. 2016)) is removed along the soil sampling transect. Note
that litter material is estimated separately and was not included in this analysis (Domke et al.
2016). Second,soil cores are taken at the soil sampling transect location using a soil core
sampler and slide hammer. Third, the soil is removed from the soil coring head and sliced with a
knife at the intersection of the two soil core liners, each 10.16 cm long. Fourth, the soil in each
soil liner is removed and bagged. Finally, the texture of each soil layer is estimated in the field,
and physiealand chemical properties are determined in regional laboratories (USDA Forest

Service 2011).

2.2 Data

Soil samples are analyzed for bulk density, water content, total C, and total Nitrogen (N)
(Amacher et aln2003)’Neill et al. 2005) and the laboratory results are managed as part of the
Soils Lab Table (SOILS_LAB) in the publicly available FIA database (USDA Forest Service
2016b). Bulk.density was calculated as the total oven-dried mass of all soil materials within a
fixed volume (i.e., 5 cm diameter soil cpfanacher et al. 2003). There are estimates of coarse
fragment content in the NFI database but this variable is quantified as mass. Absent estimates of
the volume of cearse fragments it is not possible to adjust estimates of bulk density in our
calculations. Total, organic, and inorganic C and total nitrogen were determined through
combustion_methods on the fine earth fraction (soil materials passing a 2mm sieve; Amacher et
al. 2003). Forithis analysis, estimates of SOC from the FIA program were calculated following
O’Neill et al. (2005):

SOG,, =CP - BD, -t, - ucf 2]
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where SOG,, was the totamass (Mg-ha) of the mineral and organic $& at the ith layerCP
was the mass percent organic C in the fine earth fraction of the ith Bgeryvas the bulk

density calculated as the mass of all soil materials per unit volume of the $gmpld at the

ith soil layer,t. was the thickness (cm) of thit soil layer— either 0 to 10.16 cm or 10.16 to

20.32 cm,sand-ucf was the unit conversion factor (100).

In the present.study, treewere 3,636 profiles with 7,038 SOC layer observations in the NFI
dataset- in some cases, only a single layer was available for a profile. Sintsthas
historicallysreported SOC estimates to a depth of diQUS EPA 2015), ISCN data from forest

land in theUS were combined with the NFI soil layer observations to develop moti8IOC by

soil order taadepth of 100 cm. Soil order for each NFI plot was obtained by intersecting exact
NFI plot ceerdinates with STATSGO map units and assigning the most frequently occurring soil
order to that map unit and the NFI plot that intersected that map unit. A small number of NFI
plots intersected map units that were all water, ice, or other non-soil. For those plots, the nearest
map unit that had a dominant soil order was assigned. While the ISCN database houses data from
a variety offagency and academic sourcksleservations used from the ISCN in this analysis

were contributed by the NRCS, which assigns soil taxonomic classifications for most pedons in
its characterization database. A total of 16,504 soil layers from 2,037 profiles were used from
ISCN land.uses defined as deciduous, evergreen, or mixed forest. The ISCN database computes
the SOC stocks of individual soil layers from the C concentration, bulk density, and layer
thickness data provided by contributors, and also assigns land cover classes (Multi-Resolution
Land Characteristics Congimm 2011) for the locations of the profiles/layers. The data we

accessed via ISCN were from the 2012 database version (ISCN 2012a; 2012b). The FIA-ISCN

This article is protected by copyright. All rights reserved



175  harmonized dataset used for model development and prediction included a total of 5,673 profiles

176  with 22,342 layer observations at depths ranging from 0-1,148 cm.

177 2.3 Mode development

178  The modeling framework developed to predict SOC in this study was built around strategic-level
179  forest andsseikinventory information and auxiliary variables available for all NFI plots in the US.
180  The first phase of the framework involved fitting linear and non-linear models usingdhe

181  point of eachssoil layer from the harmonized dataset and SOC observations at those mid-points to
182  predict SOC to/a depth of 30 cm and 100 cm. Ten linear and non-linear models were evaluated,
183  and a log-log model provided the best fit to the harmonized data:

184  log,,SOG =1 +log,, Depth [3]

185  wherelog,gSOC was the observed SOC density (Mg C bai") at the midpoint depthl, was

186 the intereeptpand lag Depth was the profilenid-point depth (cm). The model was validated by

187  partitioningsthe complete harmonized dataset 10 times into training (70 percent) and testing

188  groups (30 percent) and then repeating this step for each soil order to evaluate model

189  performance by USDA soil taxonomic order (Soil Survey Staff, 1999). Extra sum of squares F
190 tess(Draper.and Smith 1981) were used to evaluate whether there were statistically significant
191 differences between the model fagents from the model fit to the complete harmonized

192  dataset and models fit to subsets of the data by soil order. Modietierds for each soil order

193  were used to predict SOC for the layer 20.32-30 cm and 20.32-100 cm for all NFI plots with soil
194  profile observations. Since logarithmic transformations are known to introduce a systematic bias
195 into predictions (Sprugel 1983), correction factors calculated from the standard error of the

196 estimate in the regressions were multiplied by the predictions to remove the bias for each soil
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197  type. Next, we summed the SOC layer observations from the NFI and the corrected predictions

198  over 30 and 100 cm profiles for each NFI plot:

199 SOQO = SOQZIAiTOTPL + SOQ&3O [4]
200 and
201 SOQOO = SOQIA_TOTAL + SOCQ(HOO [5]

202 where SOC,; andSOC,,were the total estimated SOC density from 0-30 and 0-100 cm,

203  respectivelyfor each forest condition with a soil sample in the BB, .., Was the total

204  observed SOC from 0-20.32 cm on NFI plots as estimated from model [25@€4, ,, and

205 SOC,,werethe predicted SOC from 20.32-30 cm and 20.32-100 cm from model [3]. While
206 informationrensdepth to restrictive layer was available for some FIA plots with soil samples, this
207 was determined to not be a reliable variable and, since it was only available on plots with soil
208 measurements, it was not used in this analysis. However, in the ISCN database, 82% of forest
209  soil profilés.utilized in our analysis are >1 m deep, suggesting that while our approach may

210 overestimate soil depth and SOC density in some cases, the overall influence of this

211  overestimation,on overall and soil order-specific SOC estimates is likely modest.

212 Inthe second phase of the modeling framew&®C,, and SOG,estimates for the NFI plots

213 were used topredict SOC for core plots lacking SOC estimates using random forests (RF) for
214  regressiongasmachine learning tool that uses bootstrap aggregating (i.e., bagging) to develop
215  models to improve prediction (Breiman 2001). Random forests also relies on random variable
216  selectionte, develop a forest of uncorrelated regression trees. These trees uncover the relationship

217  between a dependent variable, in this c88&,, andSOG,,, and a set of predictor variables.

218 The RF analysis included publicly available, relevant predictor variabtesse that may
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219 influence the formation, accumulation, and loss of SG@m annual inventories collected on

220 all core plots and auxiliary climate, soil, and topographic variables obtained from the PRISM
221 Climate Group (2012), NRCS (Schwarz and Alexander 1995)J&1deological Survey

222  (Danielson.and Gesch, 2011), respectively. To avoid problems with data limitations, variable
223 pruning was*used-to reduce the RF models to the minimum number of relevant predictors

224  without substantial loss in explanatory power or increase in root mean squared error (RMSE).
225  The general form of the full RF models were:

226  P(SOC) =f(lat, lon, elev, fortypgrp, ppt, tmax, gmi, order, surfgeo) [6]

227  where lat =flatitude, lon = longitude, elev = elevation, fortypgrp = forest type group, ppt = mean
228 annual precipitation, tmax= average maximum temperature, gmi = the ratio of precipitation to
229  potential evapetranspiration, order = soil order, and surfgeo = surficial geological description.
230 The NFI dataset used to develop the full RF model was partitioned 10 times into training (70
231 percent)and testing (30 percent) groups and the results were evaluated graphically and with a
232 variety of statistical metricscluding Spearman’s rank correlation, equivalence tests (Wellek

233 2003), aswell as RMSRII analyses were conducted using R statistical software, version 2.15.2

234 (R Development Core Team, 2014).

235 24 RaCA comparisons

236  As afinal step, RF model predictions of SOC were compared to the NRCS Rapid Assessment of
237  US Soil Carbony(Soil Survey Staff 2013) estimates of SOC at 30 and 100 cm by NRCS Land

238  Resource Regions (LRRs). First, RaCA estimates of SOC were joined to RaCA plot locations (n
239  =6,215) notesthat some RaCA plots had no location information and/or estimates of SOC.

240 Next, the RaCA data were sorted to isolate SOC predictions that were identified as occurring on

241 forest land (n = 1,713ased on the RaCA “land use/land cover” attribute assigned to each plot.
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The RaCA locations and RF model predictions were then &skigi.RRs in the 2006 MLRA
Geographic Database, version 4.2 (USDA NRCS 2006) using ArcMap 10.3.1. Finally, the RaCA

and RF model predictions of SOC were exported for comparison.

3 Resaults

3.1 NFI observations

Alfisols were the most common (n = 894) soil order sampled in the NFI, followed by Ultisols (n
= 680), Inceptisols (n = 588), and Mollisols (n = 586). Estimates of SOC density obtained from
measurements in the Nf-20.32 cm) ranged from < 1-524 Mg-havith an estimated mean of
54+0.61 Mg=h@(mean+SE). Spodosols had the highest SOC deaisig+2.40 Mg- hd, while
Aridisols had the lowest SOC density at 28+1.81 Md{fiable 1). Gelisols and Oxisols were

not sampled inithe NFI. In all soil orders represented in the NFI, the top layer (0-10.16 cm)
estimates of*'SOC were larger than the second layer (10.16-20.32 cm) (Table 1). Ultisols and
Vertisols had among the lowest total SOC and had the largest decreases (27 percent, 12 and 10
Mg-ha', réspectively) between layers 1 and 2. Histosols had the smallest decrease (5 percent,
3Mg-ha') between layers 1 and 2, followed by Andisols and Aridisols (13 percent, 7.73 and 3.75
Mg-ha’, respecitively).

Regionally, the Northern US had the most NFI observations (n = 1,381) of SOC and the widest
range of SOCdensity obsed(1-524 Mg-ha), followed by the West (n = 992) with a range of

< 1-320 Mg- hay the Pacific Northwest (n = 430) with 8-299 Mg*tend the South (n = 833)

with a range of 3-267 Mg- HFigure 1).
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262 3.2 Characterizing thevertical distribution of soil organic carbon

263  Many linear and non-linear regression models were evaluated using the ISCN-NFI harmonized
264  data to characterize the vertical distribution of SOC to a depth of 100 cm. These ten models were
265 evaluated (1).globally, (2) combining all orders, and (3) by soil order. A log-log mddel [3

266  provided the"bestfit to the harmonized data and extra sum of squares F tests (Draper and Smith
267  1981) confirmed that soil order-specific models were superior to a global model across all orders
268  (Table 2)./With the exception of Vertisols and Aridisols, model [3] explained much of the

269 variation ifi the tata witHf ranging from 0.39 (P < 0.001) for Entisols to 0.68 (P < 0.001) for

270  Ultisols. The'slopes of model][are notable, as they characterize the relative rate of decrease in

271 SOC with depth while the intercept characterizes the SOC content (Figure 2).

272 3.3 Harmonized estimates of soil organic carbon
273 The SOC,, estimates, which combined observations from the NFI (0-20.32 cm) and predictions
274  from the harmohized dataset (20.32-30 cm), ranged from 11-541 WMgvlia a mean of

275  67+0.63 Mg-ha (Table 3). TheSOC,,, estimates ranged from 40-595 Mg“hwith a mean of

276 110+0.69 Mg-ha (Table 3).
277 3.4 Mode evaluation and comparisons

278 3.4.1 Country-specific predictions

279  Country-specific model predictions of SOC ranged from 20-262 Mgahith a mean of

280  63+0.66 Mg-h#&'(Table 1). Histosols had the highest predicted SOC at 144+6.26 Mghile
281 Aridisols hadthe lowest predicted SOC at 29+1.52 M§.- Regionally, the Northern US had

282 the widest range of SOC predictions (35-262 Md)htllowed by the South with a range of 32-
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173 Mg- hd, the Pacific Northwest with a range of 26-149 Mg-tand the West with a range of

20-59 Mg- hd.

3.4.2 Country-specific predictionsvs. NFI estimates

The country-specific model predictions were statistically significantly smaller$axg,,,
estimatésacross all soil orders (Table 4), with a mean of the difference between estimates being -
47+0.89 Mg- ha.

Regionally, the largest differences between the country-specific model predictions and NFI
estimates were in the Western US (-83+1.14 M{)Hallowed by the Pacific Northwest (-

62+0.78 Mg- hd), North (-28+1.64 Mg-HY and South (-27+1.23 Mg-Hp(Figure 3a).

3.4.3 RF.medd predictionsand NFI estimates

The RF model [pexplained 38.33 percent of the variation in 8@G ,estimates with an

RMSE =414 Mg-ha Relationships between the dependent variable, SOC and continuous
predictor variables identified BYF variable importance (Figure 4) were also evaluated using
Spearman’s rank correlation. Latitude was positively correlated with SOC stocks (0.44, p

0.001), aswwere elevation (0.27, p < 0.001) and the ratio of precipitation to potential
evapotranspiration (0.22, p < 0.001). Mean maximum temperature was negatively correlated
with SOC+(=0:46, p <0.001), as were longitude (-0.12, p < 0.001) and mean annual precipitation
(-0.09, p <0.001).

Equivalence tests for the mean of the difference between RF model [6] predictioB®&nd

estimates'were conducted for all soil orders and individual orders to further evaluate RF model

performance. The mean of the differences between RF model predictioSdhdestimates

across all orders was -0.15+0.26 Mg*had these estimates were statistically equivalent (Table
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305 4). With the exception of the Vertisols, Histosols, and Aridisols, which all had relatively small

306 sample sizes (n =9, 30, and 112, respectively), all other RF model predictions and NFI estimates
307  were statistically equivalent, with the smallest differences in the Ultisols (-0.25+0.45lg- ha

308  Inceptisols (-0.33+0.90 Mg- H} and Spodosols (-0.50+1.02 Mg“HaRegionally, the mean of

309 the differences between RF model predictions 8@ ,estimates of C density were relatively

310 small, with thedargest differences in the Pacific Northwest (0.63+0.78 Myfbitowed by the
311 South (0.60+0.33 Mg-f3, West (-0.36+0.48 Mg- fa and North (-0.26+0.49 Mg- Hx (Figure
312 3b). The RF/madel predictions were then applied to all NFI plots in the conterminous US with at

313 least one forested condition (Figures 5 and 6).

314 344 RaCA and RF model comparisons

315 RF modelgpredictions at 30 and 100 cm were substantially smaller than RaCA (Soil Survey Staff
316 2013) estimates in most LRRs in the US (Table 5). The largest differences were in the Florida
317  Subtropical Eruit, Truck Crop, and Range Region at both 30 and 100 cm (-239 percent and -412
318 percent, respectively), followed by the Northern Lake States Forest and Forage Region (-224
319 percent and=327 percent, respectively), and the Atlantic and Gulf Coast Lowland Forest and
320 Crop Region (-212 percent and -317 percent, respectively). There was generally better agreement
321  between mean SOC density (Mg*hastimates from RaCA and RF at 100 cm than at 30 cm

322 across the LRRS. Estimates were most similar at 30 and 100 cm in the Central Feed Grains and
323  Livestock Region (7 percent and -1 percent, respectively), the Northern Great Plains Spring

324  Wheat Region (-14 percent), and the Western Range and Irrigated Region (-17 percent and 13

325  percent, respectively).

This article is protected by copyright. All rights reserved



326

327

328

329

330

331

332

333

334

335

336

337

338

339

340

341

342

343

344

345

346

347

348

4 Discussion

Estimates of SOC concentration are typically quite variable over space and time (Homann et al.
2001, Ellert et al. 2002), with potentially large differences in development between forest types
on the same.soils (Ladegaard-Pedersen et al. 2005) and depths at short distances (Smit 1999).
Compounding‘the“very real variability that exists in SOC is the difficulty of obtaining
representative measurements of bulk density, which are required to compute SOC stocks (Lee et
al. 2009),as well as accurate representation of soil depth and coarse fragment content. This
variability complicates not only the inventories of soil attributes but also the prediction of SOC
stocks in inventories lacking soil measurements, especially when large observational datasets,
developed over institutional timeframes, are used for predictive purposes not anticipated during
their origimal*design. For example, in computing SOC stocks from NRCS and other contributor
data, the ISCN database utilizes any available bulk density and coarse fragment data
determined,by a range of different metheds order to maximize the availability of SOC stock
estimates..Utilizing a range of different scaling metrics introduces unquantified uncertainty into
the resulting SOC stock estimates; however, the new estimation and reporting framework
described here,provides a basis for future sensitivity analyses and iterative improvements to the
process. At the scale of this analysis, it is likely that other sources of variaticliding those
identified-through RF modelingare more important drivers of variation in SOC content than

are variable methods used in soil bulk density or coarse fragment determination. Indeed,
comparing"SOC estimates from NFI measurements and ISCN data for Spodosols and Alfisols to
10 and 20,cm depths show only 5-15% differences, despite differences in the bulk density
methods used for NFI and ISCN (NRCS) data. Ultimately, by replacing the country-specific

model with real physical observations, our approach represents improvement in national
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estimation of historical SOC stocks per C baseline reporting requirements (e.g., the year 1990
baseline in United Nations Framework Convention of Climate Change reporting). In general, the
IPCC guidelines for National Greenhouse Gas Inventories suggest that countries use estimation
methods consistent with their resources and, when properly implemented, they should provide
unbiased estimates of emissions and sinks (IPCC 2006).

In the US, the country-specific model may be defined as a Tier 2 estimation method since it
relies on activity data specific to the US by major forest type and includes other important
country-specific variables that may influence soil forming factors but does not directly rely on
soil attributes'measured in an inventory system (IPCC 2006). When the country-specific model
was developed, soil attributes were only beginning to be measured in the NFI and these data
were not sufficient to evaluate the accuracy and precision of the country-specific model
predictions, but, since it relied on information from 8ATSGO database, the model
predictions.were assumed to be accurate. In fact, country-specific model predictions (to a depth
of 100 em).are.well below default SOC stocks for temperate ecosystems specified in the IPCC
Good Pragtice Guidelines to a depth of 30 cm. The IPCC (2006) defaults range from 19 Mg-ha
in sandy seilsvat warm, dry locations to 130 Mg fravolcanic soils (i.e., Andisols) at cold and
moist locations (IPCC 2006).

With an-extensive sample of SOC densities across a national plot network on forest land in the
US (USDA Forest Service 2014b), it is now possible to evaluate the country-specific predictions.
It is not surprising that the country-specific model predictions did not fit the NFI data well, given
the high'variability observed in SOC stock estimates in this study and the literature (Webster and
Oliver 1990, Smit 1999, Yanai et al. 2000, Béttcher and Springob 2001, Schulp et al. 2008) and

the fact the country-specific model was developed while SOC sampling in the NFI was in its
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infancy. In general, the country-specific model produced predictions with a substantial
downward bias, resulting in statistically significant differences between NFI estimates and the
country-specific model across all soil orders. The large differences between NFI estimates and
the country-specific model can be attributed to several factors. First, the country-specific model
was developedusing STATSGO data, which has a wide distribution but much of the data is from
non-forest land and estimates of SOC are averages over large map units intended for broad
planning and management uses covering state, regional, and multi-state areas and are not
expected to provide accurate estimates of SOC for specific locations (Homann et al. 2005).
Second, SOC estimates were used by broad forest type in the country-specific model whereas
plot-specific C content and bulk density measurements were used to obtain estimates of SOC
from the NFI=Finally, given the high variability observed in SOC estimates, it is likely that the
country-specific model did not include important interactions between the variables included in
the RF model as well as other variables (e.g., temperature, precipitation) that directly and
indirectly influen® SOC dynamics (Jobbagy and Jackson 2000, Parton et al. 2007). Models of
SOC thatare sensitive to climate variables, physiographic factors, and vegetation type are
consistentwithyour understanding of soil formation (Jenny 1941, McBratney et al. 2003,
Thompson and Kolka 2005, Mishra et al. 2010, Woldeselassie et al. 2012, Tian et al. 2015).
Given theslargesinvestment in sampling SOC attributes, it is now possible to transition from the
biased Tier 2 estimates of SOC density to a Tier 3 approach, which links availability of SOC
observations'in the NFI to the geophysical and climate relationships identified in SOC studies
(Jobbagy.and Jackson 2000, Wardle et al. 2004, Parton et al. 2007, Thompson and Kolka 2005,
Tian et al. 201pand available as ancillary data. The modeling framework using RF allowed us

to select from a large suite of biotic and abiotic variables with potentially complex interactions
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and develop a model that fit the NFI data reasonably well, particularly when compared to the
county-specific model. The RF estimates of SOC to a depth of 100emwell within the

range of SOC estimates found in other studies in temperate forest ecosystems (Mattson and
Swank 1989;.Harding and Jokela 1994, Jobbagy and Jackson 2000, Thompson and Kolka 2005,
Woldeselassieetal. 2012, Tian et al. 2015, De Vos et al).2015

There are several advances and advantages to this modeling framework over the country-specific
model. First and foremost, it was fit using observations of SOC stocks obtained directly from
samples in the NFI. This improved both the accuracy and precision of the model predictions used
to compile“estimates. Second, the RF modeling framework included region- to site-level
variables that are congruent with known, breaale drivers of SOC storage, and enhance the
predictivercapacity of the modelascale (plot) more compatible with spatially explicit NFI and
ISCN data. For/example, empirical relationships between SOC, temperature and precipitation
reflect global to regional patterns in SOC stocks as a function of climate (Post et al. 1982,
Jobbagy and.Jackson 2000). Inclusion of these climate variables as continuous predictors in the
model allows for better spatially explicit prediction, and, ultimately, aggregation of SOC
estimates ovenlarger scales for C reporting. As another example, consider model results showing
different amounts and vertical distribution of SOC for soils of different taxonomic order. This
reflectssthewvariability in pedogenesis across distinct soils, which may be located in close
association,of one another. For instance, model predictions for Alfisols and Mollisbish

occur as associations in areas of interspersed grassland-woodland ecosgstemsery

similar surface SOC stocks but markedly different depth distributions (Abella et al 2013;

Masiello et al. 2004). Spodosols and Entisols likewise co-occur, especially in young, glaciated

northern landscapes (Hunkler and Schaetzl 1997; Schaetzl 2002). Model results identified
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Spodosols as having among the highest surface SOC stocks, Entisols among the lowest, and the
two differing widely in their SOC depth distributions. Lastly, Andisols and Aridiseisccur in
volcanic, mountainous regions with steep climatic gradients (Biedenbender et al. 2004,
McAuliffe 1994); the deep, reactive Andisols were second only to Histosols (organic soils) in
SOC stocks at the surface, but show a more even distribution of C with depth, while the
Aridisols showed the lowest and least depth-dependent SOC stocks of all orders. Ultimately, the
ability of the model to duplicate real differences in the depth distribution of SOC across soil
orders is not/only interesting from a pedogenetic perspective, but useful in terms of forecasting
SOC change and vulnerability for future efforts. For example, mechanical disturbance or erosion
influence the depth distribution of SOC, with consequences not only for the total amount of SOC
stored but-alserits turnover time (Franzluebbers 2002; Rosenbloom et al. 2006). Third, the
modeling framework is easily adapted to accommodate data limitations over the United Nations
Framework,Convention of Climate Change reporting period and updated as new information
becomes available. This is particularly important as remeasurements of SOC attributes at
existing NFI plots become available.

While the modeling framework described in this study represents an improvement toward
estimating SOC stocks and stock changes from forest land in National Greenhouse Gas
Inventoriestof:the US, the SOC pool is highly variabloth vertically and horizontally and

much uncertainty remains. The strategic application of the new modeling framework required
data sources'that were available across the entire conterminous US. With that limitation, the RF
model explained 38 percent of the variation in the SOC observations; some variables and
interactions are not being captured in the new framework. Standardizing SOC sampling

procedures so that measurements could be used across studies and compared between studies
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would be useful to identify just how much variation can be explained in modeling exercises and
at what spatial resolution. Finally, the lack of remeasurements in the NFI limit the evaluation of
stock change estimates at this time. As remeasurements become available, the existing methods
for SOC prediction can be evaluated and new change variables can be identified that may

improve predictions and the sensitivity of models to characterize SOC stocks and stock changes.

5 Conclusions

Four conclusions were drawn from this study. First, the country-specific model used to predict
SOC stocks.and stock changes in forests of the US grossly underestimated the contribution of
this pool in‘recent US submissions to the United Nations Framework Convention on Climate
Change. Secoend, log-log models fit by soil order adequately characterized SOC observations
across depth from the harmonized NFI and ISCN data. TRidor regression and variable
selection.is anféective and computationally efficient approach for predicting SOC stocks for
NFI plotsslacking soil observations. Fourth, the new modeling framework for SOC estimation
produced statistically equivalent predictions of SOC for NFI plots with soil measurements for all
but three soikorders which were not well represented in the sample. The modeling framework
described in'this study represents in an improvement towards the estimation of SOC stocks in
forests of thdJS. That said, the SOC pool in forests of W®is highly variable and much

uncertainty remains.
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Table 1. Summary statistics (mean and standard deviation (SD)) for SOC density observations and forest site attributes by soil order
from all NFI plots with soil samples in the USote AGLTC = Aboveground live tree carbon stocks (Mg-ha™), basal area (fy SOC1

= soil organic carbon in the top layer (0-10.16 cm), SOC 2 = soil organic carbon in the second layer (10.16-20.32 cm), Total SOC =
Mean SQC from layers 1 and 2, SD SOC = standard deviation of the mean (Total SOC), CS SOC = country-specific soil organic

carbon predictions (0-100 cm), and SD CS SOC = standard deviatiennofan CS predictions. All SOC estimates are in Mg-ha™.

Soil order n AGLTC Basal area SOC1 SOC 2 Total SOC SD SOC CSSOC SD CSSOC
33.1 22.9

All 3636 45.53 2175 O 4 54.01 37.05 62.87 40.06
31.0 20.2

Alfisols 894 45.87 2131 6 4 49.51 28.47 59.14 36.37
34.8 27.1

Andisols 133 81.25 3024 3 0 60.24 41.25 69.39 26.53
16.8 13.0

Aridisols 112 8.38 1310 1 5 28.66 19.19 28.63 16.18
23.4 16.3

Entisols 209 25.48 1951 1 4 38.62 29.25 51.23 45.15
35.7 324 144.0

Histosols 30 37.87 2159 1 2 61.20 5194 5 34.32
38.6 28.4

Inceptisols 588 53.04 2368 5 7 63.97 45.23 66.20 45.95
34.1 24.8

Mollisols 586 28.51 18.77 4 3 56.46 32.49 47.16 28.45
42.7 31.9 107.0

Spodosols 395 55.49 2530 9 2 72.06 4762 3 42.32
29.9 17.5

Ultisols 680 53.48 2178 7 3 46.31 30.94 57.37 22.07
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23.6 13.9
Vertisols 9 17.35 1028 O 1 35.96 10.80 47.35 13.82
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Table 2. Linear regression results of SOC stocks by soil order using the harmonized NFI-ISCN data.

Sailorder | nter cept Slope re F-statistic p value

All 1.1795 -0.8228 0.56 29646.79 <0.001
Alfisols 1.1122 -0.8330 0.64 10657.50 <0.001
Andisols 1.3837 -0.8425 0.49 1185.78 <0.001
Aridisels 0.2065 -0.1300 0.02 6.55 0.011
EntiSols 0.9300 -0.7207 0.39 752.34 <0.001
Histosols 1.6227 -1.0109 0.59 1724.22 <0.001
Inceptisols 1.1631 -0.7331 0.52 2833.00 <0.001
Mollisols 1.0163 -0.6214 0.51 2569.03 <0.001
Spodosols 1.4262 -0.9801 0.61 4097.61 <0.001
Ultisols 1.1576 -0.8867 0.68 7450.16 <0.001
Vertisols 0.5145 -0.2427 0.08 9.58 0.002
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Table 3. Summary statistics (mean, minimum (Min), and maximum (Max)S0C,, and SOC,, (Mg-ha™) obtain from the

harmonized ISCN-NFI data.

M ean

Soil order SOCs Min SOC;3 Max SOCzg Mean SOCiop0 M in SOCqn0 Max SOCigo

67 11.3 541 109 40. 594
All 11 5 .00 .66 58 74

59 13.0 285 91. 44, 317
Alfisols .84 9 .89 41 66 .46

80 32.2 285 142 94. 347
Andisols .57 6 43 .32 01 .18

40 15.7 102 98. 73. 160
Aridisols | .15 5 57 30 90 72

49 14.9 214 84. 50. 250
Entisols A7 3 .75 89 65 A7

81 37.4 287 134 90. 340
Histosols .38 1 .54 .36 38 51

80 16.4 541 133 70. 594
Inceptisols™ 14 3 .00 .88 17 74

72 21.8 283 133 82. 344
Mollisols™.96 0 .39 .81 65 24

85 16.0 434 123 53. 471
Spodosols .94 1 .34 .25 33 .66

56 11.3 243 85. 40. 272
Ultisols 31 5 .16 54 58 .39

53 38.9 73. 143 129 164
Vertisols | .49 5 66 91 37 .07
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Table 4. Equivalence test results of SOC denglitig-ha’) by soil order. Mean = meanftirence, SE = standard error of the mean
difference, and TOST is two-one-sided test results where NE = not equivalent and E = equivalent where the absolute value of the

mean of(the differencas +25% of the standard deviation.

Country-specific - NFI Random forests - NFI

Soil order M ean SE TOST M ean SE TOST
All orders -46.96 0.89 NE -0.15 0.26 E
Alfisols -32.27 1.44 NE -0.68 0.42 E
Andisols -72.93 3.66 NE 1.39 1.40 E
Aridisols -69.67 2.23 NE 0.73 0.74 NE
Entisols -33.99 3.00 NE -0.77 0.79 E
Histosols -22.68 9.48 NE 1.89 4.10 NE
Inceptisols -67.69 2.63 NE -0.33 0.90 E
Mollisols -86.65 1.60 NE 0.70 0.57 E
Spodosols -17.17 3.19 NE -0.50 1.02 E
Ultisols -28.17 1.36 NE -0.25 0.45 E
Vertisols -96.56 5.64 NE 6.75 2.26 NE
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Table5. Comparison of RF model predictions and NRCS Rapid Assessment of US Soil Carbon (RaCA) estimates of SOC at 30 and

100 cm by NRCS Land Resource Regions (LRRS).

: RaCA RF Difference RaCA RF Difference
L and Resour ce Region
30 cm (percent) 100cm (percent)

Northwestern Forest, Forage, and Specialty Crop 188.58 80.43 -134 269.76  132.01 -104
Northwestern Wheat and Range 64.33 79.84 19 85.73 138.39 38
California'Subtropical Fruit, Truck, and Specialty Crop 87.45 57.88 -51 122.92 106.27 -16
Western Range and Irrigated 63.88 54.77 -17 89.78 103.21 13
Rocky Mountain Range and Forest 90.63 72.21 -26 129.37 125.34 -3
Northern Great Plains Spring Wheat 122.93 107.38 -14 188.11 164.57 -14
Western Great Plains Range and Irrigated 70.41 56.77 -24 114.70  100.90 -14
Central Great'Plains Winter Wheat and Range 79.90 51.00 -57 130.29 98.65 -32
Southwest Plateaus and Plains Range and Cotton 67.55 122.37

Southwestern'Prairies Cotton and Forage 65.21 51.75 -26 93.01 96.46 4
Northern'Lake States Forest and Forage 233.15 72.01 -224 478.95 112.17 -327
Lake State Fruit, Truck Crop, and Dairy 135.05 78.70 -72 324.08 116.59 -178
Central Feed Grains and Livestock 65.20 70.35 7 110.99 110.12 -1
East and Central Farming and Forest 93.26 62.44 -49 126.31 95.11 -33
Mississippi-Delta Cotton and Feed Grains 61.65 34.61 -78 93.06 73.37 -27
South Atlantie:and Gulf Slope Cash Crops, Forest, and Livestc 78.23 40.93 91 113.31 71.28 -59
NortheasternForage and Forest 256.65 100.02 -157 438.06 142.43 -208
Northern Atlantic Slope Diversified Farming 165.24 81.62 -102 200.67  119.65 -68
Atlantic and Gulf Coast Lowland Forest and Crop 213.32 68.31 -212 415.40 99.63 -317
Florida Subtropical Fruit, Truck Crop, and Range 185.78 54.74 -239 475.53 92.84 -412
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Figure captions

Figure 1. Distributions of NFI plots by region in the conterminous US that have at least one
forested condition and include measurements of soil attributes (n = 3,636). Note that plot
locations are.approximate.

Figure 2. Characterizations of the model [3] predictions of SOC (Mg far all soil orders and
associated,95 prediction intervals (a) and individual soil orders (b) from 20.32 cm to 100 cm.
Figure 3. Differences between country-specific model predictions and NFI-ISCN harmonized
estimates/of SOC stocks (a) and random forests model predictions and NFI-ISCN harmonized
estimates'080C stocks (b). Note that differences are in Mg*ha

Figure 4. Relationships between the dependent variable, SOC and continuous predictor variables
identified by*random forests variable importance.

Figure 5. Random forests model predictions of SOC st@g6ks00 cm) for all NFI plots with at

least one'terest land condition in the conterminous United States.

Figure 6. Relative uncertainty (the ratio between the 95% confidence interval and the mean of
the regression trees from the random forest) of the random forest predictions of SOC stocks (0-
100 cm) forallkNFI plots with at least one forest land condition in the conterminous United

States.
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