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Abstract

Most tree roots on Earth form a symbiosis with either ecto‐ or arbuscular mycor-

rhizal fungi. Nitrogen fertilization is hypothesized to favor arbuscular mycorrhizal

tree species at the expense of ectomycorrhizal species due to differences in fungal

nitrogen acquisition strategies, and this may alter soil carbon balance, as differences

in forest mycorrhizal associations are linked to differences in soil carbon pools.

Combining nitrogen deposition data with continental‐scale US forest data, we show

that nitrogen pollution is spatially associated with a decline in ectomycorrhizal vs.

arbuscular mycorrhizal trees. Furthermore, nitrogen deposition has contrasting

effects on arbuscular vs. ectomycorrhizal demographic processes, favoring arbuscu-

lar mycorrhizal trees at the expense of ectomycorrhizal trees, and is spatially corre-

lated with reduced soil carbon stocks. This implies future changes in nitrogen

deposition may alter the capacity of forests to sequester carbon and offset climate

change via interactions with the forest microbiome.
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1 | INTRODUCTION

Forests represent 31% of global land surface area (Food and Agricul-

ture Organization, 2010) and currently offset ~2.4 Pg of CO2 emis-

sions every year by storing carbon (C) in live plant biomass and soil

(Pan et al., 2011). A central component of this C storage capacity may

be the presence of different members of the forest microbiome. Two

dominant classes of mycorrhizal fungi, the arbuscular mycorrhizal

fungi and ectomycorrhizal fungi (AM and EM, respectively), form a

symbiosis with the roots of most trees on Earth, enhancing access to

soil nutrients and water (Smith & Read, 2009; van der Heijden, Martin,

Selosse, & Sanders, 2015). AM fungi primarily rely on inorganic forms

of N (Hodge & Fitter, 2010; Phillips, Brzostek, & Midgley, 2013) and

small organic N compounds (Whiteside, Digman, Gratton, & Treseder,

2012). In contrast, EM fungi are thought to rely more heavily on

organic N sources (Phillips et al., 2013), having a greater capacity to

invest in N‐degrading extracellular enzymes that access complex

organic forms of N in soil, such as proteins and chitin (Fernandez &

Kennedy, 2016). EM fungi are associated with both slower decompo-

sition of soil organic matter by free‐living microbial populations and

increased soil C storage (Averill & Hawkes, 2016; Averill, Turner, &

Finzi, 2014; Fernandez & Kennedy, 2016; Gadgil & Gadgil, 1971;

Kyaschenko, Clemmensen, Hagenbo, Karltun, & Lindahl, 2017), poten-

tially by competing with free‐living soil microbes for these organic N

resources or differences in plant or fungal organic matter chemistry

(Averill & Hawkes, 2016; Fernandez & Kennedy, 2016). These distinc-

tions between AM and EM fungi lead to two important predictions: (a)

that inorganic N inputs to ecosystems will favor AM‐associated trees

at the expense of EM‐associated trees, and (b) that inorganic N driven

declines in EM composition of forests will reduce the belowground C

storage capacity of the forest biome.

Continental‐scale inorganic N deposition provides an opportunity

to test predictions of how N, plant–microbial systems, and soil C

interact at large spatial scales. N deposition in the United States has

increased 5–10 times over preindustrial levels, predominately due to
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fossil fuel burning (Aber et al., 2003). Variability in N‐emission source

locations, topography, wind, and rainfall patterns produce a hetero-

geneous geographic distribution of N deposition in the United

States, allowing N deposition patterns to be leveraged as an uninten-

tional inorganic N addition experiment. Previous species‐level analy-
ses suggest that both AM and EM tree growth rates can respond

positively to N deposition (Thomas, Canham, Weathers, & Goodale,

2010); however, it is unclear whether or not these species‐level
responses translate to changes in the relative balance of EM‐ vs.

AM‐associated trees at the community level, which regulates land-

scape‐level soil biogeochemical cycling.

To determine if N deposition is changing the total composition

of these symbiont types at a scale that could impact the C storage

capacity of the biosphere, we analyzed the relative abundance of

AM and EM trees in 2,760 US forest plots, comprised of 65,769

trees, coupled with direct site‐level observations of soil C stocks col-

lected from the US Forest Service's Forest Inventory and Analysis

Database (Forest Inventory and Analysis, 2014, Figure 1). We ana-

lyzed how anthropogenic N deposition is spatially correlated with

the relative abundance of AM and EM trees, as well as current for-

est growth, tree recruitment, mortality rates, and total soil C stocks,

using a Bayesian statistical framework. Doing so enabled us to ask if

N fertilization via anthropogenic N deposition favors AM at the

expense of EM‐associated trees and if these changes in forest myc-

orrhizal composition may translate to differences in soil C balance.

2 | MATERIALS AND METHODS

2.1 | General analysis approach

This analysis aimed to isolate the effect of N deposition on soil C

storage, the relative abundance of EM vs. AM trees, and EM vs. AM

basal area growth, recruitment and mortality rates across the conti-

nental United States, while controlling for the potential effects of

mean annual temperature (MAT), mean annual precipitation (MAP),

soil pH, soil C:N or total N stock, and soil clay content. This is done

using a Bayesian multiple regression framework, where the relation-

ship between all environmental predictors and individual EM or AM

tree dynamics are estimated simultaneously. In Bayesian analysis, a

probability distribution is estimated for each dependent variable (i.e.

EM or AM relative abundance data, growth rates, recruitment

counts, mortality occurrences and soil C stocks) as it is regressed

against the independent variables in the multiple regression model

(Dietze, 2017). A relationship between a dependent and independent

variable can be considered significant if the 95% credible interval of

the corresponding parameter estimate does not overlap zero. We

implemented these models in a Bayesian statistical framework

because it allowed us to account for variable recensus intervals in

forest inventory data without transforming data, and in basal area

growth, recruitment and mortality models it allowed us to flexibly fit

nonlinear relationships and more complex probability distributions.

Furthermore, Bayesian models allow us to propagate uncertainty by

sampling from the distribution of each parameter estimate in our

model when estimating the predicted effect of N deposition on a

dependent variable of interest (Dietze, 2017). For example, when we

estimate the effect of N deposition on the relative abundance of EM

trees in a forest holding all other predictors constant at their means,

the 95% credible interval of the mean effect at a given level of N

deposition reflects not only the uncertainty in the N deposition

effect, but also the uncertainty in temperature, precipitation, pH, C:

N, clay, and intercept parameter estimates.

Only predictors with parameter estimates where 95% credible

intervals did not overlap zero are discussed as having a significant

effect in the main text. When reporting or visualizing the effect of a

single predictor variable (say N deposition) on a dependent variable,

we varied the predictor over its entire range in the data set, holding all

other predictors constant at their mean values. In this way, we evalu-

ated the effect size of a predictor in isolation, while accounting for the

effects and uncertainties of all other predictors in the model. Com-

plete description of data collection and analysis are detailed below.

F IGURE 1 Distribution of sites used in
all analyses, as well as the relative
abundance of EM trees by basal area in
each plot. All points were used in the
analyses of the relative abundance of EM
basal area and soils. Circles represent plots
that were used in both the demographic
analyses and the relative abundance
analysis, while X's represent plots used in
the relative abundance analysis only. N
deposition data are based on the 2000–
2014 mean wet + dry N deposition rates
reported by the National Atmospheric
Deposition Program. N deposition data are
log transformed for visualization purposes
only
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2.2 | Data collection

This analysis used all plots within the US forest inventory and analy-

sis (FIA) data set (Forest Inventory and Analysis, 2014) that have

paired soil C observations. Soil C profiles are aggregated down to

20 cm depth in the mineral soil (if soils are this deep), plus any over-

lying organic horizon profiles. This approach causes the total soil

profile depth to vary across sites, because while most profiles con-

tain 20 cm of mineral soil, the depth of the forest floor horizon will

vary. Because our analysis is premised on the hypothesis that EM

ecosystems may slow decomposition due to an ecological interac-

tion, it may be that variation in organic horizon thickness is an out-

come of this process. In contrast, we do not expect mycorrhizal

associations to modify the depth of the mineral soil horizon. There-

fore, we standardized soil element aggregation to a fixed depth in

the mineral soil plus any overlying organic material. This generated

soils data (soil C, N, soil pH), paired with forest composition data for

each site. A subset of sites had been remeasured in time, allowing

calculation of forest basal area growth, recruitment and mortality

rates. These two data sets were used for five downstream analyses.

We refer to the complete data set as the “abundance data set” and

the second that includes temporal remeasurement of forest proper-

ties as the “remeasurement data set.” We only used FIA plots that

are forested and have no recent evidence of active management or

human harvesting. We note that most forests in the United States

have some history of human disturbance, and our analysis cannot

account for time since last time stand replacing disturbance. Full

details of data filtering, soil aggregation, and other site selection pro-

cedures are presented in the Supporting Information Appendix S1.

Within each plot, each tree was assigned a mycorrhizal type

based on the supplementary data file in Phillips et al. (2013), which

provides mycorrhizal assignments for most tree species within the

FIA database. This file was supplemented with information on myc-

orrhizal status for western US tree species (References provided in

Appendix S2). We calculated the relative abundance of EM trees as

the basal area of all live EM trees within a plot, divided by the total

basal area of live trees within the plot. We only analyzed sites where

more than 90% of forest basal area consisted of AM or EM mycor-

rhizal tree species (AM, EM, or a combination of the two types) at

the time of soil sampling (i.e. (BasalAM + BasalEM)/Basaltotal > 0.9).

Hence, a plot consisting of 50% EM and 50% AM trees by basal area

would be retained in this analysis. We excluded plots with >10%

nonmycorrhizal, arbutoid, and eriocid mycorrhizal symbionts, as well

as hosts that are known to strongly associate with both AM and

EM, but this only constituted 15% of the available sites. The final

abundance data set included 2,760 unique sites, encompassing

65,769 trees. Past analyses along AM to EM gradients have demon-

strated that the relative abundance of AM vs. EM trees aboveground

can be indicative of the abundance of these fungal community mem-

bers belowground (Cheeke et al., 2016; Nave et al., 2013; Soudzi-

lovskaia et al., 2015).

The second FIA database subset (“re‐measurement dataset”) rep-
resents the first remeasurement of all FIA forest plots after the initial

soil sampling and was used for analyses of basal area growth,

recruitment and mortality. The majority of plots (1,912 of 2,760

plots) had been remeasured since the time of the initial soil sampling.

Initial visits were conducted between 2000 and 2011. Remeasure-

ment visits were conducted in 2004–2015. The average duration of

the remeasurement interval was 6.3 years. Because the soil proper-

ties used in this analysis change slowly at this time scale, we are

confident that the demographic patterns observed in the remeasure-

ment analysis are relatable to the initial soil conditions. We chose to

analyze the observation after the initial measurements, rather than

the one prior, because many of the soil sites included in the Phase 3

data are new to the FIA, and as a result, had no prior observation of

forest composition. Using the observations during and after the soil

sampling enabled more data to be included in the tree remeasure-

ment analysis. The final data set used for the analysis of tree mortal-

ity included 1,912 unique sites, encompassing 54,378 trees

(Figure 1).

2.2.1 | Climate, N deposition and soil clay data

Climate data for each plot were assigned using PRISM 30 year

1981–2010 climate normal data products at 800 m resolution for

MAT and MAP (PRISM Climate Group & Oregon State University,

2017). Soil texture (% clay) data was extracted from the North

American Carbon Project Unified North American Soil Map at 0.25

degree resolution (Liu, Wang, Mei, Yu, & Yu, 2014). N deposition

rates were determined using the National Atmospheric Deposition

Program (NADP) 15 year mean wet and dry N deposition (NH4
+ +

NO3
−) from the 2000 to 2014 interval at 0.25° resolution (National

Atmospheric Deposition Program, 2015). While deposition data are

for the most recent time interval available, comparison of wet N

deposition data from the 15 year 2000 to 2014 interval is strongly

correlated with the 30‐year 1985–2014 interval (r2 = 0.96). There-

fore, we are confident that 2000–2014 data are representative of

historical patterns of N deposition loads in the United States. It is

important to note that the FIA does not report latitude and longi-

tude data with exact precision; latitude and longitude coordinates

are limited in accuracy to ~800 m. However, given the resolution of

the data products used here, and the fact that climate and N deposi-

tion variables are highly spatially autocorrelated at the kilometer

scale, the spatial accuracy of the climate and N deposition products

is on par with the spatial accuracy of the FIA site locations (Dietze &

Moorcroft, 2011). In addition to not reporting exact spatial locations,

the FIA randomly swaps 20% of plots within a county. Because plots

are swapped randomly, swapping should not bias our parameter esti-

mates, only increase uncertainty in our parameter estimates associ-

ated with predictors derived from spatial products (MAT, MAP and

N deposition). Furthermore, variation in these predictors is much lar-

ger between counties than within, and therefore we can still capture

variation in forest and soil processes driven by these predictors,

even if all sites were randomly swapped within a county. Finally, the

number and spatial scale of wet and dry observation network sites is

unlikely to capture small‐scale point sources, which can generate
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high levels of N deposition at very local scales. These effects will

necessarily be missed by our analysis. Despite this limitation, the

>20× variation captured in the NADP N deposition data (1.2–
27.0 kg N ha−1 year−1) may still inform the underlying drivers of

variation in mycorrhizal functional types.

Spurious relationships between N deposition and AM vs. EM rel-

ative abundance or forest demographic processes are possible, if the

geographic distribution of N deposition is spatially confounded with

other environmental factors known to influence forest dynamics. For

example, the highest levels of N deposition are found in the Mid-

west, where there is some evidence of a shift from EM to AM spe-

cies due to changes in fire regime (McEwan, Dyer, & Pederson,

2011). To address this potential confounding among N deposition,

forest mycorrhizal type, and other environmental factors, we repli-

cated our analyses, first excluding all states west of the Mississippi

River, and then excluding both Western states (comprised predomi-

nantly of EM‐associated stands, and has, on average, the lowest

levels of N deposition) and Midwestern states.

2.3 | Statistical analysis

2.3.1 | Modeling the relative abundance of EM
trees

We modeled the relative abundance of EM trees at the plot level as

a continuous beta distribution, which is designed to deal with pro-

portional data on the interval (0,1), accounting for changes in vari-

ance as a function of the mean. Because our data set included many

0's and 1's, we transformed relative abundance values according to:

y ¼ ðy # ðn$ 1Þ þ 0:5Þ=n;

where y is the relative abundance of EM basal area, bounded on the

interval [0,1] and n is the sample size (Smithson & Verkuilen, 2006).

This had the effect of transforming 0 and 1 values to 0.000210 and

0.99979. We also ran models with 0,1 transformation to 0.010,

0.990 and 0.001, 0.999. All models generated analogous results, with

similar effect sizes. The parameters of the beta distribution, pi and qi

were described as:

pi ¼ mi # t;

qi ¼ ð1$miÞ # t:

We modeled mi as the logit transform of the linear combination

of MAT, MAP, soil C:N, soil pH, soil clay and N deposition. All

parameters were assigned normally distributed, uninformative priors,

save for t, which was assigned a gamma distributed, uninformative

prior.

2.3.2 | Modeling plot‐scale basal area growth of
surviving trees

Basal area growth was estimated at the plot‐level, on plots visited

one measurement period after the initial soil measurement (i.e.

“re‐measurement dataset”). Because this analysis is primarily con-

cerned with which plant mycorrhizal type is most abundant, we

chose to analyze growth as basal area increment, rather than C

increment, as this better reflects which trees are largest and

growing the fastest within a plot. Basal area increment was mod-

eled as a log‐normal distribution, where the log of the survival

basal area increment was modeled as a linear function of previous

basal area, climate, soil and N deposition, and an interaction

between N deposition and the relative abundance of EM‐associ-
ated trees within a plot at the end of the measurement interval.

Once models were fit, visual inspection of the relationship

between basal area growth and N deposition suggested an inter-

mediate “hump” in the relationship between N deposition and

stand basal area growth in the full data set. To model this, we

added a Gaussian relationship between N deposition and basal

area growth, in addition to the linear relationships, which took the

form of:

g1 # e
ðx$g2Þ

2

2g2
3 ;

where g1, g2, and g3 are the parameters of the Gaussian distribution

and x is N deposition. We placed a positive constraint on Gaussian

parameter priors to aid in model convergence. Finally, models with

Gaussian perturbations resulted in multiple alternative parameter

combinations that were equally parsimonious, and therefore not all

chains converged. To satisfy convergence criteria we subsetted

model output to chains that converged on a similar area of parame-

ter space, though we note there were several Gaussian parameter

combinations that returned equivalent results.

2.3.3 | Modeling tree‐level mortality

Mortality probability (Mi) was estimated based on the logistic regres-

sion model for binary mortality data. Because the FIA census interval

varies at the plot level, we related annual mortality probability (pi) of

tree i to the observed binary mortality data (Mi) using a Bernoulli

likelihood (Dietze & Moorcroft, 2011),

Mi ¼ Bernð1$ ð1$ piÞti Þ;

where ti is the duration of the census interval for a given plot. pi

was modeled as the inverse logit transform of zi, where zi is a linear

combination of MAT, MAP, soil C:N, soil pH, soil clay, mycorrhizal

type, N deposition, and a linear interaction between N deposition

and mycorrhizal association. In calculating zi, we accounted for the

nonlinear relationship between tree diameter (D) and mortality prob-

ability by including two exponential terms. The first term accounts

for the initial decline in tree mortality probability as trees increase in

size. The second term accounts for the increasing mortality probabil-

ity of large diameter, older trees. The summation of these two rela-

tionships will generate the commonly observed “J” shaped

relationship between tree mortality probability and tree diameter

(Dietze & Moorcroft, 2011). The full expression of zi was con-

structed as,
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zi ¼ b1 #MATþ b2 #MAPþ b3 # soilC:N þ b4 # soilpH þ b5 # soilclay
þ b6 #myc typeþ b7 #Ndep þ b8 #myc type #Ndep

þ e$b9#D þ e$b10#D:

Parameters b1–b8 were assigned normally distributed, uninforma-

tive priors. Parameters b9 and b10 priors were assigned exponentially

distributed priors, constrained to values ≥0 to avoid fitting redun-

dant model terms.

2.3.4 | Modeling plot‐level recruitment

Recruitment of trees was modeled using a zero‐inflated Poisson

model, to account for the fact that the abundance of zeros in tree

recruitment data is often poorly fit by traditional Poisson models

(Fortin & DeBlois, 2007). A multimodel average was fit, modeling

the occurrence of recruitment as a Bernoulli process, and then the

number of recruits as a Poisson process. The Poisson model was

then weighted by the probability of recruitment occurring esti-

mated by the Bernoulli model in order to account for zero inflation.

Because the FIA census interval varies at the plot level, we related

the annual number of recruits (ri) of plot i to the observed number

of recruits over a given census interval (Ri) using a Poisson likeli-

hood,

Ri ¼ Poisðri # tiÞ;

where ti is the duration of the census interval for a given plot. We

fit separate models for AM and EM recruitment. MAT, MAP, soil C:

N, soil pH, soil clay and N deposition were used as predictors for

both Poisson and Bernoulli components of the model. Finally, the

number of AM or EM recruits within a plot will strongly depend on

the relative abundance of AM or EM trees already present within a

plot (i.e. the apple does not fall far from the tree). To account for

this, we included the relative abundance of AM or EM trees as

covariates within models of AM or EM recruitment.

2.3.5 | Modeling soil C storage

Soil carbon was modeled as a linear function of MAT, MAP, soil pH,

soil clay, soil N stock, the relative abundance of EM tree basal area,

and an interaction between the relative abundance of EM tree basal

area and soil N stocks. Models relating soil C and N at large spatial

scales generally violate the assumption of normality of residuals

(Averill et al., 2014), as there are multiplicative errors associated with

the measurement of soil C on an area basis. Therefore, we modeled

soil C with a log‐normal‐distributed probability density, and log

transformed the soil N predictor. All parameters were assigned nor-

mally distributed, uninformative priors. We considered accounting

for residual spatial autocorrelation in this model, yet initial semivari-

ograms of soil C fit to an intercept only model exhibited little resid-

ual spatial autocorrelation. Because of this, we proceeded to analyze

all soil C observations under the assumption they are spatially inde-

pendent.

2.3.6 | Bayesian model diagnostics and convergence

Forest basal area growth, mortality, recruitment, and soil C storage

analyses were all analyzed in a Bayesian framework. Bayesian mod-

els were fit using the runjags package for R statistical software (Den-

wood, 2016; R Core Team, 2017). JAGS models were initialized with

three chains, checked for convergence, and had initial burn‐in itera-

tions removed before estimation of final parameter values. Parame-

ter values were estimated based on a minimum of 10,000 samples

of three independent chains, after 2,000 adaptive iterations and

4,000 burn‐in iterations. Parameter estimates were deemed con-

verged based on visual inspection of chain parameter estimates for

the last 10,000 iterations, and checking that Gelman diagnostic val-

ues for each parameter were below 1.1 (Gelman, 2014). Additional

samples were taken as necessary to achieve convergence.

2.4 | Reporting of results

We discuss results for predictors where the 95% credible interval

did not overlap zero, which is our criteria for statistical significance,

and refer to predictors that do not meet this condition as having no

effect on the modeled dependent variable (Gelman, 2014). Recruit-

ment mean and 95% confidence interval is reported as the mean

number of recruits based on the fit of the Poisson model prior to

discretization via the Poisson distribution, weighted by the probabil-

ity of recruitment occurring based on the binomial model.

We plotted binned means of dependent variables in response to

N deposition, controlling for the effects of other covariates in the

model. To do this, we subtract the product of each parameter‐co-
variate combination of each observation from the dependent vari-

able, and add back in the mean value of the parameter‐covariate
combination from the data set. For example, if forest basal area

growth was modeled by the function,

basal area growthi ¼ 0:5 # temperaturei þ 0:1 # precipitationi:

To isolate the effect of precipitation on basal area growth and

remove the effect of temperature, we would transform our observa-

tions of basal area growth to remove the variance associated with

temperature using the following transformation:

basal area growthTi ¼ growthi $ 0:5 # temperaturei
þ 0:5 # temperaturemean;

where basal area growthTi is the transformed value of an individual

basal area growth observation, controlling for the effect of tempera-

ture. Error bars represent the standard error of the mean within a bin,

except for mortality bins where error bars represent 95% confidence

intervals, calculated using the Pearson–Klopper method, implemented

in the binom package for R statistical software (Sundar, 2014).

3 | RESULTS

Across the continental United States, N deposition was associated

with a greater abundance of AM compared to EM‐dominated forests
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(Figure 2a). Furthermore, we observed contrasting relationships

between AM vs. EM basal area growth and recruitment rates with

increasing N deposition. AM trees grew faster with increasing levels

of atmospheric N deposition compared to EM trees (Figure 2c–e). In
addition, N deposition increased AM tree recruitment rates, while

EM recruitment rates declined (Figure 2f–h). N deposition also

increased the probability of tree mortality, however, we detected no

difference between the mortality rates of AM‐ vs. EM‐associated
trees (Figure 2b). These relationships were robust to subsetting the

data set to exclude the western US or both the western and mid-

western U.S states (Supporting Information Figures S1 and S2).

In an effort to quantify this potential influence of forest distur-

bance, we analyzed the relationship between N deposition and stand

age in the FIA data set. We found that younger forest sites tended

to have higher levels of N deposition, yet this relationship was lost

once western U.S. states were excluded. To determine if correlation

between forest age and N deposition may be biasing our results we

reran models of EM relative abundance including forest age as an

additional covariate. We found a negative relationship between for-

est age and EM relative abundance, inconsistent with a positive cor-

relation between N deposition and forest age driving our findings.

Furthermore, inclusion of the stand age covariate did not change the

parameter estimate of N deposition in our model of EM relative

abundance.

Aboveground forest responses to N deposition were also associ-

ated with changes in the C content of U.S. forest soils. At low levels

of N deposition, EM forests stored more C in soils than AM forests

(Figure 3a). However, N deposition interacted with mycorrhizal type;

at the highest levels of N deposition C storage decreased and the

difference in C storage between AM and EM forests disappeared

(Figure 3b). Subsetted analyses showed EM sites were still associ-

ated with elevated soil C content, though the interactive effect of

mycorrhizal type and N deposition on soil C was lost (Supporting

Information Figures S3 and S4).

We report full model output (parameter estimates, standard devi-

ations, and significance values) in Supporting Information Tables S1–
S6. We also provide beta factors (the change in dependent variable

associated with 1 standard deviation variation in each independent

variable) in Supporting Information Tables S7–S12.

4 | DISCUSSION

AM and EM fungi are the dominant groups of forest mycorrhizal

fungal symbionts worldwide (Phillips et al., 2013; Read & Perez‐Mor-

eno, 2003). These fungi have long been thought to represent adap-

tations to differences in ecosystem N availability (Read, 1991), but

ecosystem‐scale validation of this hypothesis has been challenging,

as it takes decades to observe changes in forest composition. Our

analysis demonstrates that N deposition from anthropogenic sources

is spatially correlated with lower EM abundance and greater AM

abundance in U.S. forests, supporting this hypothesis (Figure 2a).

Our analysis of demographic process rates also shows higher levels

of N deposition drive a suite of changes in basal area growth,

recruitment and mortality rates favoring AM trees at the expense of

EM trees (Figure 2b–h). This result implies that N deposition is cur-

rently changing the balance of AM‐ and EM‐associated trees in U.S.

forests. In addition, the interaction between mycorrhizal strategies,

N deposition, and soil C storage indicates that ongoing changes in

forest composition—particularly of the soil microbiome—with N

inputs may have downstream consequences for belowground C

sequestration and global climate change, to the extent that a loss of

EM forest community members with increasing levels of N deposi-

tion translates to a loss of soil C from forest floor and upper mineral

soil layers.

Our analyses of forest composition and demographic process

rates control for soil C:N ratio and soil pH (key indicators of soil fer-

tility), and we excluded sites with evidence of recent human man-

agement. However, we cannot rule out the potential influence of

correlations between historical forest disturbance regimes and forest

mycorrhizal composition, which may be confounded with N deposi-

tion. In an effort to quantify this potential influence of forest distur-

bance, we analyzed the relationship between N deposition and stand

age in the FIA data set. We did find that younger forest sites tended

to have higher levels of N deposition, yet this relationship was lost

once western U.S. states were excluded. Furthermore, incorporating

stand age into our analysis showed a negative relationship between

stand age and relative abundance of EM trees—that is, older stands

had more AM trees, and did not change N deposition parameter

estimates. Based on these findings we believe it is unlikely that cor-

relations between N deposition and historical forest disturbance

regimes are driving our results.

Our analysis supports the conclusion that N deposition is cur-

rently shaping the relative abundance of AM and EM trees in U.S.

forests and will continue to do so in the future. This is because N

deposition favors AM basal area growth and recruitment at the

expense of EM basal area growth and recruitment (Figure 2c,h), but

does not have a differential effect on mortality through time. Further-

more, basal area growth and recruitment curves cross. This combina-

tion of crossing temporal demographic responses to N deposition

means that, given sufficient time, a pressure of high N deposition

rates will transition an EM forest to an AM forest, or the suspension

of high N deposition rates may revert an AM forest to an EM state.

We observed strong spatial relationships between N deposition,

mycorrhizal type, and soil C stocks after accounting for major envi-

ronmental factors known to influence mycorrhizal basal area growth

in forests across space (climate, total N stock, and other soil proper-

ties), suggesting that these patterns are foundational for predicting

changes in soil C stocks with N pollution. Our observations are also

consistent with theoretical work showing that EM‐associated trees

can stabilize soil C by inducing N limitation of microbial decomposer

communities (Orwin, Kirschbaum, St John, & Dickie, 2011; Phillips et

al., 2013; Read & Perez‐Moreno, 2003) and with experimental data

validating predictions from this theory (Averill & Hawkes, 2016). Ele-

vated C storage in EM ecosystems may also be driven by additional

mechanisms, such as differences in input litter chemistry between

AM and EM trees or fungi (Cornelissen, Aerts, Cerabolini, Werger, &
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van der Heijden, 2001; Fernandez & Koide, 2012; Phillips et al.,

2013). Regardless of the particular mechanism, our analysis suggests

that global change impacts on plant–microbial interactions in forest

ecosystems may have large consequences for C sequestration at

continental scales.

The negative correlation we observed between N deposition and

soil C stocks contrasts other empirical work showing that N inputs

broadly suppress the activity of microbial decomposers in forest

ecosystems (Janssens et al., 2010). One reason for this underlying

discrepancy may be fundamental differences in how N is added via

N deposition compared to N fertilization experiments. While both

additions may result in the same annual rate of N input, N fertilizer

intended to simulate anthropogenic N deposition is frequently added

as several doses at far higher concentration than is experienced in

continuous low‐concentration N deposition in North American tem-

perate forests (Vadeboncoeur, 2010). High concentration additions

of mineral N to soil may transiently overwhelm microbial N demand,

driving elevated nitrification and acidity (Chen, Li, Lan, Hu, & Bai,

2016; Gundersen & Rasmussen, 1990; Tian & Niu, 2015) compared

to what would occur under more realistic anthropogenic N‐loading
regimes. N‐fertilization experiments frequently observe changes in

pH (Ramirez, Craine, & Fierer, 2010; Riggs, Hobbie, Bach, Hof-

mockel, & Kazanski, 2015) and soil water potential (Braddock, Ruth,

Catterall, Walworth, & McCarthy, 1997), suggesting that there may

also be a direct effect of elevated salinity and osmotic stress on

microbial growth and activity when adding N fertilizers (Averill &

Waring, 2018). Our analysis explicitly controls for soil pH, and this

may explain the discrepancy in results. In addition, we found that N

deposition effects on soil C depend on the relative abundance of

EM community members (Figure 3a). Such a phenomenon may result

if N deposition relieves N limitation of saprotrophic microbial popu-

lations in soils due to competition with EM fungi for N resources, or

if there are differences in organic matter chemistry between AM and

EM ecosystems. Either mechanism would result in N deposition

increasing decomposition activity and driving further losses of soil C.

The FIA soil sampling only extends to 20 cm depth in the mineral

soil. It is possible AM and EM forests have differential effects at

greater soil depths, and these patterns will be missed by this analysis

of shallower soil profiles. Furthermore, there is increasing recognition

that particulate vs. mineral‐associated organic matter may respond

differentially and in contrasting directions to changes in soil micro-

bial activity (Averill & Waring, 2018; Cotrufo, Wallenstein, Boot,

Denef, & Paul, 2013; Schmidt et al., 2011). This analysis only consid-

ers bulk soil C, and cannot speak to differential effects of mycor-

rhizal association on these finer scale soil C pools. Additional

measurements of soil mineral sorptive capacity, beyond what can be

captured by basic soil texture measurements, will likely improve sta-

tistical models designed to capture spatial variation in soil C storage.

F IGURE 2 Relationships between
forest mycorrhizal abundance and
mycorrhizal‐specific demographic processes
and N deposition. The relative abundance
of EM trees is negatively correlated with N
deposition (a) N deposition had a positive
effect on individual tree mortality rates,
but there was no significant difference
between AM and EM trees (b) N
deposition has a significantly more positive
effect on arbuscular mycorrhizal (AM) basal
area growth than EM basal area growth at
the plot level (c, d) such that these curves
cross (e) Nitrogen deposition had a
positive effect on AM tree recruitment at
the plot level but a negative effect on EM
recruitment (f, g) such that these curves
cross (h) Regression lines are based on the
full multiple regression output, holding all
other predictors constant at their mean
values. Shaded regions represent the 95%
credible interval of the mean response.
Points plotted are binned mean values and
associated standard errors of soil C
observations that have been detrended to
remove variance associated with other
predictors in the model. For additional
detail see “Reporting of results” in the
Methods section
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Our analysis of the relative abundance of EM basal area in for-

ests support the long‐standing paradigm of what controls the abun-

dance of EM vs. AM trees within a forest (Read, 1991; Smith &

Read, 2009). In temperate forests of the United States, EM trees are

most abundant in cool and wet habitats, while AM trees are more

abundant in warmer and drier habitats (Supporting Information Fig-

ure S6). We found that soil C:N and soil pH were also strong predic-

tors of the relative abundance of EM vs. AM trees. Given that EM

trees often generate acidic litter inputs to ecosystems (Phillips et al.,

2013), it is difficult to say whether the soil pH is a cause or effect of

the presence of EM trees. Nevertheless, our finding that AM associ-

ations are more beneficial to trees under high soil N availability com-

pared to EM associations supports long‐standing theories of

differences among mycorrhizal types (Phillips et al., 2013; Read &

Perez‐Moreno, 2003). Overall, our analysis provides critical empirical

support for long hypothesized environmental controls over the rela-

tive abundance of AM vs. EM trees within the temperate forest

biome.

It is important to note that while this analysis assumes all EM

trees behave the same, there is substantial variability in ECM fungal

communities even in forests dominated by a single tree species

(Averill & Hawkes, 2016; Clemmensen et al., 2013). This variation in

composition likely drives changes in the functioning of these mycor-

rhizal communities, as different EM fungi are known to be differen-

tially sensitive to N deposition (Lilleskov, Hobbie, & Fahey, 2002),

and these different N response sensitivities have been linked to

different mycorrhizal exploration types and resource preferences

(Hobbie & Agerer, 2010; Hobbie et al., 2014). Differences in EM

fungal communities within forest types that affect tree demographic

processes and soil C stocks will be missed by this analysis, and likely

contribute to uncertainty in model fits. We see simultaneous model-

ing of both plant and soil microbial communities through time, as

well as their interaction, as an urgent next step in predicting future

states of temperate forest ecosystems.

This study suggests a potential for losses of belowground C in

response to N deposition, which may substantially mitigate previ-

ously reported N deposition‐induced increases in aboveground C

storage (Thomas et al., 2010). Validating the relative contributions of

N deposition to C storage vs. loss will require repeated measure-

ments of forest soil C profiles across N deposition gradients in time.

Our study provides a framework for how large‐scale forest inventory

datasets could be used to predict the balance of ecosystem C stocks,

specifically by injecting critical aspects of soil microbial community

composition into ecosystem models of the terrestrial C cycle. AM

and EM mycorrhizal associations have been linked to the ability of

ecosystems to sustain plant productivity in response to elevated

CO2 (Terrer, Vicca, Hungate, Phillips, & Prentice, 2016) and soil C

storage capacity (Averill & Hawkes, 2016; Averill et al., 2014) via

interactions with soil N availability. The spatial extent of forest

inventory data, coupled with the developing capacity to remote

sense forest mycorrhizal associations (Fisher et al., 2016), provide

information to develop and calibrate new simulation models that

explicitly represent these divergent categories of forest microbial

symbiont types (Brzostek, Fisher, & Phillips, 2014). This coupled

approach promises to advance a new class of ecosystem models that

can address the role of the forest microbiome in the C cycle at a

scale necessary to understand ecosystem responses to global envi-

ronmental change.
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