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(Fig. 3). A similar behavior is observed for the
response in the momentum state population Ne

(Fig. 4, inset), which exhibits a larger sensitivity
to variations of the relative phase ϕ (25). For
positive interaction V (Fig. 4, inset), the response
of the system is reduced with respect to the non-
interacting case, V = 0.

We have observed a roton-type mode soften-
ing causing a superfluid-to-supersolid transition
in a model system for long-range interactions.
Increasingly complex spatial structures of long-
range atom-atom interactions (28–30) can be
tailored by extending the experimental setup to
multiple cavity modes.
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Baseline Map of Carbon Emissions
from Deforestation in Tropical Regions
Nancy L. Harris,1* Sandra Brown,1 Stephen C. Hagen,2 Sassan S. Saatchi,3,4 Silvia Petrova,1

William Salas,2 Matthew C. Hansen,5 Peter V. Potapov,5 Alexander Lotsch6

Policies to reduce emissions from deforestation would benefit from clearly derived, spatially
explicit, statistically bounded estimates of carbon emissions. Existing efforts derive carbon
impacts of land-use change using broad assumptions, unreliable data, or both. We improve on
this approach using satellite observations of gross forest cover loss and a map of forest carbon
stocks to estimate gross carbon emissions across tropical regions between 2000 and 2005 as
0.81 petagram of carbon per year, with a 90% prediction interval of 0.57 to 1.22 petagrams
of carbon per year. This estimate is 25 to 50% of recently published estimates. By systematically
matching areas of forest loss with their carbon stocks before clearing, these results serve as a more
accurate benchmark for monitoring global progress on reducing emissions from deforestation.

Although carbon emissions from fossil fuel
use are relatively well quantified, emis-
sions from land-use change—one of the

largest anthropogenic sources of carbon to the
atmosphere globally—are the most uncertain com-
ponent of the global carbon cycle (1). The mag-
nitude of these emissions has remained poorly
constrained because of the use of different data,
assumptions, and methodologies for estimating

rates of deforestation, carbon stocks in vegetation
and soils (2), the mode of clearing carbon, the
fate of the cleared carbon, the response of the soil
carbon pool to deforestation, and lag effects from
historical land cover change (3).

Existing studies of the carbon balance of land-
use change in tropical regions (4–7) incorporate
carbon emissions from net changes in forest area,
emissions from timber harvesting, and carbon re-
movals from forest regrowth after abandonment.
Statistics on net forest area changes and rates of
timber harvesting, as reported by countries to the
United Nations Food and Agriculture Organiza-
tion (FAO), and a carbon cycle “bookkeeping”
model were used to estimate net carbon emis-
sions from the tropics as 1.9 and 2.2 petagrams of
carbon per year (Pg C year−1) for the 1980s and
1990s, respectively (7). Data reported to FAO are
known to be unreliable (8), and the bookkeeping

model uses many broad assumptions about the
fate of cleared lands and their respective carbon
stocks to estimate the associated net carbon
impacts. The emergence and widespread use of
multiresolution remote sensing imagery to track
land-cover change resulted in new, lower esti-
mates of net carbon emissions for the 1990s of
0.9 and 1.1 Pg C yr−1 (9, 10), causedmainly from
the use of different estimates of tropical deforest-
ation rates. Recent studies (11, 12) for the 2000s
that use the bookkeeping model estimate average
net emissions from tropical land-use change as
1.3 and 1.0 Pg C yr−1 (table S1).

Although these studies are useful for under-
standing the role of tropical land-use change in
the global carbon cycle, a policy mechanism that
proposes to compensate developing countries
for reducing emissions from deforestation and
forest degradation (REDD) will benefit from es-
timates of emissions from gross deforestation that
are disaggregated from the forest regrowth term
and that do not use a priori assumptions about
the fate of vegetation carbon stocks after clearing
(4–7, 9–12). According to the FAO data and the
bookkeepingmodel, gross emissions from tropical
deforestation, without the inclusion of forest re-
growth, are reported to be 2.8 T 0.5 Pg C yr−1 for
the period 2000 to 2007 and 2.2 Pg C yr−1 for the
period 2000 to 2010 (table S1) (11, 12). However,
to inform ongoing policy discussions, more trans-
parent and spatially explicit estimates of emissions
are needed in which data for forest area loss and
carbon stocks are assessed independently and the
areas of forest loss are matched with the carbon
stocks of the forests undergoing conversion.

Global loss in gross forest cover from 2000 to
2005 (13, 14) and the spatial distribution of forest
carbon stocks in tropical regions for the period
circa 2000 (15) have been quantified by using
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multiscale remote sensing techniques, but they
have not been used to estimate corresponding
carbon emissions.We combined these data for 75
developing countries across three continental re-
gions (Latin America, sub-Saharan Africa, and
South and Southeast Asia) to develop a system-
atic, spatially consistent, and transparent estimate
of gross carbon emissions from deforestation be-
tween 2000 and 2005 (16).We define deforestation
as the area of forest cover removed because of
any human or naturally induced disturbance (16).
We use political rather than biome boundaries
to define our study region (fig. S1) so as to
provide consistent country-specific reference levels

that can serve as a preliminary basis for emission
reduction targets. Forest carbon stock estimates
are partitioned into above- and belowground car-
bon density [megagrams of carbon per hectare
(Mg C ha−1)] at 1-km spatial resolution, but the
forest loss estimate is expressed in terms of the
total area lost in 18.5-by-18.5-km blocks global-
ly. We resolve the disparate spatial resolution of
these two maps by repeating a randomization
procedure in which forested 1-km pixels within a
given 18.5-km block are selected randomly (n =
1000 realizations) until the forest loss quota (in
hectares) for the block is met. The total carbon
values of selected 1-km pixels (in megagrams of

carbon) are then summed across the block to
derive an emissions estimate. The average of the
1000 estimates associated with forest loss is as-
signed as the best estimate of emissions per 18.5-km
block. By colocating biomass density data with
forest loss data at relatively high spatial resolu-
tion, we improve on prior approaches that aggre-
gate data at much coarser, regional scales (12).
Additionally, a complete statistical uncertainty
analysis around our final emissions estimate per
block is generated by using a Monte Carlo–style
sampling simulation that incorporates the un-
certainty in above- and belowground carbon esti-
mates at the 1-km scale and the uncertainty in the
forest loss estimates at the 18.5-km scale (fig. S2).
This method of quantifying uncertainty in carbon
emissions is also an improvement on previous
attempts that rely mainly on qualitative estimates
based on expert opinion (4–7, 9–12).

We estimated gross emissions resulting from
gross loss in forest cover across the study region
between 2000 and 2005 as 0.81 Pg C yr−1, with a
90% prediction interval ranging from 0.57 to
1.22 Pg C yr−1. This comprises 7 to 14% of total
global anthropogenic CO2 emissions over the
time period analyzed. Forest loss in Latin Amer-
ica accounted for 54% of the total deforestation
emissions, followed by 32% in South and South-
east Asia and 14% in sub-Saharan Africa. Our
gross emissions estimate for tropical regions is
approximately 25 to 50% of those reported pre-
viously for an overlapping time period by using
the FAO/bookkeeping approach (Fig. 1) (11, 12).

We reviewed the main sources of uncertainty
in our analysis and conclude that the errors in
estimating forest loss in tropical regions from
coarse resolution satellite data and calibrated
with higher resolution Landsat data (13, 14) con-
tributes ~5 to 10 timesmore to the total emissions
uncertainty than the errors in estimates of forest

Table 1. Top carbon emitters from gross forest cover loss per region, 2000–2005. Countries are listed in order of highest to lowest carbon emissions between
2000 and 2005. Forest area and area loss values are based on (14), and average forest carbon density values are derived from (15).

Region Country
Forest area
2000 (Mha)

Gross forest cover loss,
2000–2005
(Mha year−1)

Average forest
carbon density
(Mg C ha−1)

Carbon emissions,
2000–2005
(Tg C year−1)

Latin America and Caribbean Brazil 458 3292 116 340
Colombia 63 137 138 14
Bolivia* 61 129 90 11

Argentina* 49 437 24 10
Venezuela* 49 115 134 9

Sub-Saharan Africa Democratic Republic of the Congo 167 203 128 23
Mozambique* 34 196 42 9
Tanzania* 23 149 45 7
Zambia 29 134 43 7

Cameroon 26 54 142 7
South and Southeast Asia Indonesia 107 701 155 105

Malaysia 22 233 179 41
Myanmar 33 186 155 29
India 42 206 104 18

Thailand 17 134 126 16
*Emission estimates (at 90% confidence) include potential emission values of zero in the uncertainty range.

Fig. 1. Gross annual car-
bon emissions resulting
from gross forest cover
loss and peat drainage
andburning between2000
and 2005 compared with
recently published esti-
mates by (11) and (12) for
an overlapping time period
(2000–2007 and 2000–
2010, respectively). Error
bars represent 90% pre-
diction intervals around
median deforestation
emission estimates. The
estimates from (11) and
(12) do not include peat
emissions.
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carbon derived from aboveground biomass (15)
and from the relationship between above- and
belowground biomass (17), respectively. We fo-
cused our analysis on gross rather than net emis-
sions because we can generate clear, statistically
based uncertainty bounds around these estimates
with the data and methods that are currently avail-
able. Net emission estimates require assumptions
about the fate of converted lands to determine net
carbon impacts that currently cannot be ascertained
with statistical confidence across large regions. If
robust data about the fate of converted lands
existed and were used to generate a net emissions
estimate, the result would be a reduction in our
estimates of gross carbon emissions from de-
forestation shown in Fig. 1 (16).

Twocountries—Brazil and Indonesia—produced
the highest emissions between 2000 and 2005
and accounted for 55% of total emissions from
tropical deforestation (Table 1).We present a map
at the scale of analysis (18.5 by 18.5 km) (Fig. 2)
to show the spatial distribution of emissions from
tropical deforestation that captures the integrated
importance of the extent of deforestation and the
quantity of forest carbon stocks at regional scales.
The relative importance of tropical Asia and Cen-
tral and South America compared with tropical
Africa as major sources of carbon to the atmo-
sphere is shown in Fig. 2. Nearly 40% of total
forest loss between 2000 and 2005 in our study re-
gion was concentrated in the dry tropics, but these
losses accounted for only 17% of total carbon
emissions, reflecting the low carbon density of
these forests compared with tropical moist forests.
Emissions are high in the Brazilian Amazon, but
other areas of high emissions include Peninsular
Malaysia, Laos, Sarawak (Malaysia), and Suma-
tra and Kalimantan (Indonesia) in Southeast Asia
and, to a lesser extent, the Congo Basin in Africa.

The forest cover loss data used to derive the
emissions estimates were generated by using

a procedure based on a regression estimator
(13, 14) designed to produce aggregate estimates
with reduced uncertainty for biomes, regions, and
larger countries. Because forest loss estimates
for individual 18.5-km blocks have relatively high
uncertainty, we computed emissions at the ag-
gregated country scale with less uncertainty
(table S2) and present a relative ordering of emis-
sions and relative uncertainty in emissions esti-
mates by country (fig. S3). Our results for any
18.5-km block can be uncertain, but we are con-
fident that the uncertainty estimation accurately
bounds actual emissions at national and conti-
nental scales.

Our emission estimates reported above in-
clude those only from above- and belowground
biomass carbon pools that generally account for
70 to 90% of total forest biomass carbon (18) and
that we assume to occur immediately at the time
of clearing. Other approaches (4–7, 9–12) include
the soil carbon pool and consider the carbon
stocks in replacement vegetation because soil
emissions can result when land is cleared and
converted to cultivated crops, and emissions
from deforestation could be partially offset by car-
bon accumulation in regrowing vegetation. Spa-
tially explicit data exist for estimating soil carbon
stocks and for identifying the replacement land
use (19, 20), but their precision is low, and the
fate of the cleared land is difficult to ascertain
accurately over large regions. Using standardmeth-
odologies (21), we conclude that accounting for
soil carbon emissions increases our emissions es-
timate by less than 5%, and accounting for carbon
accumulation in the replacement vegetation de-
creases our estimate by 5%, both of which fall
within the uncertainty bounds of our analysis.
Peat emissions are excluded from most estimates
of emissions from land-use change (4–7, 9–12),
although peat drainage and burning in Southeast
Asia have been shown to contribute a substantial

portion of carbon emissions in past decades (22).
Emissions from peat fire (23) and peat drainage
(24) add another 0.099 and 0.173 Pg C yr−1,
respectively, which increases our total emissions
estimate by approximately 25% but keeps the
estimate within the uncertainty bounds of our
analysis (Fig. 1).

Using the best available spatially consistent
data sets on forest loss and forest carbon stocks,
we have matched areas of forest loss with their
carbon stocks before clearing to more accurately
quantify gross emissions from deforestation in
tropical regions. Our estimate is approximately
30% of previously published estimates for an
overlapping time period. The largest source of
uncertainty in our analysis is the estimates of
gross forest-cover loss across large regions. This
uncertainty in forest loss can be reduced through
the detailed analysis of higher-resolution remote-
ly sensed data. As developing countries collect
and analyze new data to develop their refer-
ence levels for participation in a REDD mech-
anism, these data can be used to develop more
accurate and precise estimates of country-scale
emissions from all changes in forest cover. How-
ever, the current analysis will be useful as a
benchmark against which progress on reducing
emissions from deforestation may be assessed
globally.
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Endophytic Insect-Parasitic Fungi
Translocate Nitrogen Directly
from Insects to Plants
S. W. Behie,1 P. M. Zelisko,2 M. J. Bidochka1*

Most plants obtain nitrogen through nitrogen-fixing bacteria and microbial decomposition
of plant and animal material. Many vascular plants are able to form close symbiotic associations
with endophytic fungi. Metarhizium is a common plant endophyte found in a large number
of ecosystems. This abundant soil fungus is also a pathogen to a large number of insects,
which are a source of nitrogen. It is possible that the endophytic capability and insect
pathogenicity of Metarhizium are coupled to provide an active method of nitrogen transfer
to plant hosts via fungal mycelia. We used soil microcosms to test the ability of M. robertsii
to translocate insect-derived nitrogen to plants. Insects were injected with 15N-labeled nitrogen,
and we tracked the incorporation of 15N into amino acids in two plant species, haricot bean
(Phaseolus vulgaris) and switchgrass (Panicum virgatum), in the presence of M. robertsii. These
findings are evidence that active nitrogen acquisition by plants in this tripartite interaction
may play a larger role in soil nitrogen cycling than previously thought.

Nitrogen gas, although it constitutes 78%
of the atmosphere, is unavailable to plants
as a source of nitrogen unless it is fixed

by microbial symbionts (e.g., Rhizobium) or free-
living microbes (e.g., Azotobacter) (1). In many
natural as well as agricultural settings, nitrogen is
the limiting nutrient for plant growth. The current
model of the soil nitrogen cycle relies heavily
on nitrogen-fixing bacteria to furnish plants with
usable nitrogen (some is fixed by lightning strikes)
(2). However, there are some examples in which
plants have evolved mechanisms to scavenge ni-
trogen from insects. Carnivorous plants are able
to obtain substantial amounts of nitrogen from
insects they ingest. Pitcher plants (families

Nepenthaceae and Sarraceniaceae) trap insects in
a deep cavity filledwith liquid, and insect-derived
nitrogen can constitute up to 70% of the plant ni-
trogen content (3). In one known case of fungus-
mediated transfer of insect-derived nitrogen to
plants, the ectomycorrhizal fungus Laccaria bi-
color transfers nitrogen from soil-dwelling col-
lembola towhite pine (Pinus strobus) whose roots
it colonizes (4).

The ability of L. bicolor to transfer insect-
derived nitrogen was specific to white pine, and
generally L. bicolor associates with roots of pine
and spruce in temperate forests (5, 6). Nonethe-
less, these findings suggest that a more general
example of insect-derived nitrogen transfer via fun-
gal mycelia to plants may exist.Metarhizium spp.
are ubiquitous soil-dwelling insect-pathogenic
fungi that are found in a variety of ecosystems
worldwide (7), occur in soils up to 106 propagules
per gram (8), and can infect more than 200 spe-
cies of insects (9). Insects contribute substantial

amounts of nitrogen to soil. Each square meter
of habitat can provide 0.4 to 4 g (by weight) of
available insect nitrogen (see supplementary
text).

During a routine survey of plant root sym-
bionts, we found that Metarhizium spp. formed
endophytic associations with many plant spe-
cies (10, 11). Endophytes live internally within
the plant, and the host plant may benefit from
the interaction (12). Here, we hypothesized that
Metarhizium can parasitize and kill a soil-born
insect, then transfer the insect-derived nitro-
gen to plants via fungal mycelia and endophytic
association.

We used 15N-labeled waxmoth (Galleria
mellonella) larvae as a model prey insect and
used this model in the experimental design to
measure Metarhizium-mediated translocation of
15N to the foliage of haricot bean (Phaseolus
vulgaris) or switchgrass (Panicum virgatum).
15N-labeled waxmoth larvae were added to mi-
crocosms in which the roots of the plants were
separated from each insect by means of a 30-mm
mesh (fig. S1). The insects were infected by
Metarhizium 48 hours after 15N injection and
then placed into the microcosm, and the amount
of 15N transfer to plant tissues was determined
during a 1-month period. After 14 days, in the
presence ofMetarhizium, insect-derived nitrogen
constituted 28% and 32% of the nitrogen content
in haricot bean and switchgrass, respectively; this
represented significantly greater 15N incorpora-
tion than in the presence of uninfected 15N-
labeled waxmoth larvae [Fig. 1, factorial analysis
of variance (ANOVA), P < 0.01]. After 28 days,
insect-derived nitrogen constituted 12% and 48%
of bean and switchgrass nitrogen content, respec-
tively, in the presence of Metarhizium; this again
represented significantly greater 15N incorporation
than in the presence of uninfected 15N-labeled
waxmoth larvae (Fig. 1; factorial ANOVA, P <
0.05). Similar results were observed when the
plant seeds were first inoculated with conidia of
Metarhizium and subsequently formed a root en-
dophytic association. We therefore concluded that
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