Downloaded from http://rstb.royalsocietypublishing.org/ on April 19, 2018

Pan-Arctic modelling of net ecosystem
exchange of CO2
G. R. Shaver1, E. B. Rastetter1, V. Salmon1,2, L. E. Street1,3, M. J. van de
Weg1,4, A. Rocha1,5, M. T. van Wijk6,7 and M. Williams7

rstb.royalsocietypublishing.org

Research
Cite this article: Shaver GR, Rastetter EB,
Salmon V, Street LE, van de Weg MJ, Rocha A,
van Wijk MT, Williams M. 2013 Pan-Arctic
modelling of net ecosystem exchange of CO2.
Phil Trans R Soc B 368: 20120485.
http://dx.doi.org/10.1098/rstb.2012.0485
One contribution of 11 to a Theme Issue
‘Long-term changes in Arctic tundra
ecosystems’.
Subject Areas:
ecology
Keywords:
Arctic carbon cycling, net ecosystem exchange
of carbon, tundra, carbon cycle modelling,
pan-Arctic comparisons
Author for correspondence:
G. R. Shaver
e-mail: gshaver@mbl.edu

1

Ecosystems Center, Marine Biological Laboratory, Woods Hole, MA, USA
Department of Biology, University of Florida, Gainesville, FL, USA
3
Department of Geography, University of Sheffield, Sheffield, UK
4
Amsterdam Global Change Institute, Vrije Universiteit, Amsterdam, The Netherlands
5
Department of Biological Sciences, University of Notre Dame, Notre Dame, IN, USA
6
School of Geosciences, University of Edinburgh, Edinburgh, UK
7
Plant Sciences, Wageningen Agricultural University, Wageningen, The Netherlands
2

Net ecosystem exchange (NEE) of C varies greatly among Arctic ecosystems. Here, we show that approximately 75 per cent of this variation can
be accounted for in a single regression model that predicts NEE as a function of leaf area index (LAI), air temperature and photosynthetically active
radiation (PAR). The model was developed in concert with a survey of the
light response of NEE in Arctic and subarctic tundras in Alaska, Greenland,
Svalbard and Sweden. Model parametrizations based on data collected in
one part of the Arctic can be used to predict NEE in other parts of the
Arctic with accuracy similar to that of predictions based on data collected
in the same site where NEE is predicted. The principal requirement for
the dataset is that it should contain a sufficiently wide range of measurements of NEE at both high and low values of LAI, air temperature and
PAR, to properly constrain the estimates of model parameters. Canopy N
content can also be substituted for leaf area in predicting NEE, with
equal or greater accuracy, but substitution of soil temperature for air temperature does not improve predictions. Overall, the results suggest a
remarkable convergence in regulation of NEE in diverse ecosystem types
throughout the Arctic.

1. Introduction
Arctic landscapes consist of a diverse patchwork of ecosystem types, often with
sharply defined borders between ecosystems that differ greatly in key processes
of C cycling such as gross primary production (GPP), ecosystem respiration (RE)
and net ecosystem exchange (NEE) of CO2 [1]. The dominant species in the vegetation of these ecosystem patches may be herbaceous or woody; it may be
deciduous, evergreen, wintergreen, graminoid, moss or lichen. The size of the
patches as well as the frequency of the different kinds of patches also varies
widely across the Arctic [2–4]. This high spatial variability makes it difficult
to predict accurately the regional C balance and its overall change in response
to weather and climate change. Models of pan-Arctic C cycling typically view
the Arctic as consisting of only one or a very small number of ecosystem
types, all responding to weather and climate in about the same way [5–7].
Yet the accuracy of this approach is not well tested, mostly because of a lack of
information on similarities and differences in responses of different kinds of
Arctic ecosystems to changes in weather across the full range of Arctic climates
and landscapes. We still do not know how many kinds of tundra must be
considered to model pan-Arctic C balance and predict future changes with
acceptable accuracy [8].
In this paper, we continue development of a model of net CO2 exchange
(NEE) in Arctic ecosystems that is based on short-term measurements of the
light response of CO2 fluxes in whole canopies of tundra vegetation and
the soils beneath them. We have already shown that this model can be used
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(a) Sites and sources of data
Most of the data used in our analysis have been used previously
in different comparisons and for other purposes. Here, we combine these data in a pan-Arctic analysis, adding previously
unpublished data from 2009 (table 1). The entire, combined dataset is available from the US Arctic Long-Term Ecological
Research (LTER) project at http://dryas.mbl.edu/arc/ITEX/
data.html.
All of the data come from surveys of the response of NEE to
changes in light (PAR) that were completed in a wide range
of subarctic, low Arctic and high Arctic ecosystems during the
summers of 2003– 2009. The five sites were
— Toolik Lake, Alaska, including three subsites accessible by
walking, driving or helicopter from Toolik Field Station.
These were (i) the research plots of the US Arctic LTER project
[17], (ii) nearby Imnavait Creek [18], and (iii) the 2007
Anaktuvuk River (AR) Wildfire about 40 km north of
Toolik Lake [19 – 21].
— Abisko, Sweden, including three subsites within 15 km of the
Abisko Scientific Research Station [13,14]. These were
‘Paddus’, ‘Stepps’ and ‘Latnjajaure’.
— Longyearbyen, Svalbard, including ecosystem types within
the Adventalen valley [14].
— Zackenberg, Greenland, including ecosystem types within
2 km of the Zackenberg Ecological Research Station [14].
— Barrow, Alaska, including a ecosystem types within the
Barrow Environmental Observatory [14].
For this analysis, we consider Toolik Lake and Abisko to be ‘low
Arctic’ and Longyearbyen, Zackenberg and Barrow to be ‘high
Arctic’. All five sites are above the Arctic Circle and have at
least six to seven weeks of continuous darkness in winter and
continuous light in summer. All are treeless except Abisko,
where subarctic birch forest (Betula tortuosa; not sampled in this
work) occurs at lower elevations. The mean annual air

(b) Light response of net ecosystem exchange
At all sites, we measured NEE of CO2 using a portable cuvette
system as described in detail in Williams et al. [8] and Street et al.
[13]. A clear Plexiglas cuvette was lowered onto a square aluminium
base fitted with legs pushed into the soil to create a level support.
The cuvette was sealed to the base by compression of a foam
rubber gasket. A clear plastic skirt hung down from the base to
the ground surface, and was sealed to the ground by draping a
heavy chain on top of the skirt. This created an enclosed volume
above each 1  1 m plot (at Zackenberg and Longyearbyen, we
occasionally used a 30  30 cm base). The change in CO2 concentration during each measurement was determined using a LI-COR
6400 or 6200 Photosynthesis System (LI-COR, Lincoln, NE, USA).
NEE was calculated knowing the rate of change in [CO2], the cuvette
and base volumes, air temperature and barometric pressure. We
assume that each measurements represents the net flux of CO2
over the area of each plot (NEE), including GPP (or whole-canopy
photosynthesis) and RE (including both plant and soil respiration),
where NEE ¼ RE 2 GPP.
We measured the light response of NEE by making a series of
measurements on the same plot, starting with one to three measurements at full ambient light, followed by one or two measurements
at each of several increasing levels of shading (usually three levels),
followed by one to three measurements made in complete darkness. Shading was achieved by covering the cuvette and base
with one to three layers of optically neutral shade cloth or mosquito
netting, and the dark measurements were made by covering
the system with an opaque tarp. Between measurements, the cuvette was ventilated by lifting it from the base and allowing CO2
concentration to return to approximately the ambient value.

(c) Leaf area, canopy N content and
environmental variables
Leaf area and the total amount of N in the canopy were estimated using established relationships with canopy reflectance,
using the NDVI as the measure of reflectance [15]. Parameters
for these regression relationships were established in separate
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2. Material and methods

temperature at all sites is less than 08C and all but Abisko are
underlain by continuous permafrost. The sites span 108 of
latitude (68 – 788 N) and 108C in mean annual temperature (21
to 2118C). July mean air temperatures are 11– 148C at the two
southernmost sites, and 4 – 68C at the three northernmost sites.
Toolik Lake lies within Bioclimatic Zone E as defined by the
Circumpolar Arctic Vegetation Map [4], while Abisko is ‘subarctic’ by this classification. Longyearbyen, Zackenberg and Barrow
are all within Bioclimatic Zone C.
At each site, the light response of NEE was described for the
widest possible array of locally accessible ecosystem types,
selected subjectively and distinguished by vegetation stature
and composition. Although most of the plots selected were typical of local vegetation, effort was made to include extreme
examples as well (e.g. high or low stature, dense or thin canopies,
species-rich, monospecific or species-poor canopies). The dataset
includes over 4800 individual measurements of NEE, as part of
448 light response curves from 247 individual plots (table 1).
Most (greater than 90%) of the measurements were made within
2–3 h of solar noon, at the highest possible sun angles. We
occasionally repeated the light response curves on some plots to
help quantify the variability among repeated measurements.
At Toolik Lake and Abisko, we also repeated measurements on
some plots at different times during the growing season or at
different times of day (e.g. every 4 h over 24– 28 h). Most of the
measurements were made in mid-July through early August, but
in the present analysis, all data collected at any time during
June–August, at any time of day, are included.

rstb.royalsocietypublishing.org

with confidence to predict CO2 fluxes across a wide array of
subarctic and low Arctic ecosystems [9]. No knowledge of
species composition is necessary to make these predictions;
the model requires as inputs only (i) photosynthetically
active radiation (PAR), (ii) air temperature, and (iii) leaf
area per square metre ground (LAI derived from a measure
of canopy reflectance, the normalized difference vegetation
index, NDVI). The model is parametrized on the basis of
local surveys of the light response of NEE in small plots
(approx. 1 m2); it has also been used successfully to scale
up to broad regions using satellite-derived NDVI [10].
Here, we develop the model [9] further in three ways, first
by testing whether a single parametrization of the model can
be used to predict NEE with acceptable accuracy over a
wider latitudinal range, including both low and high Arctic
sites. Second, we use canopy N content rather than leaf area
to predict NEE. Foliar N is known to be correlated with carboxylation capacity and autotrophic respiration rates [11]. Finally,
we evaluate the use of soil temperature rather than air temperature as a predictor of NEE. We expect heterotrophic respiration
to be more closely linked to soil temperature [12]. The overall
aim of this work is to find a single model and, ideally, a
single parametrization of that model, that makes accurate predictions of NEE through the Arctic using information (air/soil
temperature, irradiance and leaf area/foliar N) that can be
obtained by remote sensing.
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latitude/
longitude

1,2,4
1,2,4
1,2,4
4
4
4

1105
148
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473
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5

1,2,4,5
3,4

1571
679
52

data
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vegetation,
Bioclimate
Zone

Table 1. Site information and sources of data. Classiﬁcation by Bioclimatic Zone follows Walker et al. [3,4]. Numbers in rightmost column refer to: (1) Shaver et al. [9]; (2) Street et al. [13]; (3) Williams et al. [8]; (4) Street et al. [14]
and (5) this study.
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ground) for LAI in equations (2.4) and (2.5); this of course
caused a change in units of PmaxL (to mmol CO2 g21 N s21),
k (to m2 ground g21 N) and R0 (to mmol CO2 g21 N s21). Units
of E0 and Rx were unaffected. In the following text, we identify
the results from the two different formulations (LAI versus
canopy N predictors) as the LAI-model and the N-model.

LAI = 0.0026  eð8:0783NDVIÞ

(e) Parameter estimation and model evaluation

ðr2 ¼ 0:736Þ:

ð2:1Þ
22

Similarly, canopy N content (NT, g N in leaves m
estimated as
ðr2 ¼ 0:4021Þ:

ð2:2Þ

In addition to PAR and air temperature measurements that
accompanied each measurement of NEE, for each light response
curve, we also made four to six measurements of soil temperature at 5 cm depth using a digital soil thermometer. Additional
measurements included estimates of plant cover by species and
measurements of soil moisture using a Hydrosense soil moisture
probe (Campbell Scientific, Logan, UT, USA); for many plots, we
also measured soil temperature at the surface and at 10 cm depth
and depth of soil thaw.

(d) Net ecosystem exchange model
The NEE model is identical to the NEE2 model of Shaver et al.
[9], where
NEE ¼ RE  GPP,
RE = (R0  e

bT

 LAI) + Rx

ð2:3Þ
ð2:4Þ

and
GPP ¼

PmaxL
PmaxL þ E0  I
 ln
:
k
PmaxL þ E0  I  eðkLAIÞ

ð2:5Þ

The predicted NEE (equation (2.3)) is simply the difference
between the RE and GPP models (NEE ¼ RE 2 GPP); thus NEE
is a negative value when CO2 is removed from the atmosphere
and positive when CO2 is added to the atmosphere.
The respiration model (equation (2.4)) assumes that RE comes
from two sources. The first source produces CO2 as a function of
a basal respiration rate, R0 (mmol CO2 m22 leaf s21), an exponential temperature response where b is an empirically fit parameter
(8C21) and T is air temperature (8C) and LAI (m2 leaf m22
ground). This first source is assumed to account for the majority
of RE, including both autotrophic ( plant) and heterotrophic
(‘soil’) respiration. The Q10 for respiration of this pool can be
calculated as
Q10 ¼ e10b :

ð2:6Þ

The second source is a constant flux of CO2 that is independent
of LAI and air temperature. This was added to the model
because it improves the accuracy of model predictions and the
fit of the model to the data, and it prevents RE from going to
zero when there is no leaf area [9]. Other formulations were
tested by Shaver et al. [9].
The GPP model (equation (2.5)) is an adaptation of the
aggregated canopy photosynthesis model of Rastetter et al. [22],
derived by applying the hyperbolic photosynthesis– light equation
at the leaf level, using Beer’s light extinction equation and integrating down through the canopy, where PmaxL is the light-saturated
photosynthetic rate per unit leaf area (mmol m22 leaf s21), k is
Beer’s law extinction coefficient (m2 ground m22 leaf ) and E0 is
the initial slope of the light response curve or ‘quantum yield’ at
low light (mmol CO2 fixed mmol21 photons absorbed).
In the present analysis, we also used canopy N content rather
than LAI as a predictor of NEE, RE and GPP. Doing this required substituting canopy N content (NT, in units of g N m22

The NEE model was fit to the data by nonlinear regression, minimizing the root mean square error (r.m.s.e.) of predictions using
the Excel SOLVER tool (Microsoft Office Excel 2010). We used as
input data either the complete dataset (4853 simultaneous observations of NEE, air temperature and PAR, and estimates of LAI
or NT), or we used various subsets of the data. In the initial runs,
the model-estimated parameters were R0, b, Rx, PmaxL, k and E0.
However, as with our previous analysis of the 2003 – 2005 data
from Toolik and Abisko [9], after numerous runs using different
data subsets, we found that the model-estimated value of the
light extinction coefficient, k, was unstable and often unrealistic
(e.g. k . 1 or , 0). To eliminate this instability, we fixed the
value of k at an ecologically realistic value of 0.5 m2 m22, leaving
only R0, b, Rx, PmaxL and E0 to be estimated by the regression.
Detailed explanation and justification for this procedure is
provided in Shaver et al. [9].
Model parameters were calculated by regression using values of
LAI (or NT) estimated from NDVI measured in each plot, and
measured air temperature (or soil temperature), PAR and NEE.
The regression was performed on the entire dataset (‘All data’)
and on data subsets. Subsets included data collected in all high
Arctic sites, all low Arctic sites and individual sites and subsites
(table 1). The resulting regression parameters were then used to predict NEE for the whole dataset and for individual sites and subsites.
In other words, we used regression parameters derived from surveys of NEE in one part of the Arctic to predict NEE in other parts
of the Arctic, and compared the accuracy of those predictions with
predictions based on other parameter sets. The fit and accuracy of
the model was assessed by comparing per cent variance explained
(r 2) and r.m.s.e. of measured versus predicted NEE.

3. Results and discussion
(a) Overall and site-by-site regression results
When the entire dataset was used to estimate model
parameters, the overall regression explained greater than 75
per cent of the variance in the data (r 2 ¼ 0.759) with a r.m.s.e.
of 1.51 mmol CO2 m22 s21 (figure 1 and table 2). This result
is quite similar to our previous analysis of the smaller
dataset from Toolik and Abisko (n ¼ 1444, r 2 ¼ 0.799,
r.m.s.e. ¼ 1.53). For comparison, a r.m.s.e. of 1.5 mmol m22 s21
is approximately two to three times the underlying methodological error associated with each measurement using this
method [8], and it is less than 7 per cent of the overall range of
measured NEE values.
The model parameters derived from the entire dataset
were also ecologically reasonable. For example, PmaxL was
15.184 mmol CO2 m22 s21, at the high end of the range of
Pmax values reported for individual leaves at Toolik Lake
and Imnavait Creek [23,24]. The value of b, 0.0468C21, indicated a Q10 for respiration of approximately 1.58, which is
also reasonable for cold, often waterlogged tundra soils
and associated vegetation [25,26]. The quantum yield,
E0 ¼ 0.041 mmol CO2 mmol PAR21, is consistent with a
canopy with generally low leaf area and low sun angle.

Phil Trans R Soc B 368: 20120485

NT ¼ 0.0471  eð4:995NDVIÞ

ground) was

4
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measurements of NDVI in undisturbed vegetation using a Unispec SC or DC Spectroradiometer (PP Systems, Amesbury, MA,
USA), followed by harvest of the entire canopy within the field
of view of the instrument (usually a circle approx. 20 cm in diameter) and determination of its leaf area and N content. Samples
were collected from representative vegetation at all five sites
(table 1). We estimated LAI (m2 leaf m22 ground) in all plots
using the overall regression formula
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Figure 1. Predicted versus measured NEE using the entire dataset (‘all data’) in the regression to determine model parameters. Predicted values of NEE using these
‘all data’ regression parameters are plotted on the horizontal axes, with measured values on the vertical axes. Units of both axes are mmol CO2 m22 s21. The upper
left plot includes all 4834 predicted and measured values; other plots include predicted and measured values within the various data subsets (table 2). The trendline, equation and r 2 value in each plot describe the correlation between predicted and measured values within each data subset.
When the model parameters were estimated using smaller
subsets of the data (table 2), the per cent variance explained
was also consistently high (74–93%). R.m.s.e. was often lower
for these site-by-site regressions than for the regression using
the entire dataset, but r.m.s.e. ranged from 0.42 to 2.14 mmol CO2
m22 s21 depending on site. Parameter values for the individual
site regressions varied considerably, however, especially for the
PmaxL and b parameters (table 2). For all three of the high
Arctic sites, PmaxL was greater than 20 mmol m22 s21, and for
Barrow, PmaxL as estimated by regression was greater than
150 mmol m22 s21. For the AR Burn site, PmaxL was greater
than 46 mmol m22 s21. These values for PmaxL are unlikely to

be accurate as they are much greater than measured values for
leaf-level photosynthesis in the dominant species at these sites
[23,24]. Similarly, the range of predicted values for b, and thus
Q10, indicated a range of Q10 from less than 1.5 to greater than
3.3, with a maximum of 15.6 in the AR Burn site. Values of
Q10 . 3.0 have not been reported before for respiration of
Arctic plants or soils during the growing season although very
high ‘apparent’ Q10 has been reported for CO2 releases from
under snow cover [25,26]. Thus, although the model fits the
data quite well for every data subset, occasionally it did so
with biologically unreasonable parameter values. In the most
extreme case, the regression using data from the AR Burn site
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PmaxL
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0.420
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0.739

r2
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model parameters, statistics and units

Table 2. Model parameters and statistics of ﬁt (r 2) and accuracy (r.m.s.e.) for regressions using the entire dataset and data subsets. In these regressions, the k parameter was ﬁxed at 0.500 in all cases.
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datasets predicted by regression parameters
r 2, predicted versus observed

r.m.s.e., predicted versus observed

n

all data

high Arctic

low Arctic

all data

high Arctic

low Arctic

all data
high Arctic

4853
1179

0.759
0.622

0.703
0.739

0.769
0.627

1.512
2.192

1.258
1.167

1.585
2.431

low Arctic

3674

0.759

0.698

0.769

1.513

1.271

1.583

had the highest r 2 and lowest r.m.s.e. among all regressions, but
this was based on completely unreasonable estimates of both
PmaxL and b (table 2).
The unreasonable values of PmaxL and b in some of the
site-level regressions (table 2) were all found when using
data subsets where the overall range of measurements of
NEE was narrower than in other data subsets and especially
when few measurements were available from high light and/
or high temperature conditions. In all four cases where the
site-by-site regressions gave values of PmaxL . 20, there
were few if any measurements made at PAR values greater
than 600 mmol photons m2 s21 and thus there were few if
any NEE values less than 27 mmol CO2 m2 s21 (figure 1).
Three of these were at the high Arctic sites, Longyearbyen,
Zackenberg and Barrow, where incoming PAR is always
low due to low sun angles and frequent cloudiness, and the
fourth was at the AR Burn site, where all 3 days of measurement were cloudy. As a result, in these four data subsets, the
regression was insufficiently constrained by measurements
made at or near light-saturating conditions, and PmaxL is an
extrapolated value far outside the range of measurements.
Similarly, the high values of b (Q10 . 3.0) were all for data subsets where the overall range of air temperatures and NEE
measurements was less than for other data subsets. The highest
Q10 values were at the AR Burn site and at Barrow and Longyearbyen where the overall range of observed NEE was only
approximately 10 mmol C m2 s21 or less (figure 1).
Although regressions based on the different data subsets
produce a wide range of parameter values (table 2), parameters
estimated in the regression using the entire dataset can be used
to make accurate predictions of NEE at all of the individual
sites and subsites. When measured values of NEE for individual sites were compared with predicted NEE using regression
parameters derived from the whole dataset, the model did
about equally well at predicting NEE at each site (figure 1).
Regression slopes of measured versus predicted values were
close to 1.0 for all sites, with intercepts not significantly different from zero. Per cent variance explained for data from
individual sites ranged from 64 per cent at Zackenberg to
90 per cent at Latnjajaure. R.m.s.e. (not shown in figure 1)
varied from approximately 0.9 mmol CO2 m22 s21 at the AR
Burn to 2.2 mmol CO2 m22 s21 at Paddus.

(b) High Arctic versus low Arctic
When data from the high Arctic were used to estimate
model parameters, the regression explained 73.9 per cent

of the variance in NEE in the high Arctic dataset, a small
improvement over the use of parameters derived from
the entire dataset to predict NEE in the high Arctic (70.3%
in figure 1 and table 3). The r.m.s.e. for measured versus
modelled NEE in the high Arctic data was 1.17 mmol CO2
m22 s21, also a small improvement over the r.m.s.e. of
1.26 mmol m22 s21 when NEE in the high Arctic was predicted using parameters derived from the entire dataset.
The parameter values, though, were considerably different
in the regression using high Arctic data only, with a much
higher PmaxL (20.53 mmol m22 s21), a higher value of b
(0.071, equivalent to a Q10 of 2.03), a slightly lower E0
(0.037) and higher R0 and lower Rx (table 2).
When the parameters developed from the high Arctic
data were used to predict NEE in the low Arctic, or in the
entire dataset, the variance explained in these other datasets
was considerably lower, only 62–63 per cent (table 3).
R.m.s.e. was also much higher, greater than 2 mmol CO2 m22
s21. By contrast, when data from the low Arctic were used to
estimate model parameters, the parameter values were similar to the values derived using the whole dataset. This result
is in part due to the fact that the low Arctic dataset is about
three times larger than the high Arctic dataset, comprising
about three-fourths of total data available. More importantly,
though, parameters derived from the low Arctic data led to
predictions of NEE in the high Arctic that explained almost
70 per cent of variation in the high Arctic dataset (table 3).
When low Arctic parameters were used to predict high
Arctic NEE, the r.m.s.e. was even lower (1.27) than when
low Arctic parameters were used to predict low Arctic NEE
(r.m.s.e. ¼ 1.58).
The different parameter values derived for the high Arctic
data might be explained in part as local adaptations to cooler
climate with lower PAR. For example, a higher Q10 might be
expected in colder environments of the high Arctic [27],
although Q10 values this high have never been reported for
Arctic ecosystems. Changes in leaf N and leaf area–leaf N
relationships might be partly responsible for the higher PmaxL
in the high Arctic [14,28]. However, one key difference between
the low and high Arctic datasets is that the high Arctic data
include a much narrower range of observed values of NEE,
LAI, PAR and air temperature on which the regression is
based. For the high Arctic sites, there are very few NEE
values greater than 5.0 or less than 26.0 mmol m22 s21
(figure 1), and very few observations when GPP was close to
saturation [14]. What this means for the present analysis is
that predictions of NEE in the low Arctic based on parameters
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in regression
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Table 3. Statistics of ﬁt (r 2) and accuracy (r.m.s.e.) for predictions of NEE based on regression parameters derived from the entire dataset, for high Arctic data
only, and for the low Arctic data only. Numbers in bold represent cells where NEE is predicted for the same dataset used for model parametrization. Numbers
in plain font represent cells where parameters derived by regression using one dataset are used to predict NEE in a different dataset.
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When NEE was predicted as a function of canopy N content
(NT) rather than LAI, the % variance explained was further
increased and the r.m.s.e. was further reduced (r 2 ¼ 0.770,
r.m.s.e. ¼ 1.476 in the ‘all data’ regression; table 5). The
N-model parameters indicate a PmaxL of 8–10 mmol CO2 g21
canopy N s21, with a lower quantum yield than in the analyses based on LAI. The R0 parameter varied from 0.6 to
1.0 mmol CO2 g21 canopy N s21. Although the units of
PmaxL and R0 in these regressions were different when NT
rather than LAI was used, the ratios of these two parameters
stayed about the same; PmaxL was always approximately 10 –
12 times the value of R0 no matter what the units were (table
4 versus table 5). Similarly, PmaxL and R0 varied among the
various data subsets in about the same way, with higher
values when using the high Arctic data and lower values
for the low Arctic and for all data. When using NT to predict
NEE, the value of Rx was consistently higher, by approximately 0.2–0.35 mmol CO2 m22 s21, than when LAI was

(d) Effect of using soil versus air temperature to predict
net ecosystem exchange
Using soil temperature at 5 cm instead of air temperature to
predict NEE led to less accurate predictions (larger r.m.s.e.)
and poorer fit of predictions to measurements (lower r 2)
although these regressions still explained at least 67 per
cent of the variance in the data in all comparisons, with
r.m.s.e. always less than 1.9 mmol CO2 m22 s22 (table 5).
There are at least two likely reasons for this: first, R0, the
temperature-controlled component of RE, was assumed to
include both above-ground and below-ground plant respiration as well as soil respiration. Although one might expect
above-ground plant respiration to be correlated with belowground soil temperatures, the actual range of above-ground
temperatures experienced during the measurement of NEE
was much greater than the range of below-ground temperatures. One might expect that above-ground plant respiration
would be more closely related to this greater variation in
air temperatures than to the variation in soil temperatures.
Second, there may be a time lag between the effect of soil
temperature variation on soil and root respiration and the
measurement of that change in respiration using our cuvette
method, due to the time it takes for CO2 to diffuse through
the soil and into the well-mixed air volume of the cuvette.
These problems could be solved by increasing the complexity
of the model to include separate above-ground and belowground biomass pools and temperature controls, but this
would add at least one new parameter and one more variable
to the model; it would require measurement of both soil and
air temperature for every measurement of NEE. For the purposes of this study, the remarkable fact is how little difference
it makes using either soil or air temperature to predict NEE.

4. Conclusions
Our primary conclusion is that a single parametrization of a
single regression model can be used to explain most of the
fine-scale, short-term variation in NEE of CO2 throughout
the Arctic, including both high and low Arctic (figure 1,
r 2 ¼ 0.759). Thus, it is reasonable to model short-term
changes in the C balance of the entire Arctic as if it were a
single ecosystem, with similar responses to variation in temperature, PAR and LAI throughout the region. Because our
dataset was dominated by measurements made mostly
between mid-July and early August, the accuracy of the
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(c) Low Arctic versus high Arctic with net ecosystem
exchange as a function of NT

used although the values of Rx changed in the same way
among the data subsets.
The similarities in the relationships among the model parameters using either NT or LAI to predict NEE for different
datasets are almost certainly due to the overall close correlation between NT and LAI, which appears in all of the
individual data subsets as well as the overall dataset [13,29].
We also know that the vertical distribution of N in the
canopy differs from the vertical distribution of leaf area (i.e.
N concentration is not constant at all canopy heights; [14]),
which may explain the relatively small differences in calculated quantum efficiency using NT versus LAI. The slightly
higher values of Rx when using NT to predict NEE may be
due to the functioning of this term as essentially a remainder
in the regression calculation [9].

rstb.royalsocietypublishing.org

derived from the high Arctic are extrapolations, whereas predictions of NEE in the high Arctic based on parameters
derived from the low Arctic are interpolations.
The main reason for the high values of PmaxL and b in the
high Arctic regression (table 2) is the lack of measurements at
high light or high temperatures to better constrain the
regression at its extremes. One way to achieve this constraint
is to fix one or both of these parameters at more reasonable
values, letting the regression procedure solve for the remaining parameters as we did in fixing the value of k in table 2.
For example, we repeated the analysis in table 3, but with
the value of b fixed at 0.046 (the same value calculated for
the regression including the whole dataset). The results
(table 4) indicate an improvement in variance explained and
a further reduction in r.m.s.e. when high Arctic data were
used to predict NEE in the low Arctic or in the entire dataset.
The value of PmaxL for the high Arctic regression was still
higher than expected at almost 20 mmol CO2 m22 s21,
though. It is possible that this high predicted value of PmaxL
actually reflects higher leaf level rates of light-saturated photosynthesis in high Arctic plants. However, most Arctic species
have leaf-level Pmax values less than 20 mmol CO2 m22 s21
[23,24]. To achieve a canopy-level Pmax (¼PmaxL in this model)
of less than 20 mmol CO2 m22 leaf s21, the average high
Arctic vegetation canopy would have to be composed mostly
of species with unusually high leaf-level Pmax, and all of the
individual leaves in the canopy would have to be arranged
so that they are fully illuminated at high incoming PAR; this
is extremely unlikely. High Arctic plants do have slightly
higher average leaf N content [14], which might support
higher potential rates of light-saturated photosynthesis, but
in reality, the available light levels in these high latitudes
are rarely if ever high enough to achieve these rates. Thus,
we interpret these high PmaxL values as artefacts resulting
from a lack of observations of NEE at high PAR in these
datasets to constrain these regression-derived parameters.
Fixing the value of PmaxL at a more reasonable value of
14–15 mmol m22 s21 in regression using the high Arctic dataset
results in predictions that are very similar to those using either
the low Arctic dataset or the entire dataset (results not shown).

19.808

14.747

n

high Arctic

low Arctic

data used in regression

4853

1179
3674

all data

high Arctic
low Arctic

(b) datasets predicted by regression parameters

15.183

(a) model parameters and units
all data

0.697
0.759

0.759

all data

R , predicted versus observed

2

0.041

0.040

0.041

mmol CO2 mmol21 PAR

mmol CO2 m22 leaf s21

data used in regression

0.732
0.698

0.703

high Arctic

1.177

2.160

1.234

mmol CO2 m22 leaf s21

R0

0.704
0.769

0.769

low Arctic

0.803

0.279

0.728

mmol CO2 m22 ground s21

Rx

1.857
1.513

1.512

all data

r.m.s.e.

1.585

1.585

1.585

8 C21

Q10
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E0

1.585
2.027
1.583

1.258

low Arctic

1.184
1.271

high Arctic
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PmaxL

Table 4. Model parameters and statistics of ﬁt and accuracy for regressions using the entire dataset and for high and low Arctic data only. In these regressions, the k parameter was ﬁxed at 0.500 and the b parameter was ﬁxed at
0.046. (a) Regression parameters. (b) Statistics of ﬁt (r 2) and accuracy (r.m.s.e.) for predictions of NEE based on regression parameters for all data and for high Arctic and low Arctic data subsets. Numbers in bold represent cells where
NEE is predicted for the same dataset or subset used for model parametrization. Numbers in plain font represent cells where parameters derived by regression using one dataset are used to predict NEE in a different dataset.
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n

data used in regression

4853
1179

3674

all data
high Arctic

low Arctic

(b) datasets predicted by regression parameters

0.023
0.029

0.770

0.770
0.708

all data

R 2, predicted versus observed

0.028

9.987
7.999

high Arctic
low Arctic

mmol CO2 mmol21 PAR

mmol CO2 g21 canopy N s21

(a) model parameters and units
all data
8.182

data used in regression

0.709

0.715
0.745

high Arctic

1.024
0.581

0.608

mmol CO2 g21 canopy N s21

R0

0.779

0.779
0.712

low Arctic

0.439
1.152

1.049

mmol CO2 m22 ground s21

Rx

1.477

1.476
1.765

all data

r.m.s.e.

1.584
1.584

1.584

8 C21

Q10
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E0

low Arctic
1.548
1.921
1.547

high Arctic
1.221
1.155
1.234
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PmaxL

Table 5. Canopy N content, PAR and air temperature used to predict NEE. Note, change in units of PmaxL and R0 from tables 2 – 4 and 6. (a) Regression parameters for ﬁt of all data and for high and low Arctic data subsets to the NEE
model, with k ﬁxed at 0.500 and b ﬁxed at 0.046. In these regressions, the k parameter was ﬁxed at 0.500 and the b parameter was ﬁxed at 0.046. (b) Statistics of ﬁt (r 2) and accuracy (r.m.s.e.) for predictions of NEE based on
regression parameters for all data and for high Arctic and low Arctic data subsets. Numbers in bold represent cells where NEE is predicted for the same dataset or subset used for model parametrization. Numbers in plain font represent
cells where parameters derived by regression using one dataset are used to predict NEE in a different dataset.
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18.917

13.272

n

high Arctic

low Arctic

data used in regression

4480

1179
3301

all data

high Arctic
low Arctic

(b) datasets predicted by regression parameters

13.741

(a) model parameters and units
all data

0.714
0.722

0.722

all data

R , predicted versus observed

2

0.042

0.038

0.042

mmol CO2 mmol21 PAR

mmol CO2 m22 leaf s21

data used in regression

0.682
0.672

0.675

high Arctic

2.435

3.282

2.604

mmol CO2 m22 leaf s21

R0

0.723
0.735

0.734

low Arctic

0.773

0.334

0.609

mmol CO2 m22 ground s21

Rx

1.725
1.638

1.634

all data

r.m.s.e.

1.585

1.585

1.585

8 C21

Q10
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E0

1.725
1.857
1.722

1.344

low Arctic

1.288
1.376

high Arctic
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PmaxL

Table 6. LAI, PAR and soil temperature (NOT air temperature) used to predict NEE. (a) Regression parameters for ﬁt of all data and for high and low Arctic data subsets to the NEE model, with k ﬁxed at 0.500 and b ﬁxed at 0.046.
(b) Statistics of ﬁt (r 2) and accuracy (r.m.s.e.) for predictions of NEE based on regression parameters for all data and for high Arctic and low Arctic data subsets. Numbers in bold represent cells where NEE is predicted for the same
dataset or subset used for model parametrization. Numbers in plain font represent cells where parameters derived by regression using one dataset are used to predict NEE in a different dataset.
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are likely to be small. Much of this unexplained variance is
probably associated with inherent errors of the cuvette
method of measurement of CO2 flux, equal to 30–50 per cent
of the r.m.s.e. of model predictions of approximately
1.5 mmol CO2 m22 s21 [8]. Another significant portion is probably due to errors in the estimation of LAI. As we have shown
previously, the use of NDVI to estimate LAI leads to overestimates when species with pubescent, silvery leaves (several
species of Salix) are present [9] or when the background is
extremely dark as in recently burned tundra [30]. We also
underestimate LAI when the canopy includes a high proportion of closely appressed, overlapping leaves, especially
Cassiope tetragona [31]. Finally, our estimate of LAI assumes
that mosses do not contribute to the photosynthetic surface
area despite the important contributions of moss photosynthesis to NEE [32,33]. Most of these errors in estimation of
leaf area would vary in relation to species composition, and
thus would appear as ‘species effects’ on estimates of NEE.
Several kinds of improvements would require adding
new parameters and/or new continuous or categorical variables to the model. Cahoon et al. [34] recently showed, for
example, that categorical treatment of woodiness of the vegetation (woody versus non-woody) and soil temperature
regime (‘warm’ versus ‘cold’) explained a significant portion
of the variation in RE along a latitudinal transect of Arctic and
subarctic ecosystems, in addition to the dominant effect of
temperature on RE. As noted above, separation of RE into
above-ground versus below-ground and/or plant versus
soil components, each with separate temperature and/or
moisture controls, may also improve model predictions. We
have shown previously that estimates of the GPP component
of NEE can be improved by using separate NDVI-LAI
regressions for different species or vegetation types [13],
and we have also found that latitudinal changes in canopy
N allocation and leaf area –N relationships have significant
effects on GPP [14]. We know that mosses and lichens contribute significantly to GPP in Arctic tundras [32,33], but
the present model uses an estimate of vascular leaf area
(LAI) to estimate GPP. All of these known relationships
could be added to the model and would improve its ability
to explain variance in NEE. The main disadvantage of
doing so is that it would require much greater effort in collecting the data needed to parametrize the model, including
additional field sampling at all of the sites where NEE is to
be predicted. This would confound one of the major advantages of the current model, which presently requires as
inputs only variables (LAI, PAR and air temperature) that
can be measured or estimated remotely.
As we have noted previously, it is remarkable that such
diverse kinds of Arctic ecosystems, dominated by very different plant functional types, have apparently been shaped by
the Arctic environment so that an overall measure of ecosystem function like NEE can be described in a single
parametrization of a single model [9]. The success of this
model at predicting NEE independently of any information
on species composition, using either leaf area or wholecanopy N content, indicates a high level of convergence in
canopy structure and function, and in plot-scale, short-term
control of ecosystem C cycling throughout the Arctic.
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predictions of NEE will also be greatest in mid-season. All of
the measurements in the dataset were made at the scale of
a small plot,  1 m2, with NEE changing in a time scale of
0–30 s. We showed previously, though, that the same
model can be used to make accurate predictions of daily variation in NEE in the summertime over areas approximately
1 km2 in the low Arctic, using satellite-based estimates of
NDVI-LAI and NEE measured at eddy covariance towers
[10]. Results of the present analysis indicate that the same
upscaling procedures could be used to predict NEE on a
daily basis, over areas of 1 km2 and perhaps larger, anywhere
in the Arctic. Longer-term predictions will require additional
information, in particular, on the controls over leaf area and
how it changes on a seasonal basis and from year to year.
Second, we have shown that the dataset used to estimate
model parameters and to predict NEE does not need to
include measurements from the same site or even from the
same kind of Arctic ecosystem where NEE is predicted.
All that is needed to generate appropriate parameters is a
sufficiently broad survey of local variation in ecosystem properties, including measurements made at extreme values of
LAI, PAR and temperature, and thus both high and low
values of NEE; this is particularly important to properly constrain the model’s estimates of PmaxL and b. The r.m.s.e. of
predictions made in this way is at least as low (lower
r.m.s.e.  more accurate), and sometimes lower, than predictions made using data collected at the same site where NEE is
predicted. In the particular example used here, model parameters generated from surveys of NEE, LAI, PAR and air
temperature at low Arctic sites led to predictions of NEE at
high Arctic sites that were little different from predictions
based on high Arctic data. The reverse was not true, however:
because the high Arctic data covered a narrower range of NEE,
PAR, LAI and air temperature, predictions of low Arctic NEE
based on parameters developed from the high Arctic dataset
were extrapolations, not interpolations, with much higher
r.m.s.e. and less explanatory power than when low Arctic
data were used to generate regression parameters.
Third, in a test of alternative variables as predictors of
NEE, we show that canopy N content can be substituted
for LAI in predicting NEE, with slightly higher per cent variance explained and slightly greater accuracy (lower r.m.s.e.).
Although this is not surprising given the close correlation
between canopy N content and LAI that we have observed
throughout the Arctic [14,16,29], the fact that N content is a
slightly better predictor than LAI is largely due to the close
link between tissue N concentration, photosynthetic capacity
and leaf respiration. By contrast, substituting soil temperature
for air temperature in the model leads to predictions of NEE
that are slightly less accurate and less successful at explaining
variance in NEE. The reason for this is twofold: firstly that
soil temperature is less variable and changes more slowly
than air temperature during the period of measurement,
and secondly that above-ground plant respiration is a major
component of RE that should be more closely linked to air
temperature. There may also be a time lag between a
change in soil temperature and the measurement of its
effect on NEE, due to the time required for CO2 to diffuse
through soil. On the other hand, soil and air temperatures
are also strongly correlated with each other, leading to similar
predictions of NEE when either is used as a predictor.
With only about 25 per cent of the total variance in NEE
left unexplained, further improvements in the present model
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