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Abstract Quantifying CO2 ﬂuxes from lakes to the atmosphere is important for balancing regional and
global-scale carbon budgets. CO2 emissions are estimated through statistical upscaling procedures that
aggregate data from a large number of lakes. However, aggregation can bias ﬂux estimates if the physical and
chemical factors determining CO2 exchange between water and the atmosphere are not independent. We
evaluated the magnitude of aggregation biases with moment expansions and pCO2 data from 5140 Swedish
lakes. The direction of the aggregation bias depends on lake size; mean ﬂux was overestimated by 4% for small
lakes (0.01–0.1 km2) but underestimated by 13% for large lakes (100–1000 km2). Simple covariance-based
correction factors were generated to adjust for upscaling biases. These correction factors represent an easily
interpretable and implemented approach to improving the accuracy of regional and global estimates of lake
CO2 emissions.
1. Introduction
Quantifying CO2 ﬂuxes from lakes to the atmosphere is important for balancing regional and global carbon
budgets [e.g., Buffam et al., 2011; Raymond et al., 2013; IPCC, 2013]. Estimates of global lake CO2 emissions
range from 0.07 to 0.86 Pg C yr1, and are signiﬁcant relative to estimates of terrestrial and marine CO2
sequestration [Cole et al., 2007; Battin et al., 2009; Marotta et al., 2009; Raymond et al., 2013]. Therefore, it is not
surprising that constraining estimates of lake CO2 emissions to better understand inland waters in a global
context is a priority for limnological research [Cole et al., 2007; Downing, 2009; Tranvik et al., 2009].
Most lakes are small and their CO2 ﬂuxes cannot be resolved within the spatial resolution of top-down
approaches like eddy covariance [Battin et al., 2009; Downing, 2009]. Consequently, statistical upscaling
procedures are used to estimate lake CO2 emissions [Battin et al., 2009; Downing, 2009]. Upscaling is the
application of physical models of diffusive gas transfer from one system, to data aggregated from many lakes
[Downing, 2009; Marotta et al., 2009; Raymond et al., 2013]. This approach is necessary because it is logistically
infeasible to sample all lakes in a lake-rich region. However, applying physical models for ﬁne-scale dynamics
of individual systems to aggregated data creates inherent biases in estimates because of correlations
between and variations among the aggregated components [Rastetter et al., 1992; Lim and Roderick, 2014].
Speciﬁcally, upscaling can produce a biased estimate of mean CO2 ﬂux if the relationships between the
physical and chemical factors that determine the diffusive ﬂux are nonlinear; aggregating by taking a mean
represents a ﬁrst-order, linear approximation [Rastetter et al., 1992; Lim and Roderick, 2014]. The magnitude
of this bias increases with the strength of correlation between factors and with the variance of individual
factors [Rastetter et al., 1992; Lim and Roderick, 2014]. Such biases may be present in upscaling lake CO2
emissions, but to our knowledge the magnitude of these potential aggregation errors has not been assessed.
To date, global limnology has mostly focused on revising estimates of global lake CO2 emissions by including
additional samples in data aggregations [Tranvik et al., 2009; Marotta et al., 2009; Raymond et al., 2013].
However, adding data to aggregations does not necessarily eliminate biases, and in some cases it creates new
errors [cf. Stumpf and Porter, 2012; Seekell et al., 2013]. Despite this, studies evaluating methodological
approaches for global limnology are scarce [e.g., Lewis, 2011; Seekell and Pace, 2011; Seekell et al., 2013]. Here
we evaluate the accuracy of statistical upscaling of lake CO2 ﬂuxes using a moment expansion. We use data
from 5140 Swedish lakes to show bias in upscaling due to the correlations between and variation within
the physical and chemical factors that determine the exchange of CO2 between water and the atmosphere.
In order to contribute to improving the accuracy of CO2 emission estimates from lakes, we provide
covariance-based correction factors to reduce this bias in upscaling analyses.
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2. Upscaling Theory
The CO2 ﬂux (FCO2, mol d1) from an individual lake is estimated based on Fick’s law for diffusive ﬂux
across a concentration gradient [e.g., Marotta et al., 2009; Raymond et al., 2013]. Speciﬁcally, ﬂux is the
product of the gradient between the concentrations of CO2 in the water and in the air (denoted here as
ΔCO2, mol m3), a gas transfer coefﬁcient that represents the physical processes inﬂuencing the rate of gas
transfer from water to air (k, m d1), a chemical enhancement factor that accounts for increased ﬂux due to
buffering reactions along the within-lake CO2 gradient in alkaline conditions (α, dimensionless), and the
surface area (A, m2) of the lake [Kuss and Schneider, 2004].
F CO 2 ¼ α k ΔCO2 A
To estimate the average CO2 ﬂux of all lakes within a region, the factors comprising ﬂux are measured for a
subset of lakes and averaged. Fick’s law is applied to the aggregated values of each parameter [e.g., Marotta
et al., 2009].

F CO2 ¼ α k ΔCO2 A
This average ﬂux is multiplied by the total number of lakes in the region to estimate the overall ﬂux. The total
number of lakes, assumed or known exactly, is obtained from either high-resolution remotely sensed
imagery, compilations of maps, or from statistical extrapolations [e.g., Tranvik et al., 2009; Verpoorter et al.,
2012, 2014]. Other approaches to upscaling are possible (i.e., average the ﬂuxes of individual lakes), but we
analyze this product-of-means approach speciﬁcally because it has been applied in at least two important
global-scale analyses of CO2 emissions from lakes [Marotta et al., 2009; Aufdenkampe et al., 2011].
Additionally, a third global-scale study, Raymond et al. [2013], used a similar aggregation-based approach,
although these authors applied different measures of central tendency for different parameters.
Bias in the upscaling equation can be evaluated by calculating covariance-based correction factors derived
from a moment expansion (Taylor series expansions truncated to low orders) around the means of the factors

determining ﬂux α; k; ΔCO2 ; A [Rastetter et al., 1992; Lim and Roderick, 2014]. After, simpliﬁcation, the
second order expansion is

F CO2 * ¼ α k ΔCO2 A 1 þ χ α;k þ χ α;ΔCO2 þ χ α;A þ χ k;ΔCO2 þ χ kA þ χ ΔCO2 ;A
where χ is a bias correction coefﬁcient calculated for each paired comparison of factors that is the product
of the correlation between 2 factors and each of the factors’ coefﬁcient of variation [Lim and Roderick, 2014].
These bias correction coefﬁcients can be summed to provide an overall bias correction term or intercompared
in order to evaluate the relative contributions of different factors to the overall bias. Multiplying the bias
correction term by the upscaled mean ﬂux estimate provides an improved mean ﬂux estimate, which can then
be applied given estimates of lake abundance to generate overall CO2 ﬂux estimates.

3. Empirical Analysis
To evaluate the magnitude of aggregation biases in upscaling, we calculated covariance-based correction
factors based on physical and chemical data for 5140 Swedish lakes. These lakes were sampled as part of
national lake chemistry monitoring survey conducted between 1990 and 2012 (chemical data freely available
from the Swedish University of Agricultural Sciences: http://www.slu.se/vatten-miljo; surface areas for the
sampled lakes from Nisell et al. [2007]). The lakes, selected by a stratiﬁed (by size) random sample, were
spread across the entire country. The samples were collected from surface waters in the autumn when the
lakes are not stratiﬁed. We excluded records where there were no water temperature or total organic
carbon measurements, where water temperature was <3°C at the time of sampling, where alkalinity was
<0.005 meq L1, or where pH <5.2.
For each lake, α and ΔCO2 were derived from surface water chemistry. Speciﬁcally, we estimated α from a
previously published empirical relationship with pH, and CO2 concentrations in lake water were calculated
from pH, dissolved inorganic carbon, and ionization constants adjusted for water temperature [Kuss and
Schneider, 2004; Weyhenmeyer et al., 2012]. The gas transfer velocity k for each lake was estimated based on a
previously published empirical relationship with lake area [Read et al., 2012]. When a lake was sampled more
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than once, we averaged the calculated values for α, k, and ΔCO2
prior to our analysis. Detailed formulae for our calculations are
provided in the supporting information for the paper.
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Figure 1. Bias correction terms for ﬁve logarithmic size classes of Swedish lakes. The
bias correction term is multiplied by the
mean ﬂux estimate to create an unbiased
estimate. Hence, a value of one indicates no
bias. Values greater than one indicate that
ﬂux is underestimated and values less than
one indicate that ﬂux is overestimated. A
spline is used to emphasize the pattern
across size classes. Speciﬁc correction factors for each size class are reported in Table
S1 in the supporting information.

The covariance-based correction factors allow us to evaluate the
magnitude of aggregation bias, rank the relative importance of
different factors in creating this bias, and to correct for these biases
in upscaling analyses [Lim and Roderick, 2014]. For our assessment,
we ﬁrst partitioned lakes into logarithmic size classes and then
calculated correction factors for each size class. Partitioning lakes
into logarithmic size classes is a common approach to minimizing
bias in upscaling by reducing variance [e.g., Rastetter et al., 1992;
Raymond et al., 2013]. We do not consider lakes <0.01 km2 in
size because lakes below this size class are not accurately recorded
on maps [Verpoorter et al., 2012]. Additionally, we do not consider
the largest lakes in Sweden (>1000 km2) in our analysis because
their abundance is too low to calculate correction factors.

Covariance based correction factors evaluate bias in the mean ﬂux,
but overall ﬂux is strongly inﬂuenced by the asymmetry in abundance
across the lake size spectrum. We evaluated the magnitude of
aggregation bias relative to overall lake CO2 emissions by upscaling
CO2 ﬂuxes for Swedish lakes (0.01 – 1000 km2) based on surface area
and abundance data from high-resolution lake census [Verpoorter et al., 2012]. The total ﬂux (mol d1) is
calculated by summing across lake size classes before and after applying size-class speciﬁc correction factors.

4. Results
F CO2 is biased due to aggregation, but the direction and magnitude of bias depends on lake size (Figure 1). For

Bias correction

instance, F CO2 is overestimated by 3.6% for small lakes (i.e., <0.1 km2), but underestimated by about 12.6% for
large lakes (>100 km2) (Figure 1). This bias is due to both the relationship between gas transfer and lake area, and
the relationship between CO2 and lake area (Figure 2). Gas transfer has a positive relationship with surface area
across the full spectrum of lake sizes, although with considerable residual variability [Read et al., 2012; Vachon and
Prairie, 2013]. CO2 has a negative relationship with surface area for
small and medium lakes (e.g., <10 km2) but a positive relationship for
1.10
Flux underestimated
large lakes (e.g., >100 km2). Hence, biases due to k and CO2 act to
mitigate each other for small lakes. For large lakes, the biases are in
1.05
k
the same direction, additively increasing the overall bias (Figure 2).
1.00
Biases related to other factors are small and similar across the lake
size spectrum (Figure S1 in the supporting information).
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Figure 2. Bias correction terms due to covariance between k and A, and CO2 and A,
for ﬁve logarithmic size classes of Swedish
lakes. For small lakes, bias due to aggregation offsets itself, mitigating the overall
effect of bias on mean CO2 ﬂux. A spline is
used to emphasize the pattern across size
classes. Speciﬁc correction factors for each
size class are reported in Table S2 in the
supporting information.
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After balancing the asymmetry in lake abundance and size
through upscaling, aggregation bias resulted in an underestimate
of overall emissions by about 4%. Speciﬁcally, CO2 ﬂuxes from
lakes 0.01–1000 km2 are 2.062 × 109 mol/d without correcting for
aggregation bias. After bias correction, the emissions estimate
is 2.143 × 109 mol/d.

5. Discussion
This study shows that upscaling CO2 emissions from lakes at the
regional scale (Sweden) is biased due to correlations between and
variability within the physical and chemical factors comprising
Fick’s law. This bias is inherent to upscaling and mostly originates
from variability within and relationships between lake area, k, and
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ΔCO2. Size-class speciﬁc covariance-based correction factors correct for biases, improving the accuracy of
upscaling analyses [Lim and Roderick, 2014]. Aggregation bias is a general feature of regional and global
upscaling analyses and cannot be overcome directly with additional sampling.
Upscaling without bias is possible with the statistical expectation function if the probability density functions
are accurately described for process of interest [Rastetter et al., 1992]. This is not possible for upscaling CO2
emissions from lakes because the distributions of relevant physical and chemical parameters are either poorly
described or change geographically [e.g., Seekell and Pace, 2011; Seekell et al., 2013]. The bias correction
coefﬁcients presented here have no assumptions about the underlying distributions of the variables and hence
are particularly useful for application to upscaling until theories or comprehensive descriptions of the statistical
distributions of limnological variables are better understood [Rastetter et al., 1992].
The full extent of the impact of aggregation bias on regional and global upscaling estimates will depend on the
speciﬁc conditions of each analysis. Because the direction of bias changes across size classes, it is possible that
positive and negative biases cancel out and result in an overall estimate of CO2 ﬂux that is minimally or
unbiased. Whether or not this happens will depend on regional characteristics, including the magnitude of bias
within each size class and the relative contribution of small versus large lakes to the total surface area of lakes,
which varies regionally such that the overall bias may be larger or smaller in other regions [Downing et al., 2006;
Verpoorter et al., 2012]. For regions where overall estimates are not biased, the aggregations biases could still
have important implications for understanding the contributions of small versus large lakes to landscape
carbon cycling [Downing, 2010]. For example, the results herein indicate that small lakes contribute less in terms
of CO2 ﬂux relative to large lakes than would be suggested by an uncorrected upscaling analysis.
We partitioned lakes in logarithmic size classes prior to analysis, but the covariance-based correction factors
could also be calculated without partitioning. Analyses that do not partition in size classes will have much
higher magnitudes of bias because variation in lake surface area will increase by orders of magnitude relative
to the within-partition variation in lake size. Although partitioning samples by logarithmic lake size-class prior
to upscaling does not eliminate aggregation bias, the combination of partitioning by lake size and bias
correction coefﬁcients should minimize most aggregation biases in F CO2 .
Partitioning by lake size may also minimize biases due to unequal probability sampling—when measurements
from large lakes are overrepresented in databases relative to small lakes. This sampling bias is common to the
type of environmental monitoring data that often form the basis for upscaling and can cause errors in
upscaled estimates [Wagner et al., 2008]. Unequal probability sampling bias does not inﬂuence our analysis
because lakes were sampled randomly within logarithmic lake size classes. The covariance based correction
factors presented in this analysis will not correct for unequal probability sampling, but partitioning by lake size
may reduce both unequal probability sampling bias (lakes within size-class partitions should have a more
similar probability of being sampled than lakes between size-class partitions) and aggregation bias due to
variability in lake area.
There are at least ﬁve other sources of potential errors in upscaling that we do not address in our analysis: (1)
accuracy of the estimates of lake abundance, (2) geographic biases in sampling, (3) difﬁculties constraining
the gas transfer velocity within and among lakes, (4) uncertainty in the accuracy of calculated compared to
directly measured pCO2 values, and (5) and the use of one or a few spot samples to extrapolate to annual
ﬂuxes [Marotta et al., 2009; Tranvik et al., 2009; Raymond et al., 2013; Schilder et al., 2013; Morales-Pineda et al.,
2014]. These sources of error are not inherent to upscaling, and rather are due to the logistic challenges of
data collection and the subsequent use of broad-scale data sets not originally intended and not optimally
suited for upscaling. All of these sources of errors can be overcome by additional data collection. For instance,
new remote sensing techniques are eliminating errors due to inaccuracy in lake abundance and size
distributions [e.g., Seekell and Pace, 2011; Verpoorter et al., 2012, 2014], and constraining values of k is
currently an area of active research [e.g., Read et al., 2012; Vachon and Prairie, 2013; Schilder et al., 2013].
However, some other errors may be difﬁcult to overcome due to practical limitations in data collection. For
instance, year-round measurements of pCO2 are scarce and it may be logistically infeasible to collect both
year-round measurements and sample the large number of lakes typically needed for estimating regional- or
global-scale ﬂuxes. Our analysis is not immune from these types of uncertainties, which may be substantial.
For instance, Marotta et al. [2009] found that global estimates of CO2 ﬂux from lakes could double by using
less conservative estimates of gas transfer coefﬁcients (but still within the range of ﬁeld observations).
SEEKELL ET AL.
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Raymond et al. [2013] found that the range of uncertainty in a global estimate of CO2 ﬂux from lakes was
twice the magnitude of an average estimate, based on an error analysis that resampled from the distributions
of ﬂux component across lakes. While intensive sampling could overcome these errors, it will not resolve the
underlying aggregation bias that we describe here which is inherent to upscaling itself.
The results of this study are important for upscaling CO2 emissions from inland waters. We show that
aggregation biases exist and may inﬂuence both upscaled estimates of CO2 ﬂux and understanding of the
relative contributions of small versus large lakes to CO2 emissions. We emphasize that aggregation bias is a
systematic error in upscaling itself and is not due to sampling logistics. Hence, this study emphasizes that
aggregation bias that should be considered in future upscaling analyses, even if it is smaller than other
upscaling uncertainties, because it is a known and easily corrected error [cf. Sprugel, 1983]. Despite
advancements in measurements techniques and improved spatial and temporal resolution in available data
on CO2 ﬂuxes, developing methods for upscaling will remain as an important task for accurate assessments of
the role of inland waters in regional and global C cycles.
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