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Abstract

Lakes (including reservoirs) are an important component of the global carbon (C)

cycle, as acknowledged by the fifth assessment report of the IPCC. In the context

of lakes, the boreal region is disproportionately important contributing to 27% of

the worldwide lake area, despite representing just 14% of global land surface area.

In this study, we used a statistical approach to derive a prediction equation for the

partial pressure of CO2 (pCO2) in lakes as a function of lake area, terrestrial net pri-

mary productivity (NPP), and precipitation (r2 = .56), and to create the first high-

resolution, circumboreal map (0.5°) of lake pCO2. The map of pCO2 was combined

with lake area from the recently published GLOWABO database and three different

estimates of the gas transfer velocity k to produce a resulting map of CO2 evasion

(FCO2). For the boreal region, we estimate an average, lake area weighted, pCO2 of

966 (678–1,325) latm and a total FCO2 of 189 (74–347) Tg C year�1, and evaluate

the corresponding uncertainties based on Monte Carlo simulation. Our estimate of

FCO2 is approximately twofold greater than previous estimates, as a result of

methodological and data source differences. We use our results along with pub-

lished estimates of the other C fluxes through inland waters to derive a C budget

for the boreal region, and find that FCO2 from lakes is the most significant flux of

the land-ocean aquatic continuum, and of a similar magnitude as emissions from for-

est fires. Using the model and applying it to spatially resolved projections of terres-

trial NPP and precipitation while keeping everything else constant, we predict a

107% increase in boreal lake FCO2 under emission scenario RCP8.5 by 2100. Our

projections are largely driven by increases in terrestrial NPP over the same period,

showing the very close connection between the terrestrial and aquatic C cycle.
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1 | INTRODUCTION

Lakes (including reservoirs) are an important component of the glo-

bal carbon (C) cycle, as acknowledged by the fifth assessment report

of the IPCC (Ciais et al., 2013). Global, regional, and local studies

commonly report carbon dioxide (CO2) supersaturation (e.g., Lapierre

& del Giorgio, 2012; Raymond et al., 2013; Sobek, Tranvik, & Cole,

2005; Weyhenmeyer, Kortelainen, Sobek, Muller, & Rantakari, 2012),

resulting in an evasive flux of CO2 (FCO2 in this paper), which on a

global scale, equates to approximately 0.32–0.64 Pg C year�1
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(Aufdenkampe et al., 2011; Cole, Caraco, Kling, & Kratz, 1994; Cole

et al., 2007; Holgerson & Raymond, 2016; Raymond et al., 2013;

Tranvik et al., 2009). This CO2 outgassing corresponds to roughly

12%–25% of the total carbon flux mobilized from soils and the bed-

rock into aquatic systems (Regnier et al., 2013).

In the context of lakes, the boreal forest region (BF, as defined

in Potapov, Hansen, Stehman, Loveland, & Pittman, 2008) is dispro-

portionately important. According to the satellite-based GLOWABO

product (Verpoorter, Kutser, Seekell, & Tranvik, 2014),

1.35 9 106 km2 out of 5 9 106 km2 lakes globally are located in

this region, contributing to 27% of the worldwide lake area, despite

the BF representing just 14% of global land surface area. Boreal

waters are also predicted to be very sensitive to future climate

change; in particular with regard to increasing temperature and ter-

restrial net primary productivity (NPP), as well as mobilization of C

from thawing permafrost soils (Gauthier, Bernier, Kuuluvainen, Shvi-

denko, & Schepaschenko, 2015; Intergovernmental Panel on Climate

Change (IPCC), Climate Change, 2013; Koven, 2013; Price et al.,

2011). It is thus important to understand the consequences of future

climate change for lake C cycling and lake FCO2. In order to project

future boreal lake CO2 partial pressure (pCO2) and FCO2, we first

need robust and spatially resolved estimates for the present day,

and we then need to identify the key environmental drivers of lake

FCO2.

The spatial heterogeneity in lake FCO2 has so far only been

assessed using an approach averaging observed local lake values of

pCO2 across a region of interest, from which an evasion rate was

calculated and applied to the entire lake surface area of the region.

At the national scale for the USA, McDonald, Stets, Striegl, and But-

man (2013) and Butman et al. (2016) resolved pCO2 and FCO2 using

16 and 19 regions, respectively. Similarly, Humborg et al. (2010) cal-

culated average pCO2 values and FCO2 rates for five lake size

classes to estimate the total FCO2 from Swedish lakes, although only

a single region was used here. Raymond et al. (2013) presented the

first global map of lake pCO2 and FCO2 for different lake size classes

at the resolution of the so-called COSCAT segmentation of Mey-

beck, D€urr, and V€or€osmarty (2006), which subdivides the world’s

catchments into 231 units. While such regionalization provides

robust estimates where data availability is high, they are of less use

where observations are scarce or missing. In the case of boreal lakes,

large datasets are available for Sweden, Finland, and the southeast-

ern part of Canada. In contrast, data availability is scarce across very

large portions of NW America and the Asian continent. Thus, for the

regions that lack empirical data, pCO2 and FCO2 need to be mod-

eled.

In order to extrapolate pCO2 to those locations where data are

scarce or absent, globally available environmental drivers need to be

identified. In previous studies, the spatial variability of lake pCO2 in

high latitude regions has been linked to a wide range of variables

including dissolved or total organic carbon (DOC/TOC) concentration

in lake water (e.g., Humborg et al., 2010; Lapierre & del Giorgio,

2012; Roehm, Prairie, & del Giorgio, 2009; Weyhenmeyer et al.,

2012 for most recent contributions), lake area and depth (Humborg

et al., 2010; Kortelainen et al., 2006; Raymond et al., 2013; Roehm

et al., 2009; Sobek, Algesten, Bergstr€om, Jansson, & Tranvik, 2003),

dissolved inorganic carbon (DIC) input from the catchment (Maberly,

Barker, Stott, & De Ville, 2013; Perga et al., 2016; Weyhenmeyer

et al., 2015), chlorophyll-a concentration (Kortelainen et al., 2006,

2013; Maberly et al., 2013; Perga et al., 2016; Roehm et al., 2009),

and precipitation (Rantakari & Kortelainen, 2005; Sobek et al., 2003).

While hydrochemical and physical variables observed in the field

give valuable insights into in-lake processes controlling pCO2 and its

short-term variability, they are of limited use for extrapolations, as

lake pCO2 can only be predicted where these variables have been

locally observed. Considering the vast number of lakes in the boreal

zone, the proportion that is covered by sampling programs is small.

Therefore, geodata sets of potential environmental controls related

to climate, terrain, geology, and vegetation, which cover the global

landmass in a consistent way, are better alternatives for large-scale

assessments.

Lauerwald (2013), Hartmann, Moosdorf, Kempe, and Raymond

showed that a significant proportion of the spatial variability in river

pCO2 in North America could be explained by catchment variables

derived from geodatabases. Using a multiple regression analysis, they

found that 43% (r2 = .43) of the river pCO2 variability across North

America is related to annual mean precipitation, annual mean air

temperature, and mean catchment slope gradient. A similar approach

was later applied to derive global maps of river pCO2 and FCO2

(Lauerwald, Laruelle, Hartmann, Ciais, & Regnier, 2015). A multiple

regression using terrestrial NPP, population density, mean catchment

slope gradient, as well as mean air temperature at the sampling loca-

tion was able to explain 47% (r2 = .47) of the spatial variability in

global river pCO2. The map of predicted pCO2 was then combined

with estimates of stream surface area and gas exchange velocity k to

derive a map of global FCO2 from rivers at 0.5° resolution.

In this study, we used globally available environmental drivers

derived from geodatabases to predict a 0.5° map of lake pCO2 for

the entire BF biome from a limited, spatially lumped set of sampling

data. The map of pCO2 was then combined with lake area from the

GLOWABO database (Verpoorter et al., 2014) and estimates of gas

transfer velocity k to produce the first high-resolution map of boreal

lake FCO2. We then merged our new map with the spatially resolved

river FCO2 from Lauerwald et al. (2015), lateral land-ocean C exports

(GlobalNews, Mayorga et al., 2010), and lake C burial (Heathcote,

Anderson, Prairie, Engstrom, & del Giorgio, 2015), to derive a full

aquatic carbon budget for the circumboreal region. Finally, based on

spatially resolved projections of terrestrial NPP and precipitation, we

used the model to predict changes in lake pCO2 and FCO2 over the

twenty-first century.

2 | MATERIALS AND METHODS

2.1 | Lake pCO2 data

Lake chemistry data were collated from a number of different data-

bases pertaining to distinct regions (Figure 1): (i) Swedish lake pCO2
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data were taken from the Swedish lake chemistry database published

in Weyhenmeyer et al. (2012), (ii) pCO2 data from a number of other

boreal regions (in particular, the whole of Scandinavia and North

America) were taken from a global lake pCO2 database published in

Sobek et al. (2005), (iii) Canadian lake pCO2 data were taken from

Lapierre and del Giorgio (2012), and (iv) Siberian data were taken

from Shirokova et al. (2013). The Siberian data were reported in

lmol/L and converted into partial pressure using Henry’s constant,

adjusted for water temperature, following Telmer and Veizer (1999).

Approximately 99% of the pCO2 values were calculated from mea-

sured alkalinity, pH, and water temperature. Samples with a pH ≤5.4

were discarded because calculating pCO2 from alkalinity, pH, and

water temperature is highly error prone in low-pH and low-alkalinity

waters (Abril et al., 2015; Raymond et al., 2013). A recent study in

Sweden (Wallin, L€ofgren, Erlandsson, & Bishop, 2014) found a slight

overestimation of the average pCO2 in samples calculated with the

alkalinity-based method. The majority of these samples had low alka-

linity (<0.07 meq/L). As such, we compared the median and average

pCO2 values in our dataset above and below this alkalinity threshold.

In fact, in our data the samples with an alkalinity >0.07 meq/L had a

marginally higher median/average pCO2 than those ≤0.07 meq/L. We

further investigated the effect of alkalinity on the indirect pCO2 data

using simple linear regression. A significant but very weak correlation

(r = �.0308, p < .05, N = 26,530) was found between the indirectly

observed pCO2 data and alkalinity (after discarding samples with pH ≤

5.4). Therefore, we conclude that using a pH threshold of 5.4 is a suffi-

cient criterion for filtering out unreliable data. Moreover, another

study in Sweden and Finland (Denfeld, Kortelainen, Rantakari, Sobek,

& Weyhenmeyer, 2016) did not find a statistically significant differ-

ence between directly and indirectly measured pCO2 data (Wilcoxon

each pair test: p > .05). The remaining 1% of the samples (which

includes 25% of North American data) corresponded to direct pCO2

measurements (see Sobek et al., 2005 and Lapierre & del Giorgio,

2012 for more details).

In order to remove pCO2 data from lakes potentially covered by

ice, where possible, only data measured at a water temperature

0 2,500 5,000 km1,250F IGURE 1 Geographical distribution of
measured lake pCO2 data (n = ~27,000
samples)
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greater than 4°C and between the months of April and November

were retained in the analysis. For a small number of samples (<1%),

water temperature was not reported and in these cases, all data

from April to November were retained. After the data selection pro-

cedure described above, approximately 27,000 pCO2 samples were

retained. See discussion for further deliberation on the issue of ice

cover.

2.2 | Data aggregation

Based on coordinates and lake name, median pCO2 was calculated

per sampling location. Then, using the median pCO2 for all sampling

locations within each 0.5° grid cell, a spatially aggregated mean

pCO2 was calculated at this resolution. This produced a single “open

water” lake pCO2 value for 584 grid cells located within the circum-

boreal region. In order to prevent a geographical bias and to have a

similar number of pCO2 grids representing Scandinavia and North

America, only Scandinavian grids with a mean pCO2 calculated from

at least 22 median pCO2 values (in other words, 22 sampled lakes)

were retained in our training data. This rule did not apply to the

grids containing the very largest lakes in the Scandinavian dataset,

which were included regardless of the number of samples used in

data aggregation to ensure that they are represented. Indeed, the

largest lakes in the boreal region are larger than the area of a 0.5°

grid cell, meaning that in some cases it is not possible to have more

than one lake in a grid. Given the relative sparsity of the North

American data, all of the North American grids were retained regard-

less of the number of lakes represented in each grid. This selective

procedure left 168 grids evenly divided between Scandinavia and

North America, as well as four grids in Siberia. Lake area data were

also aggregated to a resolution of 0.5°, and log10 transformed prior

to computing the mean log10 lake area per grid.

2.3 | Predictors of pCO2

A set of environmental and climatic variables were selected and

sourced, largely from publically available geodatabases (Table 1). The

choice of retained variables was guided by two principles: firstly, we

only chose data that were global in coverage with a resolution of at

least 0.5°; secondly, we prioritized variables that have previously

been shown to drive the variation of pCO2 in inland water bodies.

Among all variables, pCO2 and average slope gradient of the catch-

ment clearly showed a skewed distribution, and were thus log-trans-

formed before regression analysis.

Firstly, the Pearson correlation coefficients between log10 (pCO2)

and all of the variables, as well as between variables themselves, were

analyzed using the software package STATISTICATM. Secondly, we fit-

ted multiple linear regression models with all possible combinations of

three of the 17 predictors described in Table 1 using the software

package R (R Core Team 2013). Initially, we placed no limit on the

number of retained predictors, but found that adding a fourth predic-

tor added little in the way of additional descriptive power. Therefore,

we placed a limit of three predictors to ensure a parsimonious model.

2.4 | Upscaling of pCO2 data

The fitted regression equation was applied in a geographical infor-

mation system (GIS) to build a high-resolution map (0.5°) of pCO2

from the drivers selected from the statistical treatment of the

geodata. Terrestrial NPP was taken from the MODIS satellite-

derived dataset described in Zhao, Heinsch, Nemani, and Running

(2005), while precipitation was taken from Hijmans, Cameron,

Parra, Jones, and Jarvis (2005), a high-resolution database based

on interpolation of global weather station data. Log10 (lake area)

(and in turn pCO2) was adjusted to be representative for the total

lake area within each grid, and hence, the total gas exchange flux

through the aquatic-atmosphere interface, using the following

equation:

Adj. Alake ¼
P

Log10ðAlakeÞ � AlakeP
Alake

ðper gridÞ (1)

where Alake denotes lake area.

Lake area data from the literature (Lapierre & del Giorgio, 2012;

Shirokova et al., 2013; Sobek et al., 2005; Weyhenmeyer et al.,

2012) were used for training the statistical model (i.e., lake area as a

predictor of pCO2) while lake area from the GLOWABO database

(Verpoorter et al., 2014) was used for extrapolation of pCO2 and cal-

culation of FCO2. This is because each aggregated pCO2 value is the

only representative of those lakes, which happen to have been sam-

pled in that specific grid. When we extrapolate to the circumboreal

scale, we use the GLOWABO database so that estimated pCO2 is

representative of the average size of all of the lakes in each grid.

GLOWABO is a global inventory of lakes, which was developed by

applying a lake extraction algorithm to high-resolution stationary

satellite imagery (Verpoorter, Kutser, & Tranvik, 2012). As the data-

base is stationary, it relies on an algorithm to filter the satellite

images to minimize false detection due to mountain and cloud shad-

ows.

The regression model was validated with 131 of the discarded

grids from Scandinavia, selecting only those aggregated from a mini-

mum of 10 samples per grid. All of the validation data were aggre-

gated to the 0.5° grid scale before being compared to predicted

pCO2.

2.5 | Calculation of FCO2

FCO2 was calculated using the equation:

FCO2 ¼ Alake � k � DCO2 (2)

where FCO2 is in mol/day, Alake (m2) denotes lake area, k (m/day)

the gas exchange coefficient, and DCO2 (mol/m3) difference

between water and air pCO2, assuming an atmospheric pCO2 of

390 latm. In Equation 2, lake pCO2 is computed according to the

procedure described in the preceding sections. pCO2 was then con-

verted to CO2 concentrations using Henry’s constant KH, corrected

for temperature.

4 | HASTIE ET AL.



Lake area was calculated from the GLOWABO database (Ver-

poorter et al., 2014). The temperature-adjusted k was derived from

k600 for each 0.5° grid using the Schmidt number, calculated from the

mean water temperature over the April–November period. Water tem-

perature was in turn calculated from mean air temperature over the

same period using the equation reported by Lauerwald et al. (2015):

Twater½�C� ¼ 3:941þ 0:818 Tair ½�C� ðr2 ¼ :88Þ (3)

There are numerous methods for estimating k600 (m/day) in the

literature. In this study, we have compared estimated boreal lake

FCO2 using three different methodologies for calculating k600. The

first method is based on lake area, where four different k600 values

(0.54, 1.16, 1.32, and 1.90 m/day) were applied for four correspond-

ing lake area bins (<0.1, 0.1–1, 1–10, and >10 km2). This approach is

taken from Raymond et al. (2013), following the relationship

between k600 and lake area proposed by Read et al. (2012). The sec-

ond method is based on the relationship between k600 and wind

speed given by Cole and Caraco (1998):

k600 ¼ 2:07þ 0:251U1:7
10 (4)

where U10 is the average wind speed in m/s at 10 m (Hijmans et al.,

2005). This gives a k600 range between 0.58 and 2.04 m/day.

The third is taken from Vachon and Prairie (2013) and incorpo-

rates the effects of both wind speed and lake area:

k600 ¼ 2:51þ 1:48 � U10 þ 0:39 � U10 � log10 Alake (5)

where Alake is in km2 and U10 in m/s.

k600 has also been found to depend on buoyancy flux in addi-

tion to wind speed and lake area. MacIntyre et al. (2010) found

that higher k600 values occur during convective cooling compared

to heating, and that during overnight low wind conditions, k600

depends on buoyancy flux rather than wind speed. We were

unable to take these additional considerations into account as we

lacked the necessary data. Despite this, we are confident that with

the use of three methods to calculate k600, and by explicitly

TABLE 1 Environmental geodata evaluated as potential predictors of log10 (pCO2) (training data): Basic statistics

Variable Unit Mean Median Min Max Source Resolution

Lake area (Alake) km2 10.95 0.52 0.01 82,200.00 Sobek et al. (2005),

Weyhenmeyer et al. (2012),

Lapierre & del Giorgio

(2012)

30″

Air temperature (T,

Apr–Nov monthly mean)

°C 9.01 9.30 1.20 12.80 Hijmans et al. (2005) 30″

Precipitation (P, Apr–Nov

monthly mean)

mm/month 71.90 73.46 41.61 100.99 Hijmans et al. (2005) 30″

Wind speed (Apr–Nov

monthly mean)

m/s 3.94 3.83 2.09 5.89 Hijmans et al. (2005) 30″

Soil pH index (top 5 cm) – 5.14 5.12 4.68 6.18 SoilGrids (2014) 30″

Soil carbon content

(top 5 cm)

g/kg 94.99 94.99 63.54 126.44 SoilGrids (2014) 30″

Terrestrial net primary

productivity (NPP)

g C m�2 year�1 486.73 504.15 60.20 746.89 Zhao et al., 2005; 30″

Population density Inh./km2 3.05 2.35 0.02 23.79 CIESIN & CIAT (2005) 2.5″

Elevation m 240.45 226.60 18.60 973.81 GLOBE Task Team (1999) 30″

Catchment slope gradient Degrees 0.988 0.670 0.0945 8.744 Lauerwald et al. (2015)

GLOBE Task Team (1999)

30″

Runoff mm/year 379.88 359.54 98.00 929.29 Fekete, V€or€osmarty, &

Grabs (2002)

30″

% cover evergreen trees — 28 29 0 74 Global Land Cover 2000

database (2003)

2″

% cover mixed trees — 22 18 0 83 Global Land Cover 2000

database (2003)

2″

% cover cultivated areas — 10 02 0 88 Global Land Cover 2000

database (2003)

2″

% silt of soil — 34 34 0 43 FAO/IIASA/ISRIC/ISSCAS/

JRC (2012)

30″

% sand of soil — 52 53 0 62 FAO/IIASA/ISRIC/ISSCAS/

JRC (2012)

30″

% clay of soil — 13 13 0 21 FAO/IIASA/ISRIC/ISSCAS/

JRC (2012)

30″
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incorporating its variation in our Monte Carlo analysis, we ade-

quately account for the uncertainty associated with gas exchange

velocity.

FCO2 was then converted to g C year�1 by multiplying by the

molar mass of carbon (12.01 g/mol) and the number of days per

year, 365. FCO2, was first calculated per grid and for the four lake

size categories, <0.1, 0.1–1, 1–10, and >10 km2 described previously

(Read et al., 2012), before being amalgamated.

Total FCO2 was calculated by summing FCO2 from each size

class. After pCO2 and FCO2 had been extrapolated, various masks

were applied in ArcGIS in order to estimate values for different

regions and countries. The boreal forest land cover region (BF) was

taken from Potapov et al. (2008) (Fig. S13).

2.6 | Future projections of boreal pCO2 and FCO2

We acquired data from four Earth System Models used in the fifth

Coupled Model Intercomparison Project (CMIP5) to predict pCO2

and FCO2 over the twenty-first century for the IPCC scenarios

RCP2.6 and RCP8.5 (Intergovernmental Panel on Climate Change

(IPCC), Climate Change, 2013): the Canadian Centre for Climate

Modeling and Analysis (CCCma) CanESM2 model, the Met Office

(UKMO) HadGEM2-ES model, the Institute Pierre-Simon Laplace

(IPSL) IPSL-CM5A-LR model, and the Max Planck Institute for Mete-

orology (MPI) MPIESM-LR model. We selected these firstly, as they

are all used in the CMIP5 project, and secondly because projected

values of the environmental drivers of pCO2 identified for the pre-

sent day (terrestrial NPP and precipitation), as well as air tempera-

ture for adjusting future KH, and k via the Schmidt number (as

described in preceding section), were easily accessible online. The

data were downloaded from the Earth System Grid Federation

(ESGF) node hosted by the IPSL, for RCP2.6 and RCP8.5 model runs,

as well as historical runs (1850–2005). All data were taken from the

r1i1p1 realization of the simulations. In order to account for interan-

nual variation, the data were aggregated in time to obtain projec-

tions for 10-year periods centered on the years 2000, 2030, 2050,

and 2100. For example, total annual terrestrial NPP for the year

2030 was based on aggregating across the years 2025–2034. Some

of the models only provide projections up to the year 2100 so for

this specific period we aggregated the data across the preceding

10 years, 2090–2099. After aggregation, the projections of terrestrial

NPP, air temperature, and precipitation were aggregated in a GIS to

ensure a uniform spatial resolution of 0.5°. Finally, for each 0.5° grid,

the simulated terrestrial NPP, air temperature, and precipitation was

adjusted using the difference between modeled and observed data

for the 2000 period. For example, the terrestrial NPP for the year

2030 was adjusted according to:

NPP2030;A ¼ NPP2000;O þ ðNPP2030;M �NPP2000;MÞ (6)

where A denotes adjusted, O denotes observed, and M denotes

modeled. NPP2000,O was taken from Zhao et al. (2005), which was

also used for training the prediction equation.

This procedure is similar to the one applied in regional downscal-

ing of future projections, to reflect the fact the Earth System models

are mostly designed to predict future changes and not to capture

spatial patterns at the (sub)-regional scale.

After calculating future pCO2, we then added the projected

increase in atmospheric pCO2 (above the present day value of

390 latm used in this analysis) for the equivalent scenario and year.

For example, under RCP8.5, atmospheric CO2 is projected to be

936 latm by 2100 (Meinshausen et al., 2011), and thus we added

546 (936–390) to our projected estimate of boreal lake pCO2 for the

same year and scenario. With this approach, we account for the fact

that we do not use present day atmospheric pCO2 in our prediction

equation of lake pCO2, but we assume it to be implicitly represented

in the intercept of that equation, and we further assume that the

increase in atmospheric pCO2 will lead to a corresponding, total

increase in lake pCO2, preserving the total delta pCO2. In our calcu-

lation of FCO2, no such step is required as it is calculated from delta

pCO2, not absolute lake pCO2.

2.7 | Uncertainty estimates based on Monte Carlo
simulation

We calculated the uncertainty associated with our pCO2 and FCO2

estimates (5th and 95th percentiles) using a Monte Carlo simulation

comprising 10,000 runs. Here, we calculated a probability density

function for pCO2 based on varying the b-estimates for each of the

three predictors (terrestrial NPP, precipitation, and lake area)

retained in the multiple linear regression, assuming a normal distribu-

tion constrained by the standard errors of each b-estimate (Table 4).

Uncertainty associated with our future projections of pCO2 and

FCO2 were similarly calculated using a Monte Carlo simulation

forced by future projections of terrestrial NPP and precipitation.

However, to account for the variation of terrestrial NPP and precipi-

tation projections resulting from using four different Earth System

models, we performed 49 2,500 runs (2,500 for each model). Uncer-

tainty was propagated to the calculation of FCO2 using Equation 2,

where k values were randomly selected between the minimum and

maximum values calculated for each grid by the three methods out-

lined in the previous section. Monte Carlo runs (10,000) were again

performed, assuming a uniform distribution of k. It was also assumed

that pCO2 and k vary independently of one another. The Monte

Carlo analyses were performed using the statistical software R 3.2.2

(R Core Team, 2013).

3 | RESULTS

3.1 | Controls of spatial variation in pCO2

Table 2 presents the correlations between aggregated (0.5°)

log10(pCO2) and 17 variables derived from environmental geodata

(Table 2).

Highly significant (p < .001) positive correlations were found for

wind speed (Apr–Nov monthly mean) (r = .58), annual terrestrial net

6 | HASTIE ET AL.
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primary productivity (terrestrial NPP) (r = .35), air temperature (T, Apr–

Nov monthly mean) (r = .34), population density (r = .46), the percent-

age of the grid covered by needle-leaved evergreen trees (GLC land

cover class 4) (r = .36), and by cultivated or managed land (GLC 16)

(r = .32), while highly significant negative correlations were found with

log10lake area (Alake) (r = �.51), precipitation (P, April to November

monthly mean) (r = �.42), elevation (r = �.30), and runoff (r = �.33).

In order to ensure a parsimonious prediction model, we

restricted the maximum number of drivers to three. All possible com-

binations of drivers were tested in the regression analysis. Based on

this analysis, the model with both the highest r2 and lowest Root-

mean-square error (RMSE) included Alake, P, and T, as predictors

(Table 3). However, we chose to proceed with the second best per-

forming model, composed of Alake, terrestrial NPP, and P. This choice

is justified by the more direct mechanistic link between lake pCO2

and terrestrial NPP compared to T. T is a proxy for many different

variables and controls a variety of different processes in multiple

ways, meaning that T-related patterns at the spatial scale are not

necessarily transferrable to the temporal scale (Weyhenmeyer et al.,

2015). In addition, the allochthonous C inputs to lakes, as related to

terrestrial NPP, have been shown to be a stronger constraint on

CO2 evasion from boreal lakes than the direct temperature effect on

decomposition rates (Kortelainen et al., 2006). Accordingly, terrestrial

NPP has been identified as a main control of CO2 emission from

lakes (Maberly et al., 2013), underpinning its strong mechanistic link-

age to lake FCO2. It is likely that the effects of terrestrial NPP are

statistically represented by T and P in the training data, and that is

one explanation for terrestrial NPP not being retained in the equa-

tion with the lowest RMSE. The relationships between P, T, and ter-

restrial NPP are, however, more complex than the statistics for the

training data suggest, and the empirical relations between the three

predictors in the training data are not necessarily representative of

the extrapolation area or prediction periods. Thus, we assume the

combination of terrestrial NPP, P, and Alake to be more robust for

extrapolations in space and time. Together, these predictors explain

56% (r2 = .56, Figure 2) of the spatial variation in log10(pCO2). P has

the strongest partial correlation coefficient (r = �.535) followed by

Alake (r = �.407) and terrestrial NPP (r = .360) (Table 4). The result-

ing prediction of boreal lake pCO2 is given by the following

equation:

log10ðpCO2 ½latm�Þ ¼3:26� 0:070� 0:0844� 0:0115�
log10ðAlake½km2�Þ þ 6:89� 1:11�
NPP½104 gCm�2 year�1� � 8:30� 0:841�
P ½103mm�ðr2 ¼ :56Þ:

where the ranges (�) represent the standard errors.

Figure 2 shows the scatterplot of observed vs. predicted log10

(pCO2), categorized by region. Siberia is represented by only a hand-

ful of grids with pCO2 data. Despite this geographical bias, Figure 2

shows that there is no consistent pCO2 prediction bias in the Siber-

ian grids compared to those of Scandinavia and North America.

The regression model was validated with 131 of the discarded

grids from Scandinavia. The resulting scatterplot (Figure 3) has a

slope of 1.052 and an intercept of �0.148, suggesting that there

is minimal prediction bias. Based on the multiple regression model

described above, lake area weighted mean pCO2 for the BF land

cover region is estimated to be 966 latm (Figure 4a) with an

uncertainty range of 678–1,325 latm corresponding to the 5th

and 95th percentiles. The range of uncertainty was obtained from

the Monte Carlo analysis, outlined in the methods. Mean pCO2

varies inversely with lakes size category (Table 5). Indeed, our esti-

mate of mean pCO2 for the smallest lake size category (<0.1 km2)

of 1,558 latm (1,110–2,208) is approximately twice that of our

estimate for the largest category (>10 km2) of 789 latm (563–

1,120).

3.2 | Estimates of FCO2 for present day conditions

The map of FCO2 (Figure 4c) shows a complex spatial pattern

reflecting the high spatial variation of both pCO2 (Figure 4a) and

Alake (Figure 4b). Integrated over the BF region, we estimated a total

FCO2 of 189 Tg C year�1 (range of 74–347 Tg C year�1) while for

the entire 50°–70°N latitudinal band (Fig. S12), we estimated a total

evasion of 272 (115–487) Tg C year�1. Canada alone showed the

TABLE 3 The top 10 ranking multilinear regression equations composed of three drivers. Shown in descending order of ability (r2) to predict
the dependent variable log10 (pCO2)

Predictors r2 Root-mean-square error (RMSE)

log10 Alake km2
h i� �

, P (mm), T (°C) .59 0.16

log10 Alake km2
h i� �

, P (mm), terrestriaL NPP (g C m�2 year�1) .56 0.17

log10 Alake km2
h i� �

, P (mm), Wind speed (m/s) .53 0.18

log10 Alake km2
h i� �

, Wind speed (m/s), T (°C) .53 0.18

log10 Alake km2
h i� �

, P (mm), Pop. density (Inh./km) .52 0.18

P [mm], terrestrial NPP (g C m�2 year�1), Wind speed (m/s) .52 0.18

log10 Alake km2
h i� �

, P (mm), Elevation (m) .52 0.18

Wind speed (m/s), Elevation (m), log10 (slope gradient (°)) .51 0.18

Wind speed (m/s), log10 (slope gradient (°)), % cover evergreen trees .51 0.18

log10 Alake km2
h i� �

, Wind speed (m/s), % cover evergreen trees .50 0.18

8 | HASTIE ET AL.



highest FCO2 with 137 (55–250) Tg C year�1 (Table S2), mainly

because Canada has the greatest total Alake. We found a relatively

even contribution for the four different lake size categories to total

FCO2, and this is a reflection of the contrasting relationships

between lake area and pCO2, and lake area and gas exchange veloc-

ity k. While the smallest lakes had the highest estimated pCO2 val-

ues, they also had the lowest values of k, and this pattern is

reversed in the largest lakes (Table 5).

3.3 | Projections of pCO2 and FCO2

We used our empirical model and projections of terrestrial NPP and

P to estimate the change in BF lake pCO2 and FCO2 over the

twenty-first century, under two future GHG emission scenarios,

namely the lowest (RCP2.6) and highest (RCP8.5) emission scenario

of the IPCC. Additionally, we used future projections of T, to adjust

KH and k, and in turn FCO2. Based on the multimodel mean, we esti-

mated that annual terrestrial NPP will increase by 135% from 282 to

664 g C m�2 year�1 (Figure 5b) by 2100 under RCP8.5, while we

estimated that P (April–November monthly mean) will increase by

20% from 51 to 61 mm (Figure 5d). For the years 2030 and 2050,

respectively, we estimated that terrestrial NPP will increase by 49%

and 67% and that P will increase by 5% and 10%. Under RCP2.6

(Figure 5a,c), we estimated a 45% increase in terrestrial NPP by

2050 to 408.5 g C m�2 year�1 before reducing slightly to

404 g C m�2 year�1 by 2100. P is predicted to increase by just

7.5% to 54.8 mm for both the years 2050 and 2100. In both scenar-

ios (RCP2.6 and 8.5), and across all three time periods (2030, 2050,

and 2100), all four models (CanESM2, HadGEM2-ES, IPSL-CM5A-LR,

and MPIESM-LR) project an increase in both terrestrial NPP and P

across the BF region, relative to the year 2000 (Figure 5a–d). The

HadGEM2-ES model consistently projects the largest increase in ter-

restrial NPP while the CanESM2 model consistently projects the

smallest increase. In contrast, the CanESM2 model projects the lar-

gest increase in P across all scenarios and time periods, with the

exception of RCP2.6 for the year 2030 (for which HadGEM2-ES

projects the highest P). In all our projections, we have assumed that

Alake will remain constant.

Under scenario RCP8.5, both pCO2 (Table S3) and FCO2 (Fig-

ure 6) are predicted to increase substantially across the BF region,

peaking at 2,198 (1,303–3,761) latm and 392 (96.5–

922) Tg C year�1, respectively, for the year 2100. This represents a

127.5% increase in pCO2 and a 107% increase in FCO2. For the

years 2030 and 2050, respectively, we estimate that pCO2 will

increase by 31% and 48% and that FCO2 will increase by 37% and

49%. For RCP2.6, pCO2 and FCO2 (Table S3; Figure 7) are estimated

at 1,230 (739–1981) latm and 260 (82.9–537) Tg C year�1, respec-

tively, for the year 2100. This represents a 27% increase in pCO2

and a 38% increase in FCO2. Note that the increases in pCO2 and

FCO2 are not equivalent, largely due to the fact that the former is a

reflection of absolute pCO2 while the latter is calculated from delta

pCO2.

F IGURE 2 Observed vs. predicted log10
(pCO2 [latm]) for model training (168
grids) categorized by region with 95%
prediction interval (dashed lines)

TABLE 4 Retained predictors with b-estimates, associated
standard errors, and partial correlations to the dependent variable
log10 (pCO2)

Predictors b-estimate SE p-value
Partial
correlation

Intercept 3.26 0.0696 <.0001

Alake (km
2) �0.0844 0.0115 <.0001 �0.407

Terrestrial NPP

(104 g C m�2 year�1)

6.89 1.11 <.0001 0.360

P (103 mm) �8.30 0.841 <.0001 �0.535

HASTIE ET AL. | 9



The projected increase in lake CO2 evasion is mainly driven by

the substantial projected increase in the positive driver terrestrial

NPP over the twenty-first century. In contrast, the projected

increase in P, a negative driver of pCO2 in our model, is very small.

The smaller increase in both pCO2 and FCO2 predicted under the

RCP2.6 scenario is reflected in the smaller increase in terrestrial

NPP (Figure 5) under this scenario. By applying a linear function

between our FCO2 values for 2000, 2030, 2050, and 2100, we esti-

mate a cumulative CO2 evasion flux of around 29 Pg C from boreal

lakes to the atmosphere over the course of the twenty-first century,

under RCP8.5. Under RCP2.6, we estimate a smaller cumulative flux

of 24 Pg C. See Table S1 for more detailed results of future FCO2

projections relating to different options for the adjustment of k and

KH.

F IGURE 3 Observed vs. predicted log10
(pCO2 [latm]) for model validation (131
grids) with 95% prediction interval (dashed
lines)

pCO2 [μatm]

Alake [km2]

FCO2[g C m–2 year–1]

No data
<390

390 ... 800
800 ... 1200

1200 ... 1600
1600 ... 2000

>2000

No data
<1

1 ... 10
10 ... 50

50 ... 100
100 ... 250

>250

No data
<0.1

0.1 ... 1.0
1.0 ... 10.0

10.0 ... 50.0
50.0 ... 100.0

>100.0

(a)

(b)

(c)

F IGURE 4 Predicted maps of (a) pCO2, (b) Alake, and (c) FCO2 for the BF land cover region

10 | HASTIE ET AL.



4 | DISCUSSION

4.1 | Drivers of pCO2 and FCO2 spatial variability

We found significant relationships between lake pCO2 and a variety

of environmental drivers (Table 2). The majority of these relation-

ships concur with existing literature, that is, the observed positive

correlation between terrestrial NPP and pCO2 is in line with previous

studies, which report on CO2 supersaturation in boreal and temper-

ate lakes as a result of allochthonous inputs of organic carbon (OC)

and inorganic carbon (IC) from the catchment (Maberly et al., 2013;

Weyhenmeyer et al., 2015; Wilkinson, Buelo, Cole, & Pace, 2016).

Similarly, the presence of boreal coniferous forest has previously

been shown to exert a strong positive control on pCO2 by inducing

a net heterotrophic state from elevated DOC concentrations (Chmiel

et al., 2016; Hanson, Bade, Carpenter, & Kratz, 2003; Sobek, Tran-

vik, Prairie, Kortelainen, & Cole, 2007). There is less of a clear con-

sensus regarding the effects of temperature and wind. Several

previous studies have found pCO2 and organic C mineralization in

lakes to be strongly positively linked to temperature (Gudasz et al.,

2010; Kosten et al., 2010; Marotta, Duarte, Sobek, & Enrich-Prast,

2009), while other studies have found only a weak relationship

(Lapierre, Seekell, & del Giorgio, 2015; Sobek et al., 2005, 2007). In

our study, temperature had a moderately positive effect on lake

pCO2, similar to that of terrestrial NPP, and indeed the two are

highly intercorrelated (r = .84). At present, it is not clear in how far

our observed positive relationship between T and pCO2 is related to

increased aquatic respiration or other in-lake processes or to

increased terrestrial NPP. Since terrestrial NPP was almost equally

powerful in explaining pCO2 in lakes as T, we built our predictive

model on terrestrial NPP to get a better mechanistic understanding.

Wind speed has previously been shown to exert a strong nega-

tive control on pCO2 in reservoirs (Morales-Pineda, C�ozar, Laiz,
�Ubeda, & G�alvez, 2014), the likely mechanism being higher wind

speeds leading to higher FCO2 (Cole & Caraco, 1998; Read et al.,

2012; Vachon & Prairie, 2013) and in turn a decrease in pCO2. In

contrast, our study revealed a strong positive correlation between

wind speed and lake pCO2. This could be explained by higher wind

speeds promoting the vertical mixing of waters, especially during

summer in lakes where a thermocline has formed. Nevertheless,

wind speed was not retained for the empirical model, because the

TABLE 5 pCO2, FCO2, total Alake, and k values in relation to lake
size classes for the BF land cover region

Lake
size
class
(km2) pCO2 (latm) FCO2 (Tg C year�1)

Total
Alake

(km2)

Mean
k
(m/day)

<0.1 1,558 (1,110–2,208) 38.17 (18.64–65.00) 208,008 0.63

0.1–1 1,237 (890–1,739) 52.36 (9.380–87.10) 282,434 0.87

1–10 1,020 (734–1,434) 44.80 (19.54–79.34) 286,624 0.99

>10 789 (563–1,120) 53.96 (9.910–116.5) 570,583 1.27
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F IGURE 5 Projected BF terrestrial NPP for the years 2030, 2050 & 2100 under scenario (a) RCP2.6 (b) RCP8.5 and P under scenario (c)
RCP2.6 (d) RCP8.5
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b-estimate was associated with a very high standard error (>20% of

the b-estimate).

In terms of the negative controls of pCO2, it is well established

in the literature that smaller lakes generally have higher pCO2 values,

due to their proportionately greater surface area in contact with the

catchment and greater allochthonous C inputs per unit volume

(Catalan, Marce, Kothawala, & Tranvik, 2016; Humborg et al., 2010;

Kortelainen et al., 2006; Sobek et al., 2003). Perhaps, the most inter-

esting result is the strong negative control of P on pCO2. Although,

previous large-scale studies have found a positive relationship

between P and open water pCO2 (Rantakari & Kortelainen, 2005;

Sobek et al., 2003), a recent temporal study over a 17-year period

ΔFCO2 [g C m–2 year–1]

(a)

(b)

(c)

No data
<0

0 ... 1.0 
1.0 ... 5.0

5.0 ... 10.0
10.0 ... 25.0

>25.0

ΔFCO2 = 70 Tg C year–1

ΔFCO2 = 92 Tg C year–1

ΔFCO2 = 203 Tg C year–1

F IGURE 6 Spatially resolved (0.5°) predicted change in CO2 evasion, DFCO2 (from a year 2000 baseline) under scenario RCP8.5 for the
year (a) 2030, (b) 2050, and (c) 2100 for the BF land cover region
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(a)

(b)
No data

<0
0 ... 1.0 
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10.0 ... 25.0
>25.0

ΔFCO2= 48 Tg C year–1

ΔFCO2= 63 Tg C year–1

ΔFCO2 = 71 Tg C year–1(c)

F IGURE 7 Spatially resolved (0.5°) predicted change in CO2 evasion, DFCO2 (from a year 2000 baseline) under scenario RCP2.6 for the
year (a) 2030, (b) 2050, and (c) 2100 for the BF land cover region
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found a negative or no relation at all between precipitation and

pCO2 in boreal inland waters (Nydahl, Wallin, & Weyhenmeyer,

2017). Nydahl et al. (2017) suggested that increased precipitation

results in a dilution of CO2 concentrations in inland waters due to

an altered balance between surface and CO2-rich groundwater flow.

In addition, P induced increased surface water runoff can cause a

faster water flushing through the landscape giving less time for

in situ CO2 production in inland waters. It is, however, important to

keep in mind that P is highly intercorrelated with a number of the

other variables tested, most notably elevation, percentage of conifer-

ous tree cover per grid, population density, and wind speed. As such,

it may be that the relationship with P is also representing the effects

of these environmental and physical drivers on pCO2.

Our maps show a high degree of spatial variation and a complex

pattern of pCO2, reflecting the fact that no single driver is dominant.

One region where a clear divergence in pCO2 can be observed is Scan-

dinavia. For instance, we estimated an average area weighted pCO2 of

949 (637–1,345) latm for Sweden and a substantially smaller value of

552 (372–779) latm for Norway (Table S2), as a result of the differing

topography and climate found in the two countries. Due to its close

proximity to the sea and relatively high mean elevation, Norway

receives a substantially greater amount of monthly precipitation

(87 mm as a monthly mean over the April–November period) com-

pared to Sweden (58 mm as a monthly mean over the April–Novem-

ber period), and a lower annual terrestrial NPP of

208 g C m�2 year�1 compared to Sweden’s total of 373 g C m�2

year�1 (Fig. S14a,c). Another region where a relatively strong pattern

can be seen is in Quebec, where low pCO2 (Figure 4a) coincides with

low terrestrial NPP (Fig. S14a) and relatively high precipitation

(Fig. S14c). The spatial pattern in FCO2 is even more complex, because

the hotspots of pCO2 generally do not coincide with those of Alake.

4.2 | Comparison with previous global studies

In Table 6, we compare our results of FCO2 and pCO2 to values

found in the literature, averaged across the boreal region. For an

extended table with additional regional breakdowns of results, please

refer to Table S2. Our estimate of total FCO2 of 189 (74–347)

Tg C year�1 from lakes in the BF region is substantially higher (by a

factor of nearly 2.5) than the estimate of 79 Tg C year�1 proposed

by Raymond et al. (2013) for the same region. Our estimate of FCO2

over the 50°–70°N latitudinal band is also higher than the two previ-

ous estimates of Raymond et al. (103 Tg C year�1) and Auf-

denkampe et al. (110 Tg C year�1) by a comparable factor.

There are several explanations for our relatively high estimates

of FCO2. One substantial difference in our study is the incorporation

of the new GLOWABO lake database. Across the BF region, the

GLOWABO database contains a total Alake of 1,350,353 km2, com-

pared to the total of 931,619 km2 estimated by Raymond et al.

(2013). We calculated an area-specific FCO2 of 140 g C m�2 year�1,

which is still 64% larger than that of Raymond et al. (2013). Indeed

using Raymond’s value of total Alake, we would calculate a total

FCO2 of 130 Tg C year�1. Therefore, total Alake is not the only rea-

son for the substantial difference in FCO2 between the two studies.

The greater number of the smallest, high pCO2 lakes in GLOWABO

compared to previous methods (see Verpoorter et al., 2014) is

another plausible explanation for our high estimate.

In comparison with Raymond et al. (2013), we also used a sub-

stantially different methodology, as well as different data to train

our model. We used additional boreal pCO2 in the training of our

model from Canada (Lapierre & del Giorgio, 2012), Sweden (Wey-

henmeyer et al., 2012), and Siberia (Shirokova et al., 2013). Our

methodology for estimating k also differed compared to previous

studies. We used the same two methodologies for deriving k as Ray-

mond et al. (2013) but added an additional method outlined in

Vachon and Prairie (2013), which led to slightly higher k values.

Using only the two methods for calculating k (Cole & Caraco,

1998; Read et al., 2012) used in Raymond et al. (2013), we obtain a

total BF evasion of 150 (67–258) Tg C year�1, which gives an area-

specific CO2 evasion rate of 111 g C m�2 year�1. If we multiply this

flux density by the total Alake from Raymond et al. (2013), we reach a

total evasion of 104 Tg C year�1. Thus, we conclude that the remain-

ing discrepancy of 25 Tg C year�1 between our results and those of

Raymond et al. is due to methodological and pCO2 data differences.

4.3 | Sources of uncertainty

4.3.1 | Upscaling

Using a statistical model to extrapolate pCO2 in regions of minimal

data coverage is suitable if the variation in the environmental param-

eters in the predictor equation is similar in the training areas and in

TABLE 6 pCO2, FCO2, total Alake, and k values compared to previous studies

Region pCO2 (latm) FCO2 (Tg C year�1) Total Alake (km2) Mean k (m/day) Source

BF 1,278

Area weighted

966 (678–1,325)

189 (74–347) 1,350,353 0.86 This study

BF 790 79 931,619 0.82 Raymond et al. (2013) (INTERPOLATED)

50°–70°N 1,305

Area weighted

1,006 (715–1,366)

272 (115–487) 1,751,985 0.88 This study

50°–70°N 812 103 1,194,701 0.84 Raymond et al. (2013) (INTERPOLATED)

50°–90°N* 1,100 110 80,000–1,650,000 0.96 Aufdenkampe et al. (2011)
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the extrapolated areas. This condition is fulfilled in our study (see

Figs S6–S10) where 99.6% of the variation in extrapolated terrestrial

NPP and 98.8% of the variation in extrapolated P lies within the

range recorded in the grids used for training. We are thus confident

that we are not extrapolating too far beyond the statistical model

boundaries. However, it is important to note that the mean values

of both terrestrial NPP and P are substantially higher over the grids

used in training the data compared to the mean values over the

entire extrapolated region. For the training data, mean terrestrial

NPP and P are 477 g C m�2 year�1 and 71 mm, respectively, com-

pared to 282 g C m�2 year�1 and 51 mm across the BF land cover

region.

Our mean estimated pCO2 across the extrapolated BF region of

1,278 latm is higher than the value of 1,133 latm observed in our

training data but more importantly, the vast majority of the variation

in our extrapolated pCO2 lies within the range of observed pCO2.

While the minimum pCO2 of 25.6 latm over our extrapolated grids

is lower than the minimum of 152 latm in the observed grids, the

maximum value over our extrapolated grids is also lower (Figs S3

and S4), resulting in a smaller pCO2 range over the extrapolated

grids. Moreover, reducing the number of grids in our analysis from

584 to 168 could have resulted in certain geographical/climatic areas

being underrepresented but grids from the vast majority of boreal

latitudes remained after this edit, and therefore, we are confident

that most of the variation in the original data is retained. In addition,

the variation in pCO2, as well as terrestrial NPP and P, is similar

across the 584 grids and the 168 grids (Figs S3–S11).

In calculating annual FCO2 across the boreal region, we multi-

plied our daily evasion estimates by number of days per year irre-

spective of location and associated ice cover duration. This choice is

guided by the fact that significant CO2 accumulation has been previ-

ously reported under ice-covered lakes and very high emissions dur-

ing ice melt (Striegl et al., 2001). Such findings concur with our own

preliminary analysis of the seasonality of pCO2 at individual sampling

locations, where peak pCO2 values were often measured during

spring before April and at temperatures below 4°C. These conditions

were excluded from our analysis as we restricted our dataset to

samples measured at a water temperature greater than 4°C and

between the months of April to November. Moreover, a dispropor-

tionate percentage (45%) of our raw data was sampled during the

summer (July–September) and this data had a median value of

997 latm. We can compare this to the spring (April–June) data with

a median value of 1,416 latm, which comprised just 20% of our

data, or the annual median value of 1,478 latm (all data samples

including winter and <4°C), and conclude that the data used in our

final analysis likely leads to a conservative estimate of pCO2. This

choice compensates somewhat for the lack of accounting for vari-

able ice cover duration in our estimation of FCO2. As discussed in

the methods, we only included pCO2 data with a pH of ≤5.4 in order

to filter out unreliable data. However, this could also lead to under-

estimation of pCO2. Note that Raymond et al. (2013) used the same

approach, meaning that the results from both studies can be

compared.

4.3.2 | Lake area

There are a number of limitations associated with GLOWABO.

Despite the use of a number of filters to minimize errors, some false

detection of lakes due to cloud and mountain shadow is unavoid-

able. Other sources of errors include the elucidation of lakes from

large rivers and wetlands.

While these limitations are significant, validation of GLOWABO

against a high-resolution map of Sweden (Verpoorter et al., 2012),

an area which encounters all of the aforementioned problems,

achieved a performance index of 91% for lake area, while lake num-

ber differed by less than 3% (see Verpoorter et al., 2012 for further

discussion).

4.3.3 | Gas exchange velocity k

Gas exchange velocity k represents one of the largest sources of

uncertainty. We assessed this uncertainty by using three different

methods to calculate k and we reported a best estimate as the aver-

age of these three k quantification methods. We further accounted

for this uncertainty by incorporating k into the Monte Carlo analysis.

Additionally, in order to assess the uncertainty associated with the

variation in k alone, we undertook an extra Monte Carlo analysis in

which we only accounted for variation in k (i.e., uncertainty associ-

ated with pCO2 calculation was excluded). Based on this analysis,

the mean FCO2 is 185 Tg C year�1 for the BF region, very close to

the 189 Tg C year�1 estimated in the original Monte Carlo analysis.

The range of uncertainty is only moderately smaller; we estimate 5th

and 95th percentile FCO2 at 98 and 297 Tg C year�1, respectively,

compared to the original range of 74–347 Tg C year�1. Thus, we

conclude that k is indeed the largest source of uncertainty in our cal-

culation of FCO2.

4.3.4 | Future changes in lake CO2 evasion

Our study does not account for future changes in the extent of the

boreal forest, predicted as a result of increasing temperature (Gau-

thier et al., 2015; Koven, 2013). However, recent research estimat-

ing future changes in the boreal C stock under scenario RCP4.5,

suggests that any C gained from northern expansion of the boreal

forest is likely to be offset by loss from southern boreal retreat, and

thus little net change is predicted (Gauthier et al., 2015). Finally, our

study does not account for the future impact of permafrost thaw,

which will become an increasingly important source of C. Drake,

Wickland, Spencer, McKnight, and Striegl (2015) report that by

2100, between 5 and 10 Tg, C will be released annually from

Yedoma soils alone.

4.4 | Present and future carbon budget for the
boreal region

This study is the first to spatially resolve lake pCO2 and FCO2 across

the boreal region, moreover, using only environmental drivers
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derived from freely available geodata. The resolution of our maps is

compatible with most global land surface and inversion models (Ciais

et al., 2013), and thus could potentially be used for validation pur-

poses. High-resolution estimates of C fluxes such as those reported

here are crucial in deriving more reliable regional C budgets, particu-

larly along the land-ocean aquatic continuum (LOAC) where large

uncertainties remain (Regnier et al., 2013). Figure 8 integrates our

results within a C budget for the boreal region using previous spa-

tially resolved estimates of terrestrial NPP (Zhao et al., 2005), FCO2

in rivers (Lauerwald et al., 2015), C burial in lake sediments (Heath-

cote et al., 2015), lateral C exports to the ocean (Mayorga et al.,

2010), C accumulation in forests (Pan et al., 2011), and emissions

from fires (van der Werf et al., 2017; in review). Our updated budget

suggests that lakes are the most significant contributor to the LOAC

budget. This is largely due to their substantially greater surface area;

we estimate that it is 11 times that of rivers in the BF region. More-

over, we estimate that in the order of 3%–5% of the C fixed by ter-

restrial vegetation (terrestrial NPP) is leaking each year into inland

water bodies. This value is comparable to the global estimate of

3.2% proposed by Regnier et al. (2013) and the 5% recently calcu-

lated for the Amazon basin by Lauerwald et al. (2017), which ignores

the lateral mobilization of POC. Interestingly, the magnitude of the

LOAC C flux is of the same order as the mean C storage in the bor-

eal forest biomass and soils combined. It is also greater than the ver-

tical flux as a result of boreal forest fires (van der Werf et al., 2017;

in review) and the lateral C flux from harvested wood (Pan et al.,

2011). Our findings imply that the leakage through the LOAC con-

siderably reduces the C accumulation in boreal forests. This could

particularly be true for Canada where our estimate of lake FCO2

alone of 137 Tg C year�1 is substantially larger than the mean

(1990–2007) C storage of 20 Tg C year�1 for the Canadian boreal

forested proposed by Pan et al. (2011). Our budget is also likely to

be conservative given that we do not account for methane (CH4)

fluxes. A recent study (Rasilo, Prairie, & del Giorgio, 2015) of 224

lakes in Quebec found that as much as 25% of the emissions from

lakes, in terms of atmospheric warming potential, are in the form of

CH4. Moreover, there are a small number of additional C fluxes con-

tributing to the net ecosystem exchange budget, such as emissions

associated with the consumption of crop products, which we do not

include but are of relatively minor importance (Ciais et al., in review).

We estimate that lake pCO2 and FCO2 will increase substantially

over the 21st century relative to our present day estimates. Under

RCP8.5, we predict a 37%, 49%, and 107% increase in boreal lake

FCO2 by 2030, 2050, and 2100, respectively, amounting to a cumu-

lative perturbation of the lake to atmosphere CO2 flux of about 9 Pg

C over the twenty-first century. This is a significant perturbation, of

a similar magnitude to predicted future changes in boreal soil organic

C stocks in some land C models (Nishina et al., 2014). Our projec-

tions are largely driven by increases in terrestrial NPP of 46%, 67%,

and 135% over the same period. Interestingly, even under the GHG

Lateral 
exports = 57

-DOC = 27 
-POC = 13 
-DIC = 17 

(ref. 5)

FCO2 = 
79–189** 
(ref. 1, 3, 4)

FCO2 = 23–40 (ref. 1, 2)

Burial in lakes = 
20–40 (ref. 6)

NPP = 6,204 
(ref. 7)

?

Area = 121,373 km²

Area =
1,350,353 km²

Area =
19,567,097 km²

Boreal forest total annual C 
accumula�on = 413

-Biomass = 119
-Dead wood = 93 

-Li�er = 102 
-Soil = 99 (ref. 8)

Harvested wood = 
84 (ref. 8)

SHR = 5,230–
5,377*

Fires = 151 
(ref. 9)

To the 
LOAC = 
179–326

F IGURE 8 Updated carbon budget along the land-ocean aquatic continuum (LOAC) for the boreal region. Units are Tg C year�1. Ref. 1 –

Aufdenkampe et al. (2011), ref. 2 – Lauerwald et al. (2015), ref. 3 – Raymond et al. (2013), ref. 4** (this study), ref. 5 – Mayorga et al. (2010),
ref. 6 – Heathcote et al. (2015), ref. 7 – Zhao et al. (2005), ref. 8 – Pan et al. (2011), and ref. 9– van der Werf et al. (2017, in review). *SHR
(soil heterotrophic respiration) is derived from budget closure. This scheme does not include estuarine C fluxes which are relatively minor in
this region (Laruelle et al., 2013), or the C fluxes between lakes and rivers for which no estimate could be found for the boreal region
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scenario RCP2.6, we predict a 25%, 33%, and 38% increase in boreal

lake FCO2 by 2030, 2050, and 2100, respectively. This suggests that

a substantial strengthening of the CO2 evasion flux from boreal lakes

is expected irrespective of the emission scenario. Our results concur

with those of Larsen, Andersen, and Hessen (2011), which projected

a 65% increase in TOC concentration in Norwegian lakes by 2100

under the superseded IPCC B2 scenario, an intermediate GHG emis-

sion scenario. In our study, NPP increases at an equivalent rate while

the increase in precipitation is much smaller, meaning that the pro-

portion of NPP lost from lakes to the atmosphere remains relatively

constant at approximately 3% under both scenarios. Finally, our esti-

mates of future FCO2 are likely to be conservative, due to our lack

of accounting for the impact of permafrost thaw on remobilizing, old

labile C. Accounting for this substantial source of future C should be

prioritized in future studies of boreal and high latitude regions, and

may require the explicit representation of these processes in mecha-

nistic Earth System models.
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