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Supplementary information

Study sites

Eleven sites (Table S1) were selected within Arctic tundra ecosystems on continuous
permafrost with at least six years of flux data; ten of these sites (all of the sites except
RU-Cok which did not have soil moisture available) were used to test the correlation of
soil moisture anomalies with NEE, GPP, and ER anomalies as detailed in the Methods.
Flux observations were obtained using the eddy covariance technique (Burba et al., 2013)
to determine land-atmosphere CO; exchange at the ecosystem scale. The vegetation in all
of the sites is detailed in Walker et al., 2005, with US-Bes classified as W1 (sedge/grass
moss wetland, wet coastal plain dominated by sedges, grasses, and mosses), US-Atq, RU-
Sam, and RU-Cok classified as W2 (sedge moss/dwarf-shrub wetland, tundra dominated
by sedges, grasses, mosses, and some dwarf shrubs <40 cm tall), RU-Che as W3 (sedge,
moss, low-shrub wetland, dominated by sedges and low shrubs > 40 cm tall), US-Ivo and
RU-Cok, and US-ICt as G4 (tussock-sedge dwarf-shrub, moss tundra), GL-ZaH as P2
(prostrate/hemiprostrate dwarf-shrub tundra, moist to dry tundra dominated by prostrate
and hemiprostrate shrubs < 15 c¢m tall, mosses, rushes, forbs, and lichens), and CA-DL1
and CA-TVC as S1 (erect dwarf-shrub tundra dominated by erect dwarf-shrubs, mostly <
40 cm tall, mosses, and lichens). The land cover types in US-Bes, RU-Che, and US-Atq
include vegetation and landscape characteristics commonly found in pan-Arctic wetland
categories (Walker et al., 2005); US-Ivo, and US-ICt represent the dominant vegetation
types in Alaska (e.g., the subzone including US-Ivo and US-ICt accounts for about 83%

of the landscape of the North Slope of Alaska (Walker et al., 2003). Northern Alaska is
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divided into three bioclimatic subzones based on Max NDVI, the same used for the
Circumpolar Arctic Vegetation Map (Walker et al., 2002). The vegetation type at GL-
ZaH is representative of approximately 10% of the high and middle Arctic (Lund et al.,
2012). The vegetation types of all of the above-mentioned sites combined represent 31%

of all the vegetation types across the entire Arctic (Walker et al, 2005).

Eddy covariance data processing

Details on the site-level data processing are provided in the references listed in Table S1.
For the sites where CO> fluxes were measured using open-path analyzers (e.g., US-Bes,
US-Atq, US-Ivo, and US-ICt), we included a description of corrections detailed in
Oechel et al., 2014, and Burba et al., 2008, and examined the resulting influence on the
fluxes. All of the data were processed using a common harmonized data processing
consistent with the Ameriflux/Euroflux protocols. The half-hourly fluxes from US-Bes,
US-Atq, US-Ivo were calculated using the EddyPro software v. 5.1.0 (LI-COR, Lincoln,
NE, USA), as described in Zona et al. (2016). Open-path surface heating correction
(Burba et al., 2008) was applied to the hourly CO, fluxes following the procedure
described in (Oechel et al., 2014), with nearly-identical adjustment at the various sites.
The effect of the adjustment was small, with slopes from 1.022 to 1.033 and offsets from
0.011 t0 0.012 mg CO> m! s°!, with adjusted correction being slightly smaller in
magnitude in comparison to the original one. The effect of the correction was also quite
small, with slopes from 1.022 to 1.034 and offset from -0.009 to -0.011 mg CO, m™! s,

in comparison to the original uncorrected fluxes. The correction slightly reduced the CO>
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uptake and increased the CO; releases in comparison with uncorrected values, providing
a small but consistent impact as expected at these primarily cold ecosystems. The time
series of eddy covariance data from US-ICt, Alaska is described in Euskirchen et al.,
2017. At this site, an open-path LI-COR 7500 IRGA was installed in 2008, and to
evaluate the influence of surface heating on the open-path LI-COR 7500 IRGA (Burba et
al., 2008), an enclosed-path analyzer was installed in 2013. As the enclosed path LI-7200
is not subject to surface heating issues, the comparison of the open-path and enclosed
path data enables evaluating the impact of heating on the CO; fluxes during the cold
period (Goodrich et al., 2016). We found that overall, before correction, the LI-7500
showed slight uptake of CO» during the winter, while the LI-7200 showed release
(Euskirchen et al., 2017). Upon application of the heating correction (Burba et al., 2008),
the estimated fluxes from the LI-7500 and LI-7200 analyzers generally agreed well. The
largest absolute magnitude of the correction, observed in the coldest periods of winter,
was still quite small, on the order of ~5.4x10¢ gC-CO> m™ s°!, and was in line with, or
slightly below that discussed in Oechel et al., 2014, and Burba et al., 2008. This

correction was negligible in summer, which is the only time period included in this study.

Gap Filling of the eddy covariance flux data

The half-hourly CO; eddy covariance flux data were gapfilled using the standard
methodology of Ameriflux/Euroflux for all sites. For some of the Alaskan sites (US-Bes,
and US-Atq) when this standard gap-filling methodology was not performing well due to
large gaps in the data, particularly during the fall and winter periods, we used an

alternative neural network approach run over several consecutive years (Goodrich et al.,



70

71

72

73

74

75

76

77

78

79

80

81

82

83

84

85

86

87

88

&9

90

91

92

2016, Papale and Valentini, 2003). The neural network approach includes air and soil
temperature, solar radiation, vapor pressure deficit (VPD), relative humidity (RH),
‘fuzzy’ datasets representing seasons, and an offset node (Papale and Valentini, 2003).
The network had four hidden nodes and sigmoid transfer functions applied to both layers.
We trained and fit the network 100 times and used the median value for each missing
half-hour data period to fill gaps. We cross-compared the neural network and standard
gap-filling methodologies which showed a good agreement when the data coverage was >
70% (i.e. June — August) and revealed large deviations in the standard methodology when
data coverage was < 35% (i.e., September - May), indicating that the standard gap-filling
method did not properly perform in presence of large data gaps. Precisely, we compared
the daily Net Ecosystem Exchange, NEE from US-Bes during June 2009 to May 2010
estimated using both the standard Ameriflux/Fluxnet gap-filling and the neural network
(Artificial Neural Network, ANN) gap-filling. The standard Ameriflux/Fluxnet gap-
filling performed well when applied to data from periods with good coverage (> 70%) but
the ANN was used with data with poor coverage (< 35%) during the cold season.
Orthogonal regression results between the ANN and the standard Ameriflux/Fluxnet gap-
filling were y = 1.13x + 0.02, P < 0.001 and Pearson’s r = 0.98 for the subset with good
data coverage, whereas results from the period with poor data coverage showed lower

correlation between the two methods: y =2.71x — 0.16, P = 0.11 and Pearson’s r = 0.44.

Snowmelt date across the eddy covariance tower sites
A combined MODIS snow cover product (collection 5 MOD10A1/MCD10A1, Hufkens

et al., 2016) was used to estimate the dates of the initiation of the snowmelt. This method
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was selected after investigating the MODIS product against in situ air and soil
temperature measurements, pictures from a local camera, and snow depth measurements
collected with a SR50A-L Sonic Ranging Sensor (Campbell Scientific, Inc., Logan, UT,
USA) in US-Ivo, and validated by comparison with the snowmelt dates estimated from
direct observations in US-Ivo, US-Bes, US-ICt, and DK-ZaH, showing a very good
comparison (y=1.13x, r=0.96 and p-value<0.001). The use of a MODIS snow cover
product assured a spatial resolution (~500 m) appropriate for the eddy covariance tower
measurements, consistency among all sites and years, and allowed extending the record
for snowmelt date to years when no field data were available. The combined MODIS
product used a maximum value approach on the daily snow cover extent estimates to
alleviate low bias (Gascoin et al., 2015). Yearly snowmelt date is registered as the first
date on which fractional snow cover reached a 5% snow cover extent threshold. For
every location, a daily maximum value composite time series was generated using a
circular window of 500 m around the location of the tower. This circular window was
centered at each of the eddy covariance sites; the fractional snow cover of each particular
pixel within the circle was used to weigh the final value. Pixel values were extracted from

the area weighted using a fraction of the circular window.
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Supporting Tables

Table S1 Eddy covariance data used in this study. Indicated are the locations, the years
for which data for each of the sites are included in this study, the eddy covariance CO»
flux instruments used, the vegetation type classification according to Walker et al., 2005
the average summer soil moisture and standard deviations (%) in the sensors available for
each site (depth and number of sensors are indicated as footnote to the table below), and

the main references describing the site.

EDDY Soil REF
COUNTR  COORDINA Flux YEARS COVARIANCE moisture
SITE v TE (_So!l moisture CO: flux June-
if different) INSTRUMENT VEG TYPE Aug**
(%) £ sd
(se)
2005-2013
71 280881 2005-2011 Open path LI- W1 59+9 Zona.et al.,
N 2014-2019 /200 sedge/gras ) 2016;
US-Bes USA . 2013-2019 Goodrich et
156.59646 (2006-2010 S moss
W 2012-2019) ~ Closed path wetland al., 2018
LGR-FGGA-
24EP
2004-2008
Open path LI-
70.469622 7500 W2 sedge
8N 2004-2008 2011-2013 moss/dwar 55 +9 Zona et al.,
US-Atq USA 15} 40894 2011-2018 Enclosed path f-shrub (3) 2016;
71W (2010-2018)  LI-7200 wetland Goodrich et
2013-2018 al., 2016
Closed path
LGR-FGGA-
24EP
68.4864 N, G4
155.7502 2004-2008 tussock- 58+ 6 Zona et al.,
%52004- 2004-2007 Open path LI- sedge. (3) 2016; .
USvo  USA 7 2013-2018 1990 dwarf- Goodrich et
68.4805 N, (2014-2019) 2013-2018 shrub al., 2016
155.7568 Enclosed path moss’
W LI-7200 tundra
(2014-)
Open path G4
LI17500; 2013 - tussock- 675 Euskirchen
2019 Open path  sedge, (2) et 2006;
LI7500A dwarf- Euskirchen
shrub, etal., 2017
moss Kade et al.,
tundra 2012
68.607 N, 2008-2019 (Dryasinte
US-ICh — USA 149206 W grifolia,
lichen,Car
exspp.,
dwarf
evergreen,
and
deciduous
shrub)
Open path G4
LI17500; 2013 - tussock- 675 Euskirchen
2019 Open path  sedge, (2) et 2006;
LI7500A dwarf- Euskirchen
68.606 N, 2008-2019 shrub, etal., 2017
USHCs  USA 9311w moss Kade et al.,
tundra 2012
(variety of
Carex
species,



Eriophoru

mangustifo
lium,and
dwarf
deciduous
shrubs
such
asBetula
nana,Salix
spp, and
mosse)
2000-2007 P2
GL-ZaH Closed path prostrate/h 26+9 Lund et al.,
(DK- Greenl 744732 N 2000-2019 L16262 emiprostra  (2) 2012
ZaH) and 20.5503W 2007-2016 te dwarf-
Closed path shrub
LI7000 tundra
(2003-05): Kwon et al.,
N 68.61304 2003-2004 W3 2019
and E 2003-2004 Open path LI- sedge, 45+ 6 Gockede et
. 161.34143 7500 2) al., 2019
RU-Che Russia . 2013-2016 moss, low-
(2013-): N (April-Nov) 2013-2016 shrub
68,61689 Closed path wetland
and E LGR-FGGA-
161.35089 24EP
Parmentier,
'7\‘0'82973 2003-2013 Open path w2 s?éige n/a etal., 2011
RU-Cok Russia ., - LI7500 mossrawar
147.48897 (n/a) f-shrub
E wetland
2008-2010 Holl D, et al.
Open path LI- 2019
2008-2010 7500 W2 sedge 303 Boike J, et
2010 and 2013- 1) al. 2019
RU-Sam  Russia 72.3733 N 2013-2017 2017 moss/dwar Sachs et al
126.4978E  (2009-2010 f-shrub v
Closed path LI- 2010
2013-2017) wetland
7000
2013-2017
Open path LI-
7500A
2005-2013 353 Humphreys
64.868855 S1 erect
Canad 3N 20042019  Open path dwarf- (1) & Lafleur,
CA-DL1 LI7500 2011
a 111.57479 shrub
27W 2014-2015 tundra Lafleur &
Enclosed path Humphreys,
LI7200 2008
S1 erect
68.74617N .
CA-TVC Canad 133.50171 2013-2019 Open path EC- dwarf- 42+2 Helbig et
a W 150 shrub 1) al., 2016
tundra

169 **The average soil moisture indicated in this table includes all the sensors available at the sites; the number of sensors
170 and the soil depths in each of the sites are listed for each site (CA-DL1: N=2 in a wet location and a dry location (both
171 at -10 cm depth); US-Atq: N=4 (2010-2013, at -5 (2),-15, and -30 cm depth), N=12 (2014-2019 at -5 (5),-15 (4), and -
172 30 cm (3) depth; US-Ivo: N= 12 (4 at -5 cm depth, 4 at -15 cm depth, and 4 and -30 cm depth); US-Bes: N=5 (2

173 diagonally inserted at 0-10cm, 1 diagonally inserted at -20-30 cm, 2 vertically inserted at 0-30cm depth); US-Che:
174 N=2 (-8cm and -16cm depth); RU-Sam: N=11, 4 in slopes (at -5, -14, -23, -33 depth, and 7 in rims at -5, -12, -15, -22, -
175 26,- 34, and -37 cm depth); US-ICt: N=2 (at -2.5 cm depth); DK-ZaH: N=2 (2000-2004 vertical 0-6 cm and from 2005
176 onward are at two depths horizontal: -5cm, -10 cm depth) CA-TVC: included one sensor inserted horizontally at -
177 20cm depth. For the rest of the analysis in the paper we used the depth indicated in the methods section in the main
178 manuscript.
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Table S2 Significance (P) and Pearson’s correlation coefficient (r) of the relationships

between the indicated monthly median standardized anomalies for June, July, and August

retaining site as unit of variation using a partial correlation analysis which regressed the

anomalies of the indicated variables while accounting for the anomalies of solar radiation
and air temperature, as shown in Fig. S1. The r was only included when the P<0.1 (given

that for P>0.1 we assumed that r is not significantly different from zero).

Regression model month P
June 0.011 | -0.27
NEE ~ soil moist | Rg & air T July | 0.0013 | -0.32
August 0.011 | -0.25
June | 0.0016 | 0.33
GPP ~ soil moist | Rg & air T July 0.47 -
August 0.99 -
June 0.047 0.21
ER ~ soil moist | Rg & air T July 0.51 -
August 0.46 -
June 0.002 | -0.32
soil moist ~ snow melt | Rg & air T July 0.41 -
August 0.21 -
June 0.1 | -0.16
ET ~ snow melt | Rg & air T July 0.37 -
August 0.33 -
June 0.20 -
Bowen ratio ~ snow melt | Rg & air T July 0.62 -
August 0.86 -
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Fig. S1| Partial correlation between the indicated variables considering the
anomalies in solar radiation and air temperature. Included in the panels the p-value of
the indicated partial regressions between the monthly median standardized anomalies
indicated in the panels for each of the months, and when significant (P<0.1) included are
also the Person’s correlation coefficients in Table S2.
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the sites (Table S1).
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Fig. S3| Maximum covariance analysis (MCA) for the monthly median of the

indicated anomalies and GPP, NEE, and ER in June. The first pair of singular vectors

are the phase-space directions when projected that have the largest possible cross-
covariance. The singular vectors describe the patterns in the anomalies that are linearly
correlated. Displayed is the time series of the first singular value decomposition (SVD)
mode which visualizes the parts of the datasets that vary together and included above
each panel is the squared covariance fraction (SCF) of each couple of variables.
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Fig. S4| Maximum covariance analysis (MCA) for the monthly median of the
indicated anomalies and GPP, NEE, and ER in July. The first pair of singular vectors
are the phase-space directions when projected that have the largest possible cross-
covariance. The singular vectors describe the patterns in the anomalies that are linearly
correlated. Displayed is the time series of the first singular value decomposition (SVD)
mode which visualizes the parts of the datasets that vary together and included above
each panel is the squared covariance fraction (SCF) of each couple of variables.
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Fig. S5| Maximum covariance analysis (MCA) for the monthly median of the
indicated anomalies and GPP, NEE, and ER in August. The first pair of singular
vectors are the phase-space directions when projected that have the largest possible cross-
covariance. The singular vectors describe the patterns in the anomalies that are linearly
correlated. Displayed is the time series of the first singular value decomposition (SVD)
mode which visualizes the parts of the datasets that vary together and included above
each panel is the squared covariance fraction (SCF) of each couple of variables.
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