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22 Abstract: The Arctic freshwater budget is critical for understanding the climate in the northern
23 regions. However, the hydrology of the Arctic circumpolar tundra region (ACTR) and the largest
24 pan-Arctic rivers are still not well understood. In the present paper, we analyze the spatiotemporal
25 variations in terrestrial water storage (TWS) of the ACTR, including three of its largest pan-Arctic
26 river basins (Lena, Mackenzie, Yukon), using monthly Gravity Recovery and Climate Experiment

27 (GRACE) data from 2002 to 2016. Together with global land reanalysis, river runoff, and
28 inundation extent area (IEA) data, we identify declining TWS trends throughout the ACTR that we

29 attribute largely to increasing evapotranspiration driven by increasing summer air temperatures.
30 In terms of regional changes, large and significant negative trends in TWS are observed mainly
31 over the North American continent. At basin scale, we show that, in the Lena River basin, the
32 autumnal TWS signal persists until the winter of the following year, while in the Mackenzie River
33 basin, the TWS levels in the autumn and winter has no significant impact on the following year. As
34 global warming is expected to be particularly significant in the northern regions, our results are

35 important for understanding future TWS trends, with possible further decline.

36 Keywords: arctic hydrological cycle; terrestrial water storage; satellite gravimetry observation;
37 permafrost distribution; global land data assimilation system
38

39 1. Introduction

40 The greatest contribution of freshwater into the Arctic Ocean (approximately 40%) comes from
41 terrestrial rivers, including large ones such as the Lena, Ob, Yenissey, Yukon and Mckenzie Rivers
42 [1]. This inflow greatly influences ocean circulation, winter sea ice cover, and boreal climates. Global
43  warming is expected to be particularly significant in the arctic regions. One indicator of this is the 7%
44 increase in average annual discharge of freshwater from the Yenisei, Lena, Ob, Pechora, Kolyma,
45  and Dvina Rivers, six of the largest in Eurasia, to the Arctic Ocean over the last century [2]. For

© 2017 by the author(s). Distributed under a Creative Commons CC BY license.


http://dx.doi.org/10.20944/preprints201712.0049.v1
http://creativecommons.org/licenses/by/4.0/
http://dx.doi.org/10.3390/rs10030402

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 8 December 2017 d0i:10.20944/preprints201712.0049.v1

2 of 22

46  example, Shiklomanov and Lammer [3] reported that in 2007, the annual river runoff reached a
47  record high for the period 1936-2007, resulting from a general and continuously increasing trend.
48  Despite several studies, the reason for those observations is not fully understood; this is in part
49  Dbecause of the poor surface observation network in the area. Rawlins et al. [4] demonstrated that
50  winter precipitation was highly correlated with the annual river runoff from the three largest
51  Russian rivers (i.e., the Yenisei, Lena, and Ob Rivers); however, that relationship was strongly
52 dependent on the precipitation dataset used [5]. It has been suggested that this relationship is the
53  result of changes in winter precipitation, which can accumulate as snowpacks in river basins and
54  change the terrestrial water storage (TWS) during winter. It is thus important to evaluate the
55  changes in TWS in river basins. In cold regions, TWS changes can be a primary factor in the
56  variability of river runoff [6-8].

57 Meanwhile, Huang et al. [9] used results from the Fifth Coupled Model Intercomparison Project
58  (CMIP5) to show that aridity in eastern Siberia, Alaska, and northern Canada will increase during
59  this century and enhance the global warming trend. Therefore, an evaluation of the spatiotemporal
60  variability in TWS in the Arctic is needed to better understand and quantify the hydrological
61 changes that could occur in the next few decades. Suzuki et al. [10] recently analyzed the
62  spatiotemporal variability in the Arctic TWS further and showed that between August 2002 and
63  August 2015, the coastal tundra in the upper Lena River basin dried due to increased
64  evapotranspiration rates resulting from severe summer warming. In addition, Nitze et al. [11]
65  analyzed high-resolution Landsat data from 1999 to 2014 and suggested that regional patterns in
66  changes to the areas of lakes have been declining since 1999 in the Alaska North Slope, Western
67  Alaska, and the Kolyma Lowland regions, although this was not true for central Yakutia. Their
68  limited analysis covered only 1.4% of the Arctic regions broadly categorized as tundra, suggesting
69  that there could recently have been a wider trend toward decreasing lake coverage across the Arctic
70  tundra. To understand the hydrological changes taking place throughout the pan-Arctic tundra, it is
71  necessary to extend TWS analysis towards the entire region.

72 Within pan-Arctic river basins, most subsurface TWS consists of continuous permafrost. As soil
73 freezes in the autumn, it preserves the imprints of the climatic conditions throughout the winter [6-
74 9].lijima et al. [12] showed that permafrost warming in eastern Siberia abruptly increased the active
75  water depth, which could cause changes in subsurface flows and degrade permafrost in continuous
76  permafrost regions. However, despite recent advances [13], the mechanism by which the
77  distribution of permafrost affects TWS and river runoff in large pan-Arctic river basins remains
78  unclear.

79 Global Land Data Assimilation System v1 (GLDAS1) products and newly produced reanalysis
80  data from GLDAS v2 (GLDAS2) have been widely and effectively used to understand the temporal
81  and spatial variabilities of TWS anomalies. Recently, Wang et al. [14] studied three Chinese river
82  basins using estimates based on TWS data from the Gravity Recovery and Climate Experiment
83  (GRACE) and GLDAS to compare products based on GLDAS1 and GLDAS2. They showed that bias
84  corrections in the precipitation data based on the latter greatly reduced the biases relative to that
85  based on the former. However, they also noted that the latter had larger mean absolute errors. Thus,
86  itis important to assess the availabilities of products based on GLDAS1 and GLDAS?2 for the Arctic
87  tundra and pan-Arctic river basins in order to investigate better products with which to analyze
88  TWS anomalies in the regions.

89 Here, we present a thorough examination of spatiotemporal variability and forcing in the TWS
90 across the entire Arctic circumpolar tundra region, and in the catchments of the Lena, Yukon, and
91  Mackenzie Rivers, from April 2002 to December 2016. The study is structured as follows. Firstly, we
92  present an extended analysis of GRACE-based TWS anomalies to detect changes in the entire
93  pan-Arctic tundra region and their relevant causes. Secondly, we create a multi-model ensemble of
94  reanalyzed data from GLDAS] and GLDAS2 products to characterize the pan-Arctic TWS
95  component with respect to various forcings such as temperature, precipitation, evapotranspiration,
96  river runoff and inundation extent area data. Thirdly, we provide an assessment of basin-scale
97 variations in TWS among the Lena, Yukon, and Mackenzie River basins, three of the largest in the
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98  pan-Arctic region, and examine the relationship between the TWS and freshwater river runoff into
99  the Arctic Ocean after 2002.
100 The paper is organized as follows. Section 2 describes the Methodology, including the data and
101 theory. Section 3 presents the results, Section 4 is dedicated to discussion, and Section 5 concludes
102  the study.

103 2. Methodology

104 2.1 Study area

105 Figure 1(a) shows a map of the Arctic circumpolar tundra region (ACTR), which we defined
106  using GLDAS and vegetation data obtained from the 1° GLDAS2/Noah Dominant Vegetation Type
107  datasets (https://ldas.gsfc.nasa.gov/gldas/GLDASvegetation.php) using the NOAHv3.3 vegetation
108  dataset from GLDAS2. In the GLDAS, tundra regions are divided into two distinct types: mixed
109  tundra and wooded tundra. In this study, we only present data for wooded tundra in order to avoid
110  uncertainties associated with identifying mixed tundra along the narrow coastal areas of the Arctic
111  Ocean, where it is difficult to distinguish between the ocean and land due to the coarse spatial
112 resolution of GRACE data. In addition, we exclud from our analysis the areas in the ACTR that are
113 within 300 km of glaciers and ice sheets (the masked-out areas in Figure 1 (a)) in order to remove the
114  effects of glacial and ice sheet melt on the TWS anomalies. As a consequence, in our analysis, the
115  ACTR is delineated by the regions represented in green in Figure 1a. We therefore obtained a land
116  area of approximately 5,527,630 km? for the ACTR.

117 We calculated the distribution of permafrost throughout the ACTR based on data obtained
118  from the National Snow and Ice Data Center (NSIDC) website [15]. Approximately 83% of the ACTR
119  is covered by continuous permafrost, while the rest is covered by discontinuous or sporadic
120  permafrost (Figure 1(c)).

121 To understand the effects of river runoff on the TWS anomalies, we conduct an analysis of large
122 pan-Arctic rivers at the basin scale. Long-term river runoff data are limited for large pan-Arctic river
123 basins; however, data exist for three large catchments (Figure 1(b) and Table 1) that are suitable for
124 an analysis of basin-scale, long-term trends in river runoff and of the TWS between 2002 and 2016.
125 The first catchment is the Lena River Basin in eastern Siberia of the Russian Federation, which has an
126  area of approximately 2,430x10% km? that is comprised largely of continuous permafrost (71%). The
127 second is the Yukon River basin in Alaska, which has an area of 850x10% km?; it is covered by both
128  continuous permafrost (23.2%) and discontinuous permafrost (74.7%). The third catchment is the
129 Mackenzie River basin in northern Canada, which covers an area of 1,790x103 kmz2, 20.0% of which is
130  covered by continuous permafrost and 39.2% is covered by discontinuous permafrost.

131 Table 1. Characteristics of the three largest pan-Arctic river basins.
] Continuous . ]
. . Gauge Drainage area Discontinuous Tundra
River basin . permafrost
station (km?) %) permafrost (%) coverage (%)
(1]

Lena River Kusur 2,430x103 81.6 17.6 5.0

Yukon Pilot 850x10° 232 74.7 19.5

River

kenzi Arctic R

Mackenzie — ArcticRed ) 5 s 20.0 39.2 33.8

River River
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Figure 1. Maps of the study sites. (a) The Arctic circumpolar tundra region (ACTR), (b) the largest
pan-Arctic river basins, and (c) the permafrost distribution.

2.2 Data

2.2.1 Satellite Data

To quantify the TWS in the study region, we obtained GRACE data (Level-2, Release 5) from
three analysis centers: the University of Texas Center for Space Research (CSR) and the Jet
Propulsion Laboratory (JPL) in the U.S.A. and the GeoForschungZentrum Potsdam (GFZ) in
Germany. Each dataset consists of 158 monthly datasets collected between April 2002 and December
2016 spanning 15 Northern Hemisphere winters. Gaps in the dataset exist for 20 months during this
time: June 2002, July 2002, June 2003, January 2011, June 2011, May 2012, March 2013, August 2013,
September 2013, February 2014, July 2014, December 2014, June 2015, October 2015, November 2015,
April 2016, September 2016, and October 2016. These gaps are due to instrumental problems and
battery management issues (see the GRACE Science Data System Monthly Report June 2017). Here,
we did not apply any interpolation to cover the periods of data loss. In our analysis, we use the
ensemble mean of the three GRACE datasets (i.e., a simple arithmetic mean of the CSR, JPL and GFZ
datasets) as recommended by Sakumura et al. [16] and the official GRACE Science Data System. In
doing so, we are able to reduce random errors and enhance common signatures included within
each GRACE dataset.

The GRACE data used in this study express the Earth's gravity field in the form of spherical
harmonic coefficients (Stokes coefficients). These Stokes coefficients are estimated up to a degree and
order of 60 or 96 depending on the analysis center and observation period. Here, we truncated the
Stokes coefficients at a degree and order of 60 (corresponding to a spatial resolution of ~300 km),
since the higher-frequency coefficients are especially contaminated by short wavelength noise from
temporal aliasing errors [17]. In addition, we used filtering techniques to further reduce sources of
short wavelength noise. We applied a Gaussian filter with a radius of 240 km.

do0i:10.20944/preprints201712.0049.v1
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Since GRACE measurements are less sensitive to the global-scale components of the Earth's
gravity field, in particular, the degree-1 and zonal degree-2 components, which represent geocenter
motion and the Earth's dynamic oblateness, respectively, it is a common practice to complement
these components with other space geodetic techniques or model estimates. Here, we used the
degree-1 coefficients estimated by combining GRACE data with an ocean model [18] and the zonal
degree-2 coefficients measured via satellite laser ranging (SLR) [19]. Subsequently, we converted the
GRACE data into surface mass variations using the methods presented by [20]. A degree-1 load
Love number (k1) of 0.021 was then used to convert the GRACE reference frame (center of mass) into
the center of the figure frame to make the data consistent with the GLDAS data [18]. Atmospheric
and oceanic mass variations were removed during the processing of the original GRACE data. We
also corrected the data for the effects of glacial isostatic adjustments, which contribute less than 2%
to the GRACE signal within our region of interest [21], using the model proposed by [22]. The
long-term averages of the Stokes coefficients were removed from the monthly solutions to provide
the surface mass variations, which represent the TWS anomalies relative to the static field. Hereafter,
we refer to these TWS anomalies as TWS, which includes surface and subsurface water masses.
According to our error analysis, the data are accurate to +/- 1 mm year.

2.2.2 Reanalysis Data

The GLDASI and GLDAS2 products [23] are used to calculate TWS anomalies and assess TWS
estimates from GRACE data. In this study, to examine the uncertainty in the GLDAS1 products, we
use a multi-model ensemble of GLDASI1 data consisting of four different land surface models: 1) the
Noah land surface model (LSM) [24], 2) the Community Land Model (CLM) [25], 3) the variable
infiltration capacity (VIC) model [26], and 4) the MOSAIC LSM [27]. Each product has a monthly
time step and a spatial resolution of 1.0° x 1.0°. The TWS derived from the multi-model GLDAS1
ensemble is defined as TWScrpast. Its ensemble spread (standard deviation) provides a measure of
the uncertainty in the land surface models of the GLDAS1 products. GLDAS2, which currently uses
only the Noah LSM and employs the Princeton meteorological forcing dataset [28] as the only source
of forcing data, was corrected using observation-based datasets of precipitation, air temperature,
and radiation. Here, we applied a low-pass filter to the GLDAS1 and GLDAS2 data to truncate the
spherical harmonic components at a degree and order of 60. Additionally, a Gaussian filter with a
radius of 240 km was applied to the GLDAS1 and GLDAS2 data to adjust them to the same spatial
resolution as the GRACE data.

2.2.3 River flow rate data (R)

Observed flow rate data for the estuaries of the three major pan-Arctic rivers (the Lena,
Mackenzie, and Yukon Rivers) are used to analyze the basin-scale variations in the TWS. For the
Lena River, we use observations provided by R-ArcticNet (developed and maintained by the
University of New Hampshire) from 2002 to 2009 and by the AHYST.Lena dataset [29,30] from 2010
to 2011, while the Canadian hydrometric database (HYDAT) and the United States Geological
Survey (USGS) website were used for the Mackenzie from 2002 to 2015 and Yukon Rivers from 2002
to 2016, respectively.

For the Lena River, the runoff data were obtained from the Kusur hydrological station, which is
located near the mouth of the river at 70.70°N, 127.65°E. The runoff data for the Yukon and
Mackenzie Rivers were obtained from gauge stations at the river mouths, namely, from the Pilot
station (61.93°N, 162.88°W) in the Yukon River and the Arctic Red River station (67.46°N, 133.75°W)
in the Mackenzie River.

2.2.4 Inundation Extent Area (IEA)

Variations of surface inundation extent areas (IEAs) among the regions are analyzed using data
from the Global Inundation Extent from Multi-Satellites (GIEMS) database developed by [31,32] as a
25-km-resolution inundated area map with a monthly temporal resolution. This dataset has been

do0i:10.20944/preprints201712.0049.v1
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206  widely used and evaluated over the northern Arctic regions as in Papa et al. [33] and Frappart et al.
207  [34]. To assess how variations in the surface water (mostly within inundation areas) among the
208  regions were related to spatial changes in the TWS, we jointly compared the spatial changes in the
209  TWS identified using variations in the GRACE data with the mean IEA for both July and August of
210  each year (referred to as JA IEA). This represents the largest inundation area in these regions
211  throughout the year.

212 2.3 Theory

213 In this section, we outline the theoretical basis of our analysis. To evaluate the monthly TWS
214 from GRACE data, we use the water balance equation expressed for instance by Suzuki et al. [10], as
215  follows:

216 ATWS = [ Pdt - [ Edt— [ Rdt = ASWE+ACS+ASM+AGW+ASW (1)

217  where P is the monthly precipitation (mm month?), E is the monthly evapotranspiration (mm
218  month?), R is the monthly river runoff from the basin (mm month), ASWE is the change in the
219  snow water equivalent (mm month?), ACS is the change in the total amount of water within the
220  canopy (mm month?), ASM is the change in the vertical accumulated soil moisture within the total
221  soil layer (mm month?) AGW is the change in the groundwater or ice within the permafrost (mm
222 month1), and ASW is the change in different surface water bodies (e.g., lakes, rivers and wetlands;
223  mm month). Hereafter, we refer to the TWS values determined using GRACE data as TWScrace.

224 The GLDAS-based TWS determination includes only ASWE, ACW, and ASM from
225  equation (1). Because ACW is a minor factor, the TWS determined from the GLDAS data depends
226  primarily on ASWE and ASM. Hereafter, we refer to the TWS values determined from the
227  GLDASI and GLDAS2 products as TWScrpast and TWScLpasz, respectively, and the P and E values

228 determined from GLDAS1 and GLDAS?2 are accordingly referred to as Pcipasi, Pcrpasz, Ecrpasi, and
229 EcLpas>.

230 2.4 Analysis

231  2.4.1. TWS changes across the arctic circumpolar tundra region

232 We analyze the temporal variations of TWS (i.e., from GRACE, GLDASI, and GLDAS2) from
233 2002 to 2016 along with other variables (i.e., the temperature, precipitation, evapotranspiration, and
234 IEA) for the entire ACTR. First, we examined the consistency among the TWS estimates from the
235  GRACE, GLDASI, and GLDAS2 datasets based on the coefficients of determination (R?) and
236  differences in the linear trends. Second, we analyzed the possible mechanisms for the changes in the
237  mean annual TWS of the ACTR by comparing the TWS estimates against other hydrological and
238  climate components. Note that the mean annual TWS is simply the average of available monthly
239  TWS data over all possible years, because some monthly TWS data were missing from the overall
240 dataset as shown in section 2.2.1. However, the mean annual TWS was not available for 2002, as
241  insufficient data were available (less than nine months). We also analyze the spatial variations in the
242 linear TWS trends to identify consistencies among the linear trends of TWScrace and of various
243 hydro-meteorological factors, such as the precipitation and evapotranspiration, from the GLDAS1-
244  and GLDAS2-based products.

245  2.4.2. TWS changes among the three river basins

246 Similar to what is done over ACTR, we analyze the temporal variations of all variables from
247 2002 to 2016 among the three river basins similar to section 2.4.1. In this part, we also use river runoff
248  data to explore the relationship between the TWS and river runoff. Based on previous work
249 [10,35,36], we hypothesize that the conditions during the autumn and winter will affect river runoff
250  inthe subsequent year. To test this, we calculated the correlations between the TWS values from July
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251  of one year and those from June of the following year along with those for the annual river runoff
252  using available data. We calculated the monthly lag correlation coefficient (rLac) for the annual river
253 runoff data between 2002 and 2011 for the Lena River; we also calculated rLac between 2002 and 2015
254  for the Mackenzie River using monthly TWS averages from September to December and annual
255  river runoff estimates from the subsequent year as well as monthly TWS estimates from January to
256  May and annual river runoff values for the same year.

257 3. Results

258 3.1 TWS in the Arctic circumpolar tundra

259 In this section, we present the updated TWS data series for the ACTR from 2002 to 2016 and
260  assess the regional TWS variability.

261 3.1.1 Temporal variations in the TWS in the ACTR

262 Figure 2(a) illustrates the temporal variations in the monthly TWS estimates averaged across
263 the ACTR from GRACE, GLDASI, and GLDAS2 data. From 2002 to 2016, the GRACE, GLDASI, and
264  GLDAS2 TWS datasets exhibit negative trends of -1.8 mm year?, -1.6 mm year?, and -5.1 mm year~,
265  respectively. TWScrace and TWScLpas: show the best agreement in the linear trends (r = 0.92, p <
266  0.0001), despite the larger seasonal amplitude in TWScipas2 due to a larger winter TWS. These rates
267  of decline exceed the uncertainty of -1.0 mm year! associated with TWScrace and thus confirm the
268  ability of the GRACE-based TWS data to reflect temporal trends in the ACTR.
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269 Figure 2. (a) Monthly and (b) annual temporal variations in the TWS anomalies in the Arctic
270 circumpolar tundra region from 2002 to 2016. Long dashed and dotted lines denote the linear

271 regression lines for the monthly and annual values, respectively.

272 The TWScrace data are also highly correlated with TWScroas1 (r = 0.90, p < 0.0001) despite the
273  substantially larger rate of decline associated with GLDASI (-5.1 mm yr). The values of R? between
274  TWScrace and TWScpast (R2=0.81, p <0.0001) and between TWScrace and TWScrpas2 (R2=0.85, p <
275  0.0001) indicates the degree to which the variations can be explained with a linear model. Based on
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these strong correlations among the three TWS datasets, we calculated a TWS change of more than
80% at the ACTR-scale using the GLDAS products, thus allowing us to determine the primary factor
controlling the changes in TWScrace. The similarities among the three datasets imply that, like
TWScrpasi and TWScrpas2, TWScracke also largely depends on the SWE and SM parameters. Even so,
the negative trend in TWScipasi is nearly three times larger than the trends in TWScrace and
TWScLpasz, which were very similar to each other. Overall, the inter-annual variation in TWScrace
can be best explained by the GLDAS2 dataset.

The mean annual TWS is plotted in Figure 2(b) for all years except 2002, when insufficient data
were available (less than nine months). In these smoothed datasets, TWScrace was again more
strongly correlated with TWScipasz (r = 0.67, p = 0.009) than with TWSarpasi (r = 0.50, p = 0.069).
TWScrace, TWScLpasi, and TWScipas: decreased by -1.2 mm year, -4.5 mm year', and -1.3 mm year”,
respectively. Thus, the long-term trends observed in the mean annual TWScrace were most
consistent with those observed in TWScLpas2. Overall, these TSW data show a decline throughout the
ACTR between 2002 and 2016, thereby providing evidence that hydrological changes are not only
limited in the upper reaches of the Lena River basin as reported in [10] but also expanding
throughout the whole ACTR.

3.1.2 Precipitation, Evapotranspiration, and air temperature from GLDAS and IEA.

Next, we present the monthly air temperature (1), precipitation (P), evapotranspiration (E),
and IEA derived from the GLDAS1 and GLDAS2 datasets and assess their effects on the mean
annual TWScrace (Figure 3). The 2-m air temperatures in the ACTR from the GLDAS] data are very
close to those calculated from the GLDAS2 data (Figure 3(a), r = 1.0, p < 0.0001). However, GLDAS2
produced consistently higher P values than GLDAS1 (GLDASI — GLDAS2 =-11.4 mm, r=0.77, p <
0.0001), while the inter-annual variability in E produced from GLDAS1 was larger than that
observed from GLDAS2 (Figure 3(c), ¥ = 0.96, p < 0.0001) due to higher (lower) values for E in
summer (winter). However, these differences cancel out when we calculate the all-term averaged
bias and are within the range of uncertainty associated with the various LSMs, as indicated by
vertical red bars in Figure 3(c).

do0i:10.20944/preprints201712.0049.v1
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303 Figure 3. Temporal variations in the monthly hydro-meteorological factors, namely, the (a) 2-m air
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304 temperature(Tam), (b) P, (c) E, and (d) IEA, of the Arctic circumpolar tundra region from 2002 to 2016.

305 The temporal variations in the IEA (Fig. 3(d)) is characterized by large seasonal variations, with
306 first inundations appearing in June and peaking in July or August before reducing to zero in
307 October, when the surface water was either frozen or covered in snow.

308 3.1.3. TWScrace vs. Ty, P, E and IEA

309 To identify the possible forcing mechanisms of the mean annual TWS in the ACTR, we
310 compared the mean annual TWScrace (Figure 2(b)) with the mean annual and summer (JJA) 2-m air
311  temperature (Figure 4(a) and (b), respectively), the mean annual P (Figure 4(c)), the values of E
312  (Figure 4(d)), and the summer IEA (Figure 4(e)). While there was no discernable trend in the mean
313  annual temperature throughout the ACTR during this period, the JJA mean air temperature
314  increased by approximately 0.12 °C year?, and one-third of the summer warming occurred in the
315  upper part of the Lena River Basin [10]. However, no discernible trend was observed in P despite a
316  slight decrease between 2005 and 2013.
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318 Figure 4. Temporal variations in the annual hydro-meteorological factors, namely, (a) the mean
319 annual (Tay) and (b) mean JJA 2-m air temperature (Taja), (c) P, (d) E, and (e) the JA IEA, of the Arctic
320 circumpolar tundra region from 2002 to 2016. Dotted lines denote the linear regression lines for each
321 colored element.

322 The GLDASI1- and GLDAS2-based E both increased steadily from 2002 to 2016 with slopes of
323  approximately 4 mm year! for EcLoasi (r = 0.85, p < 0.001) and 1.2 mm year! for Ecpasz (r = 0.66, p =
324  0.008). The increase in E from either GLDAS dataset can explain most of the decrease in TWScrace
325  shown in Figure 4(a). The R? values between TWScrace and the GLDAS1-based and GLDAS2-based
326  estimates of E were approximately 0.72 and 0.43, respectively, indicating that E can explain 43% or
327  72% of the variation in TWScract.

328 The mean JA IEA shows a decrease between 2002 and 2006; overall, however, the mean JA IEA
329  could not explain the decrease in TWScrace. Thus, evapotranspiration driven by increasing summer
330 temperatures denoted the primary factor controlling TWScrace. This suggests that future warming
331  might further decrease the TWS at high latitudes in the Arctic circumpolar region.

332 3.1.4 Regional trends in TWS, P, and E

333 Here, we consider the regional trends in the mean annual TWS, and P and E from both GLDAS1
334  and GLDAS2.
335 Figure 5(a) shows the spatial distribution of the trend in the annual TWS from 2002 to 2016

336  across the ACTR. There is an evident regional variation throughout the ACTR and a declining TWS
337  in the high Arctic near the Lena River Basin. The trends shown in Figure 5(a) are statistically
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338  significant (p < 0.05). Higher regression correlation coefficients are seen in the North American
339  continent. In terms of regional changes in the TWS, a significant large negative trend in the TWS can
340  be mainly seen in the region along the Gulf of Alaska and the Northwestern Territory in Canada.
341 Meanwhile, the negative trends in the TWS in the Eurasian continent were weaker than those in the
342  North American continent.

(a) SGRACE
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343 180
344 Figure 5. Spatial distribution of the slopes of temporal linear trends in each water balance component
345 from 2002 to 2016 when p<0.05 (linear trend in TWScrack). (a) TWScrack, (b) Pcrpasz. (c) -EcLpasz. (d)
346 Parpasi. (e) -EcLpast.
347 To further understand these regional trends across the ACTR, we examined the distributions of

348 P and E using the mean annual datasets from GLDAS1 and GLDAS?2 (Figures 5(b) through (e)). The
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349 spatial variations in Pcroasi and Pcpasz, and in Ecrpast and Ecipasz can be explained by the differences
350 in the forcing data and in the land surface models in GLDAS1 and GLDAS2.

351 Table 2 lists the correlation coefficients between the linear trends of TWScract with the P and E
352  estimates from both GLDAS1 and GLDAS2 according to the regions where TWScrace either
353  increased or decreased, as depicted in Figure 5(a). The results are further differentiated according to
354  the magnitude of increase or decrease in TWScrace, namely, values from 0 to 3 mm year and values
355  of greater than or equal to 3 mm year. The strongest correlation coefficients are observed between
356  TWScrace and E for both GLDAS1 and GLDAS?2, especially where TWScrace had increased or
357  decreased by more than 3 mm year!. This confirms that E dominates the spatial distribution of
358  TWScrace.

359 Table 2. Spatial correlation coefficients of the regional linear trends between TWScrace and P or E.

Linear trend Linear trend Lineartrend Linear trend

) ) ) in TWScrace  in TWScrace  in TWScrace  in TWScrace
Relationship of linear

is positive is positive is negative is negative
trends
(= 3 mm (= 0 mm (<0 mm (<-3 mm
year?) year?) year) year)
TWScrace & PcLpast -0.23 -0.16 0.07 0.03
TWScrace & PcLpasz 0.13 0.20 0.16 0.18
TWScrace & EGLpast 0.33 0.31 -0.07 -0.10
TWScrace & EcLpas: 0.59 0.55 -0.42 -0.44
360 Weaker correlations are observed between TWScrace and P. This relationship is similar to the

361  ACTR-averaged results in Figure 4. Similarly, PcLpas: and Ecioas2 were more strongly correlated with
362  TWScrace than Pcipasi and Ecipas.

363 Overall, these results suggest that changes in E throughout the ACTR were the primary driver
364 of TWScrace variations from 2002 to 2016. In addition, according to our analysis, we found that the
365  GLDASI-based TWS, P and E products exhibit poor correlations with the GRACE-based TWS. Thus,
366 in the following sections, we use GLDAS2-based products only.

367 3.2 Confirmation of the IEA as a proxy for evapotranspiration

368 In the previous sections, we proposed that E was a principal driving factor in the
369  spatiotemporal variations in TWScrace by using GLDAS1 and GLDAS2 products. Here, we discuss
370  additional evidence using IEA data as a proxy for evapotranspiration, since evapotranspiration has a
371  direct effect on the extent of surface water (e.g., the IEA). To confirm the impacts of
372  evapotranspiration on TWScrace, we analyzed the similar spatiotemporal variabilities of TWScrace
373 and the JA IEA from 2002 to 2007. JA IEA data are available from 1997 to 2007, and thus, we
374  compared these temporal variations for the period in which the TWScrace data overlap with the JA
375  IEA data. Figure 6 illustrates the long-term changes in TWScrace and in the mean JA IEA between
376 2002 and 2007 and in the mean JA IEA from 1993 to 2007. Table 3 lists the correlation coefficients
377  between TWScrace and JA IEA according to the sign of change in the IAE. When the JA IEA
378  increased between 2002 and 2007, TWScrace (2002-2007) and the JA IEA (2002-2007) were strongly
379  correlated (r=0.80). However, when the JA IEA decreased over time, the spatial correlation between
380  TWScrace and JA IEA from 2002 to 2007 was weaker (r=0.36). Thus, the temporal trends in the IEA
381  are related to the temporal changes in TWScrace. In addition, if we compare the regional trends in
382 the JA TIEA between 2002-2007 and 1993-2007, the spatial correlation coefficients between the 2002
383 2007 (0.83, when the IEA trends were positive) and 1993-2007 (0.56 when the IEA trends were
384  negative) JA IEA data were very high regardless of whether the JA IEA trends were positive or
385  negative.

386
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387 Table 3. Spatial correlation coefficients of the linear trends between TWScrace and JA IEA.
Relationship of linear Linear trend in the JA IEA Linear trend in the JA IEA
trends (2002-2007) is positive (2002-2007) is negative
TWS 2002-2007) & JA
arace ) &1 0.80 0.36
IEA (2002-2007)
A IEA (2002-2007) & JA
J ( ) &] 0.83 0.56
IEA (1993-2007)
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389 Figure 6. Spatial distribution of the slopes of temporal linear trends in the TWS anomalies and in the
390 TEA when p<0.05 (linear trend in TWScrace). (a) TWScract (2002-2007). (b) JA TEA (2002-2007). (c) JA

391 IEA (1993-2007).
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392 Overall, the spatiotemporal variations in TWScrace can be linked to changes in the IEA via
393  changes in evapotranspiration. Thus, the results we obtained in this study can be supported by
394  independent IEA data sets. Since evapotranspiration is probably responsible for the observed IEA
395  variations (no precipitation changes are observed), and since the IEA contributes to the TWS
396  variations and trends, our findings support the role of changes in E on the TWS trends.

397 3.3 Basin-scale variabilities in the TWS for three Arctic rivers
398 Here, we present the updated TWS data series for the Lena, Yukon, and MacKenzie Rivers and
399  assess the variability in the TWS in relation to river runoff rates and other parameters.

400  3.3.1 Temporal variations

401 To evaluate the impacts of river runoff on three of the largest Arctic catchments, we analyzed
402  basin-scale changes in TWS has changed since 2002 for the Lena, Yukon, and Mackenzie River basins
403  (Figure 7). No significant trend is evident in either the Lena or Mackenzie Rivers, while a negative
404  trend is observed in the Yukon River Basin.
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405

406 Figure 7. Temporal variations in the TWS among the largest pan-Arctic river basins from 2002 to
407 2016. (a) Lena River basin. (b) Yukon River basin. (c) Mackenzie River basin.
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408 To understand the temporal variations in TWScrace, we compared it to both TWScrpasi and
409 TWScLpas2. As was observed for the entire ACTR, the correlation coefficients between TWScrace and
410  TWScLpas: were the highest in the Lena River (r = 0.83), Yukon River (r = 0.72), and Mackenzie River
411  (r=0.80) basins.

412  3.3.2 Monthly mean P and R

413 Figure 7 shows the temporal variations in the monthly basin-averaged precipitation (PcLpast
414  and Pawpasz) and river runoff rates of each river basin. The maximum monthly P occurred in July for
415 the Lena and Mackenzie River basins (Figure 8(a) and 8(c)) and in June or July for the Yukon River
416  Basin (Figure 8(b)). The Lena River exhibits the largest amount of river runoff (R), followed by the
417  Yukon River and then the Mackenzie River. The peak value of R occurred in June for all three rivers.
418  The peak snowmelt occurs between April and June, accounting for approximately 40%, 36%, and
419 28% of the annual R in the Lena River, Yukon River, and Mackenzie River basins, respectively. The
420  largest discrepancies in the precipitation between GLDAS1 and GLDAS?2 are observed for the Yukon
421  River. As shown in Figure 9, the monthly averaged P does not correspond to the monthly R.
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423 Figure 8. Temporal variations in the monthly water balance components from 2002 to 2016 in the (a)

424 Lena River basin, (b) Yukon River basin, and (c) Mackenzie River basin.
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Figure 9. Relationships among the annual basin-scale TWS and the water balance components in the

(a) Lena River basin, (b) Yukon River basin, and (c) Mackenzie River basin. Also shown are the (1)

river runoff, (2) EcLpasz, and (3) Pcrpasz. The gray lines denote linear regression lines when p < 0.05.

Comparing R with the TWS among the three river basins reveals strong positive correlations for

the Lena River and Mackenzie River basins but no significant correlation for the Yukon River, where
the TWS was sensitive to changes in Ecipas: (Figure 8). This confirms E as a driving factor for the
decline in the TWS in the Yukon River catchment. Here, we consider only GLDAS2-based E data due
to the greater consistency between the GLDAS2 and GRACE products.

3.3.3 Relationship between the TWS and runoff in the Lena and Mackenzie River basins

Here, we examine r.ac as defined in section 2.4 to further investigate the correlation between
the TWS and runoff in the Lena and Mackenzie River basins. We do not consider the TWS of the
Yukon River basin, as it did not exhibit a correlation with the river runoff.

Statistically significant increases in rLac are observed in September in the Lena River Basin and
April in the Mackenzie River Basin (Figure 10). The maximum riac corresponds to the TWS in
February for the Lena River Basin and in April for the Mackenzie River, suggesting that the
conditions during the previous autumn and winter affected only the river runoff in continuous
permafrost basins, such as those in the Lena River. In comparison, only a small portion of the
Mackenzie River basin is covered by continuous permafrost, as nearly half of the basin is free of
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444  permafrost. Therefore, the high riac in the autumn within the Lena River Basin indicates that the
445  autumn TWS can serve as a climatic signature for permafrost-dominated river runoff in any given
446  year, as was noted previously by Suzuki et al. [10]. The influence on the autumn TWS from the
447  preceding year is discernible, despite the inclusion of the snow water equivalent over the land.
448 However, in basins such as the Mackenzie River, which are not dominated by permafrost, the TWS
449  from the preceding year had no effect on the river runoff of the following year.
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451 Figure 10. Seasonal variations in the monthly correlation coefficients rac for different time-lagged
452 values of the TWS. Dashed gray lines indicate the 95% confidence level. Shaded areas denote the
453 preceding year in comparison with the river runoff of the current year.

454 4. Discussion

455 4.1 Hydrological changes in the tundra throughout the ACTR

456 Through our results, the GRACE-based TWS record shows a clear decrease in the TWS
457  throughout the ACTR and that the JJA air temperature increased. The spatiotemporal variations in
458  the TWS throughout the ACTR were related to the IEA, especially when the IEA increased. The
459  weaker correlation between E and the IEA (i.e., when the IEA decreased) can be explained by
460  subsurface processes, because all of the strong negative trends in the IEA can be observed in
461  non-continuous permafrost zones that degraded rapidly. The previous GRACE-based TWS trends in
462 eastern Siberia [21] and in the three largest Siberian river basins (i.e., the Lena, Yenisey, and Ob River
463  basins) [37] all showed positive trends using shorter data periods (e.g., 5 or 8 years) than the present
464  study. In addition, Huang et al. [9] showed that the aridity of most of the Artic region, including
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465  eastern Siberia and the North American continent, will increase in this century using data from the
466  CMIP5. Our results correspond to those of Huang et al. [9]. Furthermore, using the CMIP5 dataset,
467  Cook et al. [38] demonstrated that the expansion of dry areas can be attributed to globally
468  widespread increases in the potential evapotranspiration while the spatial heterogeneous response
469  of the precipitation can be used to define the drying and wetting patterns over the global land
470  surface. Their conclusions confirm our results, i.e., that the TWS in the ACTR is driven by increasing
471  evapotranspiration. Thus, we propose that the TWS in the ACTR is driven by the IEA, which is
472  correspondingly driven by increasing summer air temperatures and evapotranspiration. Some
473  previous studies [39,40] showed that drying land can enhance land surface warming because of
474  increased land surface temperatures under dry conditions. An increase in the aridity throughout the
475  ACTR might accelerate the warming air temperature trend in the Arctic. Overall, our results have
476  implications for understanding future trends in the TWS, which could be expected to continue to
477  decline as the Arctic continues to warm due to climate change.

478 4.2 Basin-scale hydrological changes

479 Except for the Yukon River, we found a clear relationship between the TWS anomalies and river
480  runoff. Walvoord and Kurylyk [13] showed that continuous permafrost prevents infiltration into the
481  deeper soil layer while some of the subsurface water in discontinuous permafrost regions is
482  connected to the groundwater and will thus increase the subsurface flow. Thus, all of the TWS
483 accumulated during autumn and winter increases the amount of R in the Lena River Basin; however,
484  continuous permafrost is scarce in the Mackenzie River basin, and most of the TWS can cause
485  subsurface flow and change the TWS during a winter. Overall, as the continuous permafrost
486  distribution decreases, the response of river runoff to precipitation will be accelerated and the role of
487  the TWS as a climate record will be diminished.

488 Next, we discuss the possible causes for the GRACE-based TWS trend in the Yukon River basin.
489  The Yukon River basin is located in a transition zone from continuous to discontinuous permafrost
490  and is mostly covered by an unstable discontinuous permafrost zone. Nitze et al. [11] showed a net
491  lake area loss of 2.8%, while Roach et al. [41] measured a lake area loss of 0.81% per year in western
492  Alaska. In more continental areas, Necsoiu et al. [42] found an overall decreasing trend in the lake
493  areas of 22 lakes and ponds from 1978 to 2005. The abundance of disappearing lakes in the
494  discontinuous permafrost regions of Central Alaska [43] has been linked to an increased connectivity
495 to the groundwater supply [44]. Permafrost degradation or disappearance along the
496  continuous-discontinuous permafrost interface could represent a good explanation for the strong
497  decreasing TWS trend in the Yukon River basin. The low correlation coefficient between TWScrace
498 and TWSacpas2 can be explained by permafrost degradation. Several research investigations
499  [43,45,46] showed that an increased evapotranspiration was responsible for observed lake area
500 losses in central Alaska, the Yukon Flats and the northwestern Canada. Those research results
501  correspond well with our findings of a high correlation between the TWS and evapotranspiration
502 and of no correlation between the TWS and river runoff in the Yukon River basin. Therefore, a
503  negative trend in the GRACE-based TWS within the Yukon River basin and the low correlation
504  coefficient between TWScrace and TWScrpas2 can be explained by permafrost degradation and
505  evapotranspiration, although further research is needed to investigate the details of the TWS
506 changes in the Yukon River basin. Overall, permafrost degradation and increased
507  evapotranspiration in the Yukon River basin could have caused the decreasing GRACE-based TWS
508  trend from 2002 to 2016 because of the unstable discontinuous permafrost distribution throughout
509  most of the Yukon River basin.

510 4.3 Inconsistencies between GLDAS1 and GLDAS2

511 Our analyses demonstrated a greater consistency between TWScrace and the GLDAS2 product
512 than the GLDASI data throughout the ACTR and in the largest pan-Arctic river basins.
513 However, there are also significant differences between the GLDAS products. For example, the

514  values of P in GLDAS2 exceed those in GLDASI, although the air temperatures are consistent
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515  between the two products. Combined with the stronger spatial correlation coefficients between
516  TWScrace and Pacrpas: (Table 2), we suggest that the GLDAS2 products are more suited for pan-Arctic
517  hydrological analyses than GLDASI. In addition, EcLpas: demonstrated a higher correlation with the
518  spatial trends in the GRACE-based TWS. However, the linear trend in EcLpasi was much larger than
519  thatin Ecipas: with nearly ubiquitous negative trends over the ACTR. These results correspond with
520  the results of Wang et al. [14], who showed that Ecipasi overestimated the evapotranspiration
521  relative to EcLpase.

522 However, one drawback with regard to the current GLDAS2 product is that it is based solely on
523 the Noah LSM; meanwhile, GLDAS1 uses multiple land surface models. This allows GLDASI to
524  provide greater evaluations of model uncertainties. For instance, EcLpas: falls within the ensemble
525  spread of Ecipast despite the different forcing data of GLDAS1 and GLDAS?2. In addition, we found
526  that the GLDASI1-based TWS using a sophisticated LSM (e.g., the CLM) had a much higher
527  correlation with the GRACE-based TWS than that using a simple LSM utilizing a single-layer snow
528 and vegetation model (e.g., the Noah LSM). Thus, the ensemble spread of the GLDASI-based
529  product reflects some parameter uncertainties in the LSMs. Moreover, the GLDAS1-based product
530  using a sophisticated LSM could correspond more effectively to the GRACE-based TWS.

531 5. Conclusions

532 We present a record of the GRACE-derived TWS in the Arctic circumpolar tundra region
533  (ACTR) and in the three largest pan-Arctic river basins from April 2002 to December 2016. Using the
534  multi-model ensemble of reanalyzed data from GLDASI and the newly developed reanalyzed data
535  from GLDAS?2, including other key parameters such as Ts, P, E or remote-sensing based IEA, we find
536  the following conclusions:

537 1. The negative trend in the TWS throughout the ACTR was primarily driven by

538 evapotranspiration, which is accordingly driven by summer air temperatures as confirmed
539 using the IEA. This negative trend could be expected to continue in the future due to further
540 warming conditions during the summer season at high latitudes, leading to substantial
541 reductions in the TWS throughout the Arctic. Meanwhile, precipitation has a very minor impact
542 on the TWS.

543 2. Interms of regional changes in the TWS, a large and significant negative trend in the TWS can
544 be observed mainly over the North American continent, including the region along the Gulf of
545 Alaska and the Northwestern Territory of Canada. Meanwhile, the negative trends in the TWS
546 over the Eurasian continent were weaker than those over the North American continent.

547 3. The TWS among the three river basins was further controlled by the presence of continuous
548 permafrost. For example, the autumnal TWS in the Lena River Basin (which exhibits continuous
549 permafrost) persisted through the winter of the following year. However, no such effect was
550 observed in the Mackenzie River catchment, which is partially covered in both continuous
551 permafrost and discontinuous permafrost.

552 4. The GLDAS2-based products corresponded better with the spatiotemporal variability in
553 TWScrace than the GLDASI-based products. GLDAS?2 is likely more suitable for analyzing
554 hydrological changes in Arctic regions than GLDASI.

555 Given the availability of river runoff data, our analysis of the relationship between river runoff

556  and the TWS anomalies was limited to the three largest pan-Arctic river basins. To improve our
557  understanding of the Arctic freshwater cycle, additional GRACE data regarding river runoff is
558  required. In particular, the TWScrace data in the Yukon River clearly indicated a negative trend in
559  our analysis, and the data were not affected by river runoff. Although this corroborates the negative
560  TWS trends as strongly related to evapotranspiration throughout the ACTR and in the Yukon River
561  Basin, the mechanism for this is still unknown and should represent the focus of future research.
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