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30 Table S1: Sub-seasonal Soil Moisture Forecast Skill (ACC) in CESM2 Experiments for JJA and DJF Seasons. Same as Table 2
31  for NEON # 1-5 and 12 to 17. Eco-region numbers are shown in Fig. 2(a).

32
Sub-seasonal Soil Moisture Forecast Skill (Week 3 to 4), JJA
Eco # Eco # Eco # Eco # Eco # Eco #
Exp No. | Experiment ID Eco#1l | Eco#2 | Eco#3 | Eco#4 | Eco#5 | 12 13 14 15 16 17
8 climoALL 0.01 0.01 -0.04 0.08 0.02 0.00 -0.01 -0.02 -0.01 0.11 -0.05
Sub-seasonal Soil Moisture Forecast Skill (Week 3 to 4), DJF
Eco # Eco # Eco # Eco # Eco # Eco #
Exp No. | Experiment ID Eco#l |Eco#2 | Eco#3 | Eco#4 | Eco#5 | 12 13 14 15 16 17
8 climoALL -0.01 -0.03 -0.04 0.14 0.03 0.00 0.02 0.06 -0.02 0.00 0.04
33
34
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Table S2: Contribution of the Land-only initialization (climoOCNclimoATM) to the total sub-seasonal forecast skill (Control) for

JJA and DJF seasons. This ratio is derived using the corresponding skill score shown in Table 1 and Supplementary Table S1.

Eco # 1 2 3 4 5 6 7 8 9 10

11 12 13 14 15 16 17

JJA 093 092 094 1.00 1.01 093 095 092 1.01 0.89
DJF 095 098 085 090 1.00 0.96 098 0.80 0.98 0.93
Overall average = 0.91
2 x standard error = 0.03

094 094 083 075 094 093 102
085 094 091 087 081 054 0.78
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Figure S1: Same as Fig. 5 but for all soil moisture conditions.
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Figure S2: Impact of Soil Moisture Memory on the forecast Skill. This figure illustrates the
seasonality of root zone soil moisture forecast skills for weeks 3-4 (average of forecast lead days
16-30) in the land-only initialization experiment (climoATMclimoOCN). The left column displays
the anomaly correlation coefficient (ACC) between the forecast and observation calculated over
300 weeks from 1999 to 2018 (refer to Method for details). The middle column presents the lag
autocorrelation at a 21-day lag from the CLM5 offline run (Memory). The right column shows the
difference between the first and second columns. The four rows represent the four seasons: MAM,
JJA, SON, and DJF. Striplings show statistically significant ACC at a 95% confidence level.
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56  Figure S3: Same as Fig. 6(b) and (d) for root zone initial condition soil moisture anomalies
57  correlated with week 3 to 4 precipitation forecast in CESM2. Note — Root zone soil moisture

58 anomalies are not available for the ESRL-FIM model.
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igure S4: Same as Fig. 2 for near-surface air temperature. Observations are from Climate

Research Unit version 4 temperature data®.
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Figure S5: Same as Fig. 2 for precipitation. Observations are from the Global Precipitation

Climatology Project Climate Data Record version 1.32.
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Figure S6: Same as Fig. 6(a) but for the DA experiment as discussed in the main text. The
initial conditions for the DA experiment were provided by the CAM6-DART reanalysis, as
described by®. The CESM2 RZ experiment was initialized through a standard approach using
NCEP CFSv2, whereas CESM2-DA RZ was initialized through CAM6-DART atmospheric
reanalysis. The analysis period is restricted to 2011-2018 due to data availability. The differences
in CESM2 RZ forecast skill, compared with Fig. 6(a), are attributed to the shorter analysis period

used in this case.
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Figure S7: The root zone soil moisture forecast skill sensitivity to observation-based data.
Figure panels show ACC between the control experiment soil moisture forecast and observations
for weeks 3-4 (average of forecast lead days 16-30). The control experiment incorporated all three
components' initializations: Ocean, Land, and Atmosphere. The observations are ERA-5 land,
SoilMerge (SMERGE), GLEAM3, and MERRAZ2. The four rows are four seasons: MAM, JJA,
SON, and DJF. The correlation is calculated for 300 weeks from 1999 to 2018. Striplings show
statistically significant ACC at a 95% confidence level.
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Figure S8: Same as Fig. 3 but using EAR5-Land soil moisture as observation.
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Figure S9: Same as Fig. 3 but using SEMRGE soil moisture as observation.
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Figure S10: Same as Fig. 3 but using GLEAM soil moisture as observation.
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100  Figure S11: Same as Fig. 3 but using MERRAZ2 soil moisture as observation.
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Figure S12: Same as Fig. 3 but using SMERGE, GLEAM, MERRA2 averaged soil moisture as
observation.
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109  Figure S3: Quadruple Collocation Analysis (QCA), an extension of the Triple Collocation
110  Method to four datasets*, applied to four soil moisture datasets used in this study. Their spatial
111  average values are ERA-Land: -0.59, SMERGE: 0.03, GLEAM3: 0.30, and MERRAZ2: 0.26.
112  Satdradidzed soil moisture anomlay data was used for error variance calculation.
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116  Fomuale used for the calculation are
117
118 o2 = var(x, — x3) + var(x, — x4) + var(x; — x,) — var(x; — x,) —var(x, — x3) — var(x; — x,)
119 , _var(x; —x3) + var(x; — x,) + var(xz — x,) — var(x; — x;) — var(x; — x3) — var(x; — x4)
of, =
120 , var(x; —x;) + var(x; — x,) + var(x; — x,) —var(xs — x;) —var(x3 — x;) — var(x; — x,)
of, =

3
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,  var(x; —x;) + var(x; — x3) + var(x; — x3) —var(x, — x;) — var(x, — x;) — var(x, — x3)
o¢, = 3
Where, x;, x5, x3, and x, represent standardized soil moisture anomalies for ERA5-Land,

SMERGE, GLEAM3, and MERRAZ2 satdardized soil moisture anomlay.
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