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Introduction  

The supporting information includes 7 texts and 26 figures:  

1- Text S1 explains the spatial oversampling method applied to the CRE time series observations. 

2- Text S2 explains the procedure to correct the GPS time series for common-mode error. 
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3- Text S3 describes the method used for removing the seasonal signal from GPS time series. 

4- Text S4 presents the state-space form and the solution using Kalman filtering and smoothing 

for the equation used in the seasonal signal correction method. 

5- Text S5 explains the method used for estimating the spatial gradient of GPS observations. 

6- Text S6 explains the details of Gutenberg-Richter b-value estimation. 

7- Text S7 explains the method used for estimating the Coulomb failure stress. 

8- Figure S1 shows the fault geometry from Slab1.0 discretized into a triangular mesh. 

9- Figure S2 represents the cumulative CRE creep time series associated with two of the 

sequences. 

10- Figure S3 shows the effect of the search radius on spatial oversampling of CRE observation. 

11- Figure S4 shows the CRE-creep oversampled on a triangular mesh using the search radius of 

50km. 

12- Figure S5 shows the location of fiducial stations and the associated common-mode error for 

the first observation day. 

13- Figure S6 and S7 show the original and common-mode error-corrected time series of fiducial 

stations for X and Y components, respectively.  

14- Figure S8 and S9 respectively show the corrected X and Y time series for the seasonal signal. 

15- Figure S10 shows the estimated long-term rate of GEONET GPS stations during 1996-2003. 

16- Figure S11 shows the modeled GPS observations, estimated at the location of GPS stations 

due to 8 cm/year thrust slip on the entire subduction zone. 

17- Figure S12 shows the backslip GPS observations, estimated by subtraction of modeled GPS 

rates from that of corrected observations. 

18- Figure S13 shows the L-curve used for estimating the smoothing factor. 
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19- Figure S14 shows the spatial distribution of estimated long-term creep rate during 1996-2003 

on the NJSZ, inverted using long-term GPS rates only as well as associated residuals. 

20- Figure S15 shows the effect of the relative weight of observation on the obtained results. 

21- Figure S16 shows the spatial gradient of short-term velocity. 

22- Figures S17 and S18 show the original and modeled GPS observations for X and Y 

components, respectively. 

23- Figures S19 and S20 shows the time series of X and Y-component residual of fiducial stations, 

respectively.  

24- Figure S21 shows the average creep in the creeping segment. 

25- Figure S22 shows the spatiotemporal variation of creep and seismicity. 

26- Figure S23 compares the creep rate variations obtained in this study with that of Uchida et al. 

(2016). 

27- Figure S24 shows the Coulomb stress change calculated at the center of fault patches located 

outside the northern creeping segment. 

28- Figure S25 compares the creep rate versus the seismic moment inside the creeping segment. 

29- Figure S26 compares the creep rate versus total seismic moment. 

 

Text S1: Spatial oversampling of CRE-creep 

We apply a spatial oversampling method to obtain the daily CRE-creep for each triangular 

patch from the obtained sparse time series. To this end, we identify CREs within 50-km-radius of 

each patch, whose weighted average daily creep determines the CRE-creep on the respective patch. 

The weight of each CRE sequence is determined based on its distance (a) to the center of the patch 

as 𝑤𝑤 = �1 − 𝑎𝑎2/𝑟𝑟2, where r = 50 km is the search radius. We also tested other search radii of r = 30 
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and r = 100 km, as demonstrated in Fig. S3. While the main features of the CRE-creep distribution 

remain stable amongst different values of search radius, the 50-km-radius seems optimum as it enables 

assigning a value to most triangles while avoiding an overly smoothed creep distribution. The fault 

patches that are farther than this distance from a CRE sequence are not assigned any CRE-creep, and 

their associated creep time series is constrained only using on-shore GPS observations. Figure S4a 

shows the spatial distribution of long-term average creep rate obtained from CRE, assigned to each 

triangular patch using this oversampling method. Furthermore, the standard deviation (SD) of linear 

regression, used for estimating the long-term creep rate for each sequence, is propagated to calculate 

the uncertainty of the creep rate assigned to each triangular patch through the oversampling process 

(Fig. S4b). The estimated SD for CRE-creep on each fault patch is later used to determine the internal 

weights of these observations in the inversion step. 

 

Text S2: Common-mode error 

The daily time series of GPS displacements contain noise that is not related to the tectonic 

movements and is common to all the stations within the network (Wdowinski et al., 1997). To remove 

the common-mode error from the GPS time series, we use a spatial filtering technique based on a 

Helmert transformation (Mavrommatis et al., 2014). Through this method, the seven Helmert 

parameters, including three translations, three rotations, and one scale are estimated for each day using 

a set of fiducial stations. To obtain a daily estimate of these parameters, we choose a set of 17 fiducial 

stations, which have been continuously recording the surface motion throughout the study period of 

3/21/1996 – 9/24/2003 (Fig. S5). To preserve the long-term signals in the time series, first a high-

pass filter is applied to the time series of fiducial stations by fitting the following equation and 

removing it from the cumulative time series of surface motions (d): 
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𝑑𝑑(𝑡𝑡) = 𝑣𝑣0(𝑡𝑡 − 𝑡𝑡0) +
1
2
𝑎𝑎(𝑡𝑡 − 𝑡𝑡0)2 (S1) 

where v0 and a are the initial velocity and constant acceleration, respectively, and t0 is the initial epoch. 

The high-pass filtered GPS displacement can be related to the Helmert parameters at each epoch 

through (Mavrommatis et al., 2014): 

⎣
⎢
⎢
⎡𝑋𝑋
�𝑡𝑡1

𝑋𝑋�𝑡𝑡2
⋮
𝑋𝑋�𝑡𝑡𝑛𝑛⎦
⎥
⎥
⎤

=

⎣
⎢
⎢
⎢
⎡𝐻𝐻𝑡𝑡0

1

𝐻𝐻𝑡𝑡0
2

⋮
𝐻𝐻𝑡𝑡0
𝑛𝑛 ⎦
⎥
⎥
⎥
⎤
𝑚𝑚𝑡𝑡;            𝑚𝑚𝑡𝑡 = [𝑘𝑘𝑡𝑡 𝑐𝑐𝑡𝑡𝑥𝑥 𝑐𝑐𝑡𝑡

𝑦𝑦 𝑐𝑐𝑡𝑡𝑧𝑧 𝑟𝑟𝑡𝑡𝑥𝑥 𝑟𝑟𝑡𝑡
𝑦𝑦 𝑟𝑟𝑡𝑡𝑧𝑧]𝑇𝑇 (S2) 

in which the vector of Helmert parameters (𝑚𝑚𝑡𝑡) consists of one scale factor (𝑘𝑘𝑡𝑡), three translation 

(𝑐𝑐𝑡𝑡
𝑗𝑗 , 𝑗𝑗 = 𝑥𝑥, 𝑦𝑦, 𝑧𝑧), and three rotation (𝑟𝑟𝑡𝑡

𝑗𝑗 , 𝑗𝑗 = 𝑥𝑥,𝑦𝑦, 𝑧𝑧) parameters, and 𝑋𝑋�𝑡𝑡𝑖𝑖 = [𝑥𝑥𝑡𝑡𝑖𝑖 ,𝑦𝑦𝑡𝑡𝑖𝑖, 𝑧𝑧𝑡𝑡𝑖𝑖]𝑇𝑇 , 𝑖𝑖 = 1, … ,𝑛𝑛 is 

the high-pass filtered 3D coordinate of fiducial station i at epoch t. Also, the Helmert matrix 𝐻𝐻𝑡𝑡0
𝑖𝑖  is 

estimated using the 3D coordinates of each fiducial station i at the initial epoch 𝑡𝑡0 (i.e., x0, y0, z0) 

through: 

𝐻𝐻𝑡𝑡0
𝑖𝑖 = �

𝑥𝑥0𝑖𝑖 1 0 0 0 𝑧𝑧0𝑖𝑖 −𝑦𝑦0𝑖𝑖

𝑦𝑦0𝑖𝑖 0 1 0 −𝑧𝑧0𝑖𝑖 0 𝑥𝑥0𝑖𝑖

𝑧𝑧0𝑖𝑖 0 0 1 𝑦𝑦0𝑖𝑖 −𝑥𝑥0𝑖𝑖 0
�  (S3) 

Estimating the Helmert parameters at each epoch using the displacement time series of fiducial 

stations through a least square approach, we can estimate the common-mode error at other stations 

in the network. This can be done for each station by inserting its initial coordinates in the Helmert 

matrix (Eq. (S3)), multiplying by the estimated vector of Helmer parameters in each epoch t (𝑚𝑚𝑡𝑡 in 

Eq. (S2)), and removing it from the observed coordinates at that epoch. The displacement associated 

with common-mode error for the first observational day of 3/21/1996 – 3/22/1996 at the location 

of fiducial stations is shown in Figure S5. The raw and common-mode filtered GPS time series for all 
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the fiducial stations are shown in Figures S6 and S7. The comparison shows that removing the 

common-mode error significantly reduces the temporal dispersion of the time series. 

 

Text S3: Seasonal signals 

After removing the effect of common-mode error, we remove the seasonal signals in the GPS 

time series of each station using a stochastic method based on Kalman Filtering (Davis et al., 2012). 

Through this method, each component of the GPS time series is considered to be comprised of a 

time-varying linear trend, modulated by harmonic signals, represented as the combination of sine and 

cosine function with time-varying coefficients: 

𝑋𝑋(𝑡𝑡) = 𝑋𝑋0 + 𝑣𝑣(𝑡𝑡 − 𝑡𝑡0) + ��𝑐𝑐𝑖𝑖(𝑡𝑡) cos�𝜔𝜔𝑖𝑖(𝑡𝑡 − 𝑡𝑡0)� + 𝑠𝑠𝑖𝑖(𝑡𝑡) sin�𝜔𝜔𝑖𝑖(𝑡𝑡 − 𝑡𝑡0)��
2

𝑖𝑖=1

 (S4) 

in which t0 is the reference epoch, X is either the x or y components of the GPS time series, and the 

intercept (X0), slope (v), and instantaneous harmonic coefficients (si and ci) are the stochastic 

parameters that need to be estimated. Considering time (t) to have unit of day, the frequencies (ωi) for 

annual (i = 1) and semi-annual (i = 2) components can be estimated as ωi = 2π/(T/i), where T = 

365.25 days. The six stochastic parameters (X0, v, s1, c1, s2, c2), assumed to consist of a mean value plus 

a random walk component, are estimated using a Kalman Filter (Davis et al., 2012). Combining the 

linear trend variables as 𝜇𝜇𝑡𝑡 = 𝑋𝑋0 + 𝑣𝑣(𝑡𝑡 − 𝑡𝑡0), the stochastic linear terms can be written in a recursive 

form as (Didova et al., 2016):  

𝜇𝜇𝑡𝑡+1 = 𝜇𝜇𝑡𝑡 + 𝑣𝑣𝑡𝑡 + 𝜉𝜉𝑡𝑡,           𝜉𝜉𝑡𝑡~𝑁𝑁�0,𝜎𝜎𝜉𝜉
2� 𝑎𝑎𝑛𝑛𝑑𝑑 𝜇𝜇0 = 𝑋𝑋0 

𝑣𝑣𝑡𝑡+1 = 𝑣𝑣𝑡𝑡 + 𝜁𝜁𝑡𝑡 ,           𝜁𝜁𝑡𝑡~𝑁𝑁�0,𝜎𝜎𝜁𝜁2�  
(S5) 
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Moreover, by introducing the term 𝑐𝑐𝑡𝑡 = 𝑐𝑐 cos𝜔𝜔 + 𝑠𝑠 sin𝜔𝜔, the harmonic terms in Equation 

(S4) can be written recursively as: 

𝑐𝑐𝑡𝑡𝑖𝑖 = 𝑐𝑐𝑡𝑡−1𝑖𝑖 cos𝜔𝜔𝑖𝑖 + 𝑠𝑠𝑡𝑡−1𝑖𝑖 sin𝜔𝜔𝑖𝑖 + 𝜍𝜍𝑡𝑡 

𝑠𝑠𝑡𝑡𝑖𝑖 = −𝑐𝑐𝑡𝑡−1𝑖𝑖 sin𝜔𝜔𝑖𝑖 + 𝑠𝑠𝑡𝑡−1𝑖𝑖 cos𝜔𝜔𝑖𝑖 + 𝜍𝜍𝑡𝑡 
(S6) 

where i = 1,2 refers to the annual and semi-annual terms. Note that the random variation of harmonic 

coefficients is assumed to have the same variance, 𝜍𝜍𝑡𝑡~𝑁𝑁�0,𝜎𝜎𝜍𝜍2�. Also, Equation (S4) can be rewritten 

in the form: 

𝑦𝑦𝑡𝑡 = 𝜇𝜇𝑡𝑡 + 𝑐𝑐𝑡𝑡1 + 𝑐𝑐𝑡𝑡2 + 𝜀𝜀𝑡𝑡,          𝜀𝜀𝑡𝑡~𝑁𝑁(0,𝜎𝜎𝜀𝜀2) (S7) 

The state-space form of equations (S5) and (S7) and the solution using Kalman filtering and smoothing 

is detailed in the supplementary Text S4, after Didova et al. (2016). The initial values of the six 

stochastic parameters are estimated by fitting the deterministic (time-independent) version of eq. (S4) 

with the addition of a non-linear constant acceleration term as: 

𝑋𝑋(𝑡𝑡) = 𝑋𝑋0 + 𝑣𝑣0(𝑡𝑡 − 𝑡𝑡0) +
1
2
𝑎𝑎(𝑡𝑡 − 𝑡𝑡0)2 + ��𝑐𝑐𝑖𝑖 cos�𝜔𝜔𝑖𝑖(𝑡𝑡 − 𝑡𝑡0)� + 𝑠𝑠𝑖𝑖 sin�𝜔𝜔𝑖𝑖(𝑡𝑡 − 𝑡𝑡0)��

2

𝑖𝑖=1

 (S8) 

The constant acceleration term is added to enable estimating the initial velocity and use it as 

the initial value for the long-term rate, which results in a more accurate estimate of the linear trend. A 

variance rate of 𝜎𝜎𝜁𝜁2 = 1 mm2/yr3 and 𝜎𝜎𝜍𝜍2 = 0.5 mm2/year is assumed for the slope and harmonic 

coefficients, respectively, after Davis et al. (2012). The observation variance is also estimated based on 

the standard deviation of the GPS time series after correction for the common-mode error. Figures 

S8 and S9 show the time series of fiducial GPS stations after the removal of the seasonal signals. 

Comparison with the time series after removal of the common-mode error shows that this filtering 

step has been successful in significantly reducing the seasonal variation as well as removing the sudden 
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jumps in the time series, which were likely produced by the few significant earthquakes found over 

the observation period.  

 

Text S4. The state-space form of equations (S5) and (S7) and the solution using Kalman 

filtering and smoothing.  

The observation equation (Eq. (S7), relating the observation vector (yt) to the unknown state 

vector (αt) can be written in the following form in the state-space formulation (Didova et al., 2016): 

𝑦𝑦𝑡𝑡 = 𝑍𝑍𝛼𝛼𝑡𝑡 + 𝜀𝜀𝑡𝑡,         𝜀𝜀𝑡𝑡~𝑁𝑁(0,𝐻𝐻), (S9) 

Where 

𝛼𝛼𝑡𝑡 = [𝜇𝜇𝑡𝑡   𝑣𝑣𝑡𝑡  𝑐𝑐𝑡𝑡1  𝑠𝑠𝑡𝑡1  𝑐𝑐𝑡𝑡2  𝑠𝑠𝑡𝑡2]𝑇𝑇 (S10) 

𝑍𝑍 = [1  0  1  0  1  0]  

𝐻𝐻 = 𝜎𝜎𝜀𝜀2  

The state equation (Eq. (S6)) can also be written in the matrix form as: 

𝛼𝛼𝑡𝑡+1 = 𝑇𝑇𝛼𝛼𝑡𝑡 + 𝑅𝑅𝑅𝑅,         𝑅𝑅~𝑁𝑁(0,𝑄𝑄) (S11) 

𝑇𝑇 =

⎣
⎢
⎢
⎢
⎢
⎡

1 1 0
0 1 0
0 0 cos𝜔𝜔1

0    0             0
0    0             0

sin𝜔𝜔1    0             0
  0 0 −sin𝜔𝜔1
  0 0 0
  0 0 0

cos𝜔𝜔1 0  0
0 cos𝜔𝜔2 sin𝜔𝜔2
0 − sin𝜔𝜔2 cos𝜔𝜔2⎦

⎥
⎥
⎥
⎥
⎤

  

𝑅𝑅 =

⎣
⎢
⎢
⎢
⎢
⎡
0 0 0
1 0 0
0 1 0

0 0
0 0
0 0

0 0 1
0 0 0
0 0 0

0 0
1 0
0 1⎦

⎥
⎥
⎥
⎥
⎤
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𝑄𝑄 = 𝐼𝐼𝜎𝜎𝜂𝜂2 =

⎣
⎢
⎢
⎢
⎢
⎡𝜎𝜎𝜁𝜁

2 0 0
0 𝜎𝜎𝜍𝜍1

2 0
0 0 𝜎𝜎𝜍𝜍1

2

0 0
0 0
0 0

0 0 0
0 0 0

𝜎𝜎𝜍𝜍2
2 0

0 𝜎𝜎𝜍𝜍2
2 ⎦
⎥
⎥
⎥
⎥
⎤

  

The predicted state vector (αt) and its variance matrix (Pt) are recursively estimated, using Kalman 

filtering, assuming their initial value (α1 and P1) is known (Durbin & Koopman, 2012): 

𝛼𝛼𝑡𝑡+1 = 𝑇𝑇𝛼𝛼𝑡𝑡 + 𝐾𝐾𝑡𝑡𝑣𝑣𝑡𝑡 (S12) 

𝑃𝑃𝑡𝑡+1 = 𝑇𝑇𝑃𝑃𝑡𝑡(𝑇𝑇 − 𝐾𝐾𝑡𝑡𝑍𝑍)𝑇𝑇 + 𝑅𝑅𝑄𝑄𝑅𝑅𝑇𝑇  

Where 

𝑣𝑣𝑡𝑡 = 𝑦𝑦𝑡𝑡 − 𝑍𝑍𝛼𝛼𝑡𝑡 (S13) 

𝐹𝐹𝑡𝑡 = 𝑍𝑍𝑃𝑃𝑡𝑡𝑍𝑍𝑇𝑇 + 𝐻𝐻  

𝐾𝐾𝑡𝑡 = 𝑇𝑇𝑃𝑃𝑡𝑡𝑍𝑍𝑇𝑇𝐹𝐹𝑡𝑡−1  

Moreover, the smoothed state vector (𝛼𝛼�𝑡𝑡) and its variance matrix Vt can be estimated using Kalman 

smoothing as (Durbin & Koopman, 2012): 

𝛼𝛼�𝑡𝑡 = 𝛼𝛼𝑡𝑡 + 𝑃𝑃𝑡𝑡𝑟𝑟𝑡𝑡−1 (S14) 

𝑉𝑉𝑡𝑡 = 𝑃𝑃𝑡𝑡 − 𝑃𝑃𝑡𝑡𝑁𝑁𝑡𝑡−1𝑃𝑃𝑡𝑡  

Where 

𝑟𝑟𝑡𝑡−1 = 𝑍𝑍𝐹𝐹𝑡𝑡−1𝑣𝑣𝑡𝑡 + 𝐿𝐿𝑡𝑡𝑇𝑇𝑟𝑟𝑡𝑡 (S15) 

𝑁𝑁𝑡𝑡−1 = 𝑍𝑍𝐹𝐹𝑡𝑡−1𝑍𝑍 + 𝐿𝐿𝑡𝑡𝑇𝑇𝑁𝑁𝑡𝑡𝐿𝐿𝑡𝑡  
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Text S5. Spatial gradient of GPS observations 

The spatial gradients of both long-term and short-term rates of corrected GPS time series are 

estimated for GPS stations in northern and central Honshu to obtain a first-order approximation of 

the spatiotemporal variability of the fault coupling along the NJSZ, following Uchida et al. (2016). The 

long-term rate of each GPS station is estimated through linear regression of the entire time series. The 

time series of short-term rate, on the other hand, is estimated as the slope of the best-fitting line to 

the time series within a moving window with a length of three months and step size of two months. 

Following the estimation of rates, 40-km-wide profiles in the direction of plate convergence (azimuth 

= 105°) are formed, and the GPS stations within each profile are identified. Next, the distance of each 

GPS station from the western end of the profile is estimated. Finally, both the GPS long-term rate 

and short-term rate time series are projected into the direction of profiles, and the spatial gradient is 

estimated as the slope of the best fitting line to the projected rates as a function of distance. Shown in 

Figure 2A of the main text, is the spatial gradient of GPS long-term rate, and in Figure S16 is the time 

evolution of the spatial gradient of short-term velocity for on-shore GPS stations that locate inside 

the four northern profiles of Fig. 2A. 

 

Text S6. Gutenberg-Richter b-value estimation  

Gutenberg-Richter law relates the frequency of occurrence to the magnitude of earthquakes 

through log10N = a ˗ bM, where N is the cumulative number of events larger than magnitude M, and 

a and b are constants (Richter, 1958). To obtain the parameter b (so-called b-value), we implemented 

the maximum likelihood estimation (MLE) method (Bender, 1983; Utsu, 1965). Using this method: 
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𝑏𝑏𝑀𝑀𝑀𝑀𝑀𝑀 =
log10𝑒𝑒

𝑀𝑀𝑚𝑚 − (𝑀𝑀𝑐𝑐 − 𝑑𝑑𝑀𝑀/2) (S16) 

where Mm is the mean magnitude, Mc is the magnitude of completeness, e is the Euler’s number, and 

the magnitudes are rounded to dM = 0.1. The associated standard deviation can also be calculated 

using (Shi & Bolt, 1982): 

𝜎𝜎𝑏𝑏 = 2.30 × (𝑏𝑏𝑀𝑀𝑀𝑀𝑀𝑀)2�∑ �𝑀𝑀𝑗𝑗−𝑀𝑀𝑚𝑚�
2

𝑛𝑛(𝑛𝑛−1)
𝑛𝑛
𝑗𝑗=1   (S17) 

where n is the size of the observation window, containing n earthquakes with magnitudes Mj. To 

account for the distribution of events near the fault surface, we assigned a distance-dependent weight 

(Tormann et al., 2014) to all the earthquakes within 15-km-distance of the fault segment in 

consideration. We used an exponential weighting function, w(d) = ςe˗ςd, in which d is the closest distance 

between earthquake hypocenter and the fault surface, and ς = 0.7 after Tormann et al. (2014). 

Sorting the earthquakes based on the occurrence time, we used a moving window of size n, 

with step size one event. The continuous moving window method used here minimizes the 

dependence of estimated b-value on the starting event (Tormann et al., 2013). The estimated b-value 

in each window is displayed at the time of the last event in that window. The optimum size of this 

moving window is estimated through a Monte Carlo search algorithm to be larger than 160 events 

(Khoshmanesh & Shirzaei, 2018). Our preferred b-value time series (Fig. 3b) is estimated using a 

window size of 200 events, which yields a mean sampling rate of roughly 5 months. 

To avoid underestimation of b-value, the completeness magnitude (Mc) needs to be carefully 

considered for a given seismic catalog (Woessner & Wiemer, 2005). For Japan Meteorological Agency 

(JMA) seismic catalog, the estimated Mc for the area considered in this study (Fig. 1), is ranging between 

2.0 to 3.0 (Tormann et al., 2015). However, we estimated the completeness magnitude for each moving 
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window containing 200 M2+ events using Goodness-of-Fit (GFT) method (Wiemer & Wyss, 2002). 

Through this method, we first estimate the b-value for the events larger than magnitude Mi = 2.0, 2.1, 

…, 4. Using the estimated b-value, as a function of minimum magnitude Mi (by replacing the Mc in 

Eq. (S17) with Mi), we compute a synthetic distribution, representing a perfect fit to a power law. 

Next, the absolute difference between the number of events in each magnitude bin of the observed 

and the synthetic distribution is estimated through: 

𝑅𝑅(𝑏𝑏,𝑀𝑀𝑖𝑖) = 1 −
∑ |𝑂𝑂𝑖𝑖−𝑆𝑆𝑖𝑖|
𝑀𝑀𝑚𝑚𝑚𝑚𝑚𝑚
𝑀𝑀𝑖𝑖

∑𝑂𝑂𝑖𝑖
  (S18) 

where Oi and Si are the observed and synthetic cumulative number of events in each magnitude bin. 

Through this method, the completeness magnitude of each moving window is chosen as the smallest 

Mi that results in R > 0.9. Only the moving windows with at least 100 events larger than estimated Mc 

through GFT method are shown in the b-value time series (Fig. 3b). 

 

Text S7. Coulomb failure stress estimation  

Coulomb failure stress change (ΔC) represents the combined effect of a change in shear (Δτ) 

and normal stress (Δn) due to creep rate variation, estimated using the relationship ΔC = Δτ − μΔn, 

in which μ = 0.6 is the friction coefficient (Sawai et al., 2017). To calculate the ΔC, we start by 

estimating the 3D displacement field (U) at the center of each fault patch (i), located outside the 

creeping zone, caused by the slip on all the n patches inside this creeping zone using: 

𝑈𝑈(𝑖𝑖,𝑑𝑑𝑡𝑡) = � 𝐺𝐺(𝑖𝑖, 𝑗𝑗)𝑆𝑆(𝑗𝑗,𝑑𝑑𝑡𝑡)
𝑛𝑛

𝑗𝑗=1
 (S19) 

where dt shows the time increments of Coulomb stress estimation (daily), S(j,dt) is the daily creep on 

each fault patch j, and G(i,j) is the elastic kernel defined by the analytical solution of a rectangular 
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dislocation buried in an elastic half-space (Okada, 1992). Following estimation of the 3D strain tensor 

from the obtained displacement field, we estimate the stress tensor considering a Poisson ratio and 

shear modulus of 0.25 and 30 GPa, respectively. Estimation of the displacement field and strain and 

stress tensor is carried out using disloc3d (pangea.stanford.edu/research/CDFM/software), a Matlab 

wrapper to DC3 code by Okada (1992). Finally, the shear, normal, and Coulomb failure stress are 

estimated using the calc_coulomb function from the Coulomb 3 package by S. Toda 

(https://earthquake.usgs.gov/research/software/coulomb/). 
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Figure S1. The fault geometry from Slab1.0 discretized into a triangular mesh. Colors represent the (A) strike 
and (B) dip angle of triangular patches. 
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Figure S2. The cumulative CRE creep time series associated with two of the sequences indicated by I and II in 
the Figure 1 of the main text. The red line shows the best fitting line to each of the time series, whose slope 
determines the long-term creep rate of sequence.  

 

 
Figure S3. Effect of search radius on spatial oversampling of CRE observation. The oversampled long-term 
CRE-creep rate distribution using a search radius of 30km (A) and 100km (B) 
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Figure S4. CRE-creep oversampled on a triangular mesh using the search radius of 50km. Long-term CRE-
creep rate during 1996-2003 (A) and associated standard deviation (B) assigned to each triangular fault patch. The 
open circles show the location of CRE sequences, with their size denoting the creep rate associated with each 
sequence.  
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Figure S5. Fiducial stations. Location of 17 fiducial stations that have been continuously recording the surface 
motion throughout the study period, used for the common-mode error correction. The measured displacement and 
that associated with estimated common-mode error for the first observational day of 3/21/1996 – 3/22/1996 at the 
location of fiducial stations are shown using the red and blue arrows, respectively.  
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Figure S6. Common-mode error correction. The original time series of X-component of the 17 fiducial stations 
(blue), and the time series after common-mode error correction (red).  

 

 
Figure S7. Common-mode error correction. The original time series of Y-component of the 17 fiducial stations 
(blue), and the time series after common-mode error correction (red). 
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Figure S8. Seasonal error correction. The common-mode corrected time series of X-component of the 17 fiducial 
stations (red), and the time series after removing the seasonal signal (black). 

 

 
Figure S9. Seasonal error correction. The common-mode corrected time series of Y-component of the 17 fiducial 
stations (red), and the time series after removing the seasonal signal (black). 
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Figure S10. GPS observations. The long-term rate of GEONET GPS stations during 1996-2003, relative to the 
Amurian plate (Fukue station), estimated through linear regression of the corrected time series. 
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Figure S11. Modeled GPS observations. The estimated deformation rate at the location of GPS stations due to 8 
cm/year thrust slip on the entire subduction zone up to a depth of ~700 km, relative to the FUKUE station. 
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Figure S12. Backslip GPS observations. The backslip rates are estimated by subtraction of the modeled GPS rates 
(Fig. S11) from the corrected GPS observations (Fig. S10) and are used directly in the inversion. 

 

 
Figure S13. L-curve used for estimating the smoothing factor. The L-curve showing the trade-off between the 
norm of residuals (estimated only for north and east component of GPS long-term rate) and the roughness of slip on 
the fault. The maximum curvature occurs at the location of γ = 50. 
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Figure S14. Model results. The spatial distribution of long-term creep rate during 1996-2003 on the NJSZ, 
inverted using long-term GPS rates only. The red arrows represent the model residual, obtained as the difference 
between original and modeled backslip long-term GPS observations. Blue contour lines represent the coseismic 
rupture area of the Tohoku earthquakes. 
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A.

 

B.

 
Figure S15. The effect of relative weight of observation on the obtained results. Distribution of long-term creep 
rate considering equal weight between east and north component (𝜎𝜎0𝑚𝑚

2 = 2, 𝜎𝜎0𝑦𝑦
2 = 2, and 𝜎𝜎0𝑐𝑐

2 = 1) (A), and between east 
component and CRE observation (𝜎𝜎0𝑚𝑚

2 = 2, 𝜎𝜎0𝑦𝑦
2 = 1, and 𝜎𝜎0𝑐𝑐

2 = 2) (B). 
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Figure S16. The spatial gradient of short-term velocity. The time evolution of the spatial gradient of short-
term velocity for on-shore GPS stations that locate inside the four northern profiles of Fig. 2A. A temporal 
window of 3 months width and 2 months step size is used to estimate the short-term rate for each GPS station.  
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Figure S17. Original and modeled observations. The cumulative time series of backslip X-component of the 
fiducial stations (red) and modeled time series (blue). The comparison is only shown for eight of the fiducial 
stations that are located on the shore of NJSZ. 

 

 
Figure S18. Original and modeled observations. The cumulative time series of backslip Y-component of 
fiducial stations (red) and modeled time series (blue). The comparison is only shown for eight of the fiducial 
stations that are located on the shore of NJSZ. 
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Figure S19. Model residual. The time series of X-component residual of fiducial stations, estimated as the 
difference between original and modeled time series, shown in figure S17. 

 

 

 
Figure S20. Model residual. The time series of Y-component residual of fiducial stations estimated as the 
difference between original and modeled time series, shown in figure S18. 
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Figure S21. Average creep in the creeping segment. The time series of spatially averaged cumulative creep inside 
the northern creeping segment (green polygon in Fig. 2B). The black line represents the cumulative creep with rate of 
8 cm/yr. 
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Figure S22. Spatiotemporal variation of creep. The spatial distribution of cumulative creep along NJSZ in window 
sizes of 3 months during 1996.25-2003.75. The green and black curves show the location of the northern creeping 
segment and surrounding locked area, as shown in Figure 2B in the main text. The green and blue circles respectively 
show the location of M4 and M5+ seismic events during each time window, and the microseismicity (<M4) are 
shown using the gray dots. Wherever available, the focal mechanism of earthquakes are shown using the beach balls. 

 

 
Figure S23. Comparison between creep rate variations obtained in this study with that of Uchida et al. (2016) 
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Figure S24. Coulomb stressing rate. The Coulomb stress change calculated at the center of fault patches located 
outside the northern creeping segment. The blue patches are the ones with Coulomb stressing rate above 0.5 KPa/yr. 
The black stars show the location of M6+ earthquakes during 1996-2003 on the NJSZ. 
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Figure S25. Creep rate versus the seismic moment inside creeping segment. Temporal evolution of average 
creep rate and seismic moment (red) within the northern creeping segment (blue). 

 

 
Figure S26. Creep rate versus total seismic moment. Temporal evolution of average creep rate within the 
northern creeping segment (blue) and the total seismic moment considering events within the creeping segment and 
neighboring locked segment (red). 
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