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Slow slip events (SSEs) have been discovered at shallow depth near the trench in some subduction zones
and have been linked to the triggering of large earthquakes and the absence of tsunami. These shallow
SSEs are invariably submarine, making it difficult to observe their temporal and spatial extent. Here, we
report a shallow SSE in late 2018 near the west Semidi segment of the Alaska subduction zone, up-dip
of and preceding the Mw 8.2 Chignik earthquake on July 29™, 2021. The SSE was detected in data from

an offshore array of seafloor pressure gauges by a machine learning method. This detection is supported
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by the spatial pattern of simulated SSE deformation, the increased seismicity after the SSE in the positive
Coulomb stress change area, the lack of shallow slip in Chignik earthquake, and the absence of a sizable
tsunami following the Chignik earthquake. Our method has the potential to transform the way offshore
SSEs are detected and to improve tsunami hazard assessment in subduction zones.

© 2023 Elsevier B.V. All rights reserved.

1. Introduction
1.1. Shallow slow slip events

Slow slip events (SSEs) have recently been discovered at shal-
low depth on the plate interface in some subduction zones, includ-
ing Costa Rica and New Zealand (Araki et al., 2017; Davis et al.,
2015, p. 2; Dixon et al., 2014; Saffer and Wallace, 2015; Wallace
et al,, 2016). These shallow SSEs may be linked to tsunamigenic
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earthquakes and the triggering of large interplate earthquakes
(Hino et al., 2014; Ito et al., 2013; Saffer and Wallace, 2015). SSEs
likely play an important but as yet unresolved role in the accom-
modation of plate motion near the trench at many subduction
zones. Detailed observations of slip during SSEs are critical to un-
derstand the distribution of locking on subduction faults offshore,
which determines the potential seismic and tsunami hazard posed
by subduction zones (Lindsey et al., 2021). However, it is challeng-
ing to detect and measure shallow SSEs because the standard GNSS
systems for measuring land displacement do not operate under
water. Seafloor pressure gauges, which detect SSEs by observing
pressure changes due to vertical displacement of the seafloor, cur-
rently provide the only viable way to continuously observe and
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Fig. 1. Map of the study area along the Alaska-Aleutian megathrust (the red box in the small inset on the top left). White, magenta, and yellow circles represent absolute
pressure gauges (APGs) in AACSE. The dashed black lines indicate the slab depth contours with a 10 km interval from Slab2 (Hayes et al., 2018). The red shaded areas are
the historical earthquake distributions. Slip of 1 m is outlined from the best fitting models of Freymueller et al. (2021) for the 1938 Mw 8.3 Semidi earthquake, Crowell and
Melgar (2020) for the July 22, 2020 Mw 7.8 Simeonof earthquake and Ye et al. (2022) for the July 29, 2021 Mw 8.2 Chignik earthquake. The black and red stars label the
epicenters of the 2020 Simeonof earthquake and 2021 Chignik earthquake, respectively. The cyan shaded area is our preferred 2018 SSE area. The white dashed lines show
the area covered by Zodiak Fan sediments. T-ridge represents the transitional ridge or escapement terminating the transitional zone. EMB means the embayment into the

Semidi deformation front (von Huene et al., 2016).

spatially map out displacements during a near-trench SSE (Ito et
al,, 2013; Ruiz et al,, 2014; Wallace et al., 2016). The challenge is
that oceanic noise is comparable to the tectonic signal in seafloor
pressure data and only very large SSEs with several centimeters
of seafloor displacement can be observed (Fredrickson et al., 2019;
Wallace et al., 2016).

Recently, we developed a machine learning method to detect
small and shallow SSEs in seafloor pressure data (He et al., 2020).
We have applied this method to data in New Zealand between
2014 and 2015 and detected five events, two of which are con-
firmed by the onshore GNSS records. We also have shown that our
method performs better than the traditional matched filter method
(He et al., 2020). Here, we improved the method by adding the ca-
pability of detecting not only seafloor uplift but also subsidence.
We applied this improved method to the seafloor pressure data
collected in the Alaska Amphibious Community Seismic Experi-
ment (AACSE) (Fig. 1). The spatial pattern of the vertical deforma-
tion in late October 2018 is consistent with an SSE. The occurrence
of an SSE is also supported by seismicity patterns around the event
and the lack of shallow slip and tsunami in the 2021 Mw 8.2 Chig-
nik earthquake. The unique geological structure of the seafloor in
this area may create favorable conditions for SSEs.

1.2. Earthquakes and SSEs in Alaska

The Alaska subduction zone in the study region shows diverse
slip behaviors, incoming plate structures, and hydration levels (S. Li
and Freymueller, 2018; S. S. Wei et al., 2021). In the west, the Shu-
magin segment shows a low degree of seismic locking, called the
Shumagin gap (Davies et al., 1981), which has abundant seismicity
but lacks large earthquakes. The 2020 Mw 7.8 earthquake was the

largest event in the eastern Shumagin gap since 1917 (Crowell and
Melgar, 2020). No shallow slip was released by this earthquake and
its aftershocks, and most slip was at depths between 20 and 45 km
(Liu et al., 2020; Xiao et al., 2021; Ye et al., 2021). The Semidi seg-
ment is in the middle of the Shumagin and Kodiak segments and
can host large earthquakes with a magnitude over 8 every 50 to 75
years (Davies et al., 1981). The last two events were the 1938 M
8.3 earthquake and the 2021 Mw 8.2 Chignik earthquake. There is
no seismic slip model for the 1938 earthquake, but the aftershock
zone extended ~270-300 km along strike and a tsunami model
showed large slip concentrated at shallow depth (< 20 km) (Davies
et al, 1981; Freymueller et al., 2021). The 2021 earthquake had
about half of its slip overlapping with the 1938 earthquake rup-
ture with most slip occurring deeper than 20 km (Liu et al., 2022;
Ye et al., 2022). The Semidi segment is characterized as having in-
termediate locking, with more sediments subducted, resulting in
smoother seafloor than the Shumagin segment (J. Li et al., 2015;
S. Li and Freymueller, 2018; Shillington et al., 2015). The Kodiak
segment shows high locking and has the most active seismicity at
all depths (S. Li and Freymueller, 2018; S.S. Wei et al., 2021). The
Kodiak segment and eastward hosted the great 1964 M 9.2 earth-
quake. The systematic along-strike variations provide an excellent
opportunity to explore the relationship between earthquake behav-
ior and geological/geophysical setting.

In both Upper and Lower Cook Inlet, in south-central Alaska,
long-term SSEs with durations of a couple of years and intervals
of several years have been observed for the last 25 years. The du-
ration, interval, and magnitude of these SSEs vary from event to
event, but these SSEs occur at a depth of around 40 km to 60
km, which coincides with the down-dip limit of megathrust earth-
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quakes (S. Li et al.,, 2016; M. Wei et al., 2012). So far, no SSE has
been reported in the Kodiak to Shumagin segments.

2. Materials and methods
2.1. AACSE pressure data preprocessing

Between May 2018 and August 2019, AACSE deployed 75
broad-band ocean-bottom seismometers (OBSs) and 30 broad-band
land seismometers on the southern Alaskan subduction margin,
aiming to study tectonics, structure, and seismicity (Barcheck et
al,, 2020) (Fig. S1). 34 of the OBSs were equipped with absolute
pressure gauges (APGs). Among the 34 APGs, we used data from
15 shallow-water (depth < 300 m) and 11 deep-water stations
(depth > 1500 m) that had data archived at IRIS (Fig. 1). The
APGs at stations LA26, LT02, and LT09 stopped recording midway
through the deployment and therefore have much less data than
the other stations. The sampling rate of the raw data is 120 Hz.
We down-sampled to one sample per 30 minutes since the high-
frequency content is not relevant to our study.

We processed the seafloor pressure data in three steps: de-
tiding, de-drifting, and removing oceanographic signals. First, we
removed tides using tidal response analysis (Munk et al., 1966)
(Fig. S2a). Second, we used an improved method to remove the
sensor drift. Pressure sensor drift is a gradual sensor degrada-
tion, which is traditionally estimated using an exponential plus
linear curve (Watts and Kontoyiannis, 1990). However, we found
that the conventional method over-estimated the drift by includ-
ing long-period (30~200 days) ocean signals. Therefore, we mod-
ified the conventional method with the help of the ocean circula-
tion model, HYCOM, which can reasonably predict the long-period
ocean waves. We first subtracted the low pass filtered (fourth-
order Butterworth filter with 20 days) HYCOM data from the de-
tided pressure data, and then we used the conventional method to
remove the drift. Then, we added the HYCOM data back to the de-
drifted pressure data (Fig. S2b). Even though the new de-drifted
method has a slightly higher RMS (root mean square), it shows
a higher correlation coefficient with HYCOM data than the con-
ventional method (Fig. S2cd and S3) because the new de-drifting
approach can remove the drift without affecting the long-period
ocean waves.

Third, because of the large difference in their ocean circula-
tion patterns, we removed oceanographic noise separately from
the shallow and deep water stations. The deep ocean system is
relatively quiet and less affected by wind stress than the shal-
low ocean system. The eddies in the deep ocean can reach lateral
scales of several hundreds of kilometers and larger. We thus as-
sumed most deep-water stations are affected by identical deep
eddy flows. Following the reference station method (Wallace et al.,
2016), we subtracted station LA21 located on the other side of the
trench from all deep-water stations. The shallow ocean system is
primarily affected by wind forcing and atmospheric pressure load-
ing. By comparing the shallow water pressures, we found that al-
though the shallow water stations record the same period of ocean
waves, they have various amplitudes. If we choose one-reference-
station subtraction method, some oceanographic signals would be
left or over-subtracted by the reference station. Therefore, instead
of using the reference method, we subtract the HYCOM ocean cir-
culation model for the shallow water stations. We tested both the
HYCOM and ECCO4 ocean circulation models. The spatial resolu-
tion of HYCOM (1/12 degrees) is finer than ECCO4 (0.5 degrees)
resulting in correlation coefficients between HYCOM and real pres-
sure data significantly higher than ECCO4. There are other ways
to remove oceanographic noise in seafloor pressure data including
global mean, isobath average, temperature and pressure correlation
(Fredrickson et al., 2019; Gomberg et al., 2019; Hino et al., 2014;
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Inazu et al., 2012). In this study, we also found that the global
mean method was unsuitable for an area as large as this study.
The average isobath removal method is difficult to implement, and
it may result in removing some of the geodetic signal. In addition,
the temperature and pressure correlation method did not improve
the variance reduction for this study.

Fig. S4A shows the shallow-water comparison between the real
seafloor pressure data and HYCOM. Fig. S4B shows the deep-water
residual comparison. HYCOM performs better on the continental
shelf than on the steep continental slope because of the rapid wa-
ter movements on the slope. Here we filtered the real pressure and
HYCOM data using a 1-day low pass filter, removing the high fre-
quency signals to improve data comparison.

We calculated the variance reduction (VR) to describe how
much oceanographic signals can be removed in seafloor pressure
data (Fig. S5). VR = 1_(‘/‘132;7[2‘;’1(23‘2;2’)@01”». For shallow-water sta-
tions, with the exception of the very noisy station LT05, the aver-
age correlation coefficient (CC) between the real seafloor pressure
and HYCOM output is 0.80. The average VR is 0.64. For deep-water
stations, the average CC is 0.82, and the average VR is 0.70. We
also tried different low pass filters from one to ten days in HY-
COM pressure data and the result did not improve. The variance
reductions in this study are comparable to results obtained in New
Zealand (Muramoto et al., 2019), even though the station spacing
in Alaska is greater. The variance of the pressure data was re-
duced to a few centimeters equivalent from tens of centimeters.
This pressure difference is the data we put into the machine learn-
ing detector.

2.2. SSE detection with machine learning

We built a deep learning model to detect the approximate time
of SSEs in the pressure records. The basic procedure is the same as
in our previous study (He et al., 2020). Here we added the capabil-
ity of detecting subsidence as well as uplift. Because real seafloor
pressure data are limited and insufficient, we used synthetic data
to train the machine learning model (detector). The synthetic data
have a spectrum similar to the real data and contain the expected
SSE signals with random duration, amplitude, and timing. We eval-
uated the model performance and applied the trained model to the
real data.

The synthetic data consist of three components: stochastic
noise with a pinkish-red spectrum, linear drift with random ampli-
tude, and artificial SSE ramps with random duration and amplitude
(He et al., 2020) (Fig. S6). This study is improved by including both
up-ramp and down-ramp synthetic SSE signals, representing the
subsidence and uplift in the pressure. A shallow SSE can cause
both surface uplift and subsidence on the seafloor (Fredrickson
et al., 2019). The total number of synthetic training data is 0.56
million. We trained the machine learning model on synthetic data
with a 3-5 dB signal-to-noise ratio. This means that if the standard
deviation of background pressure noise is 1 hPa (1 cm), the tar-
get amplitude of the SSE is 2.5-4.3 cm. In this study, the standard
deviation of each piece of data ranges from ~1-4 hPa so that the
target amplitude ranges between 2.5 and 17.2 cm. Other parameter
settings are the same as in our previous study (He et al., 2020).

The deep learning model includes convolutional and recurrent
neural networks, which can extract and study the long and short-
term patterns in time series data (Fig. S7). The input is a piece
of 60-days normalized pressure difference data from one station.
The final layer of the network outputs a vector of probabilities of
uplift, subsidence, and no SSE (Fig. S7). The trained model accuracy
reaches 80% on synthetic data (Fig. S8).
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2.3. Earthquake detection

In order to better observe the relationship between SSEs and
seismicity, we built a more detailed earthquake catalog for the
entire study region. In addition to the AACSE OBS data, we also
used seismic data from nearby on land seismic stations. To build
the seismicity catalog, a recursive short-time-average/long-time-
average (STA/LTA) algorithm (Withers et al., 1998) was used to
detect possible earthquakes on individual seismometer channels,
after filtering the data between 2 and 10 Hz. We used the South-
ern Alaska 1D velocity model, also called as the SCAK model (Table
S1 & S2), for the earthquake localization. An example of an earth-
quake in the SSE region detected by our method but not in the
USGS catalog is shown in Fig. S9. This event has one of the small-
est recording station numbers, comparing with other events in the
same region. After the earthquakes were located, we launched a
re-association process for the events to better constrain their loca-
tions (X. Wei et al., 2022). More details of the earthquake detection
method can be found in the supplementary materials (Text S1).

3. Results
3.1. SSE detection

We applied our machine learning detector trained by synthetic
data to the processed AACSE pressure data. The pressure time se-
ries is split into 60-day sliding windows with 1-day sliding incre-
ments and each piece of 60-day data is normalized by its standard
deviation. The machine learning detector can calculate the prob-
ability of subsidence or uplift in the middle part of the data. A
probability of one indicates the highest probability that the 60-day
segment contains an SSE. To distinguish the uplift and subsidence
detection results, we used minus one to represent the highest
probability of subsidence of the seafloor. According to the machine
learning threshold test (Fig. S8 ¢ & d), we chose 0.6 as the decision
threshold. The detector defines an event when the absolute value
of the probability is over 0.6. All the predicted probabilities are or-
ganized into the time series shown in Fig. 2B. An animation shows
the spatial distribution of the detected results can be found in the
supplementary materials (Movie S1). Three screenshots from the
movie are shown in Fig. 3.

The detection results show two types of spatial patterns. The
first is where most stations show the same trend over a short time
range. An example of this pattern is evident around June and July
2018, when over half of the stations show an apparent subsidence
signal (Fig. 3A & 3B). This pattern of spatially coherent signals has
an along-strike distance of several hundred kilometers. Because of
its large-scale spatial coherence, it is likely caused by large-scale
ocean circulation patterns that have not been fully eliminated by
our data processing. The second pattern evident in our data oc-
curs around Oct. 28, 2018, and shows subsidence at stations LT09,
LT10, LT12, and LT19 and uplift at stations LA25, LA26, LA28, and
LA30 (Fig. 2C,D & Fig. 3C). This spatial pattern looks more like an
SSE than oceanographic waves. Although station LA39 located sev-
eral hundred kilometers to the east also shows uplift during this
period, the two near-trench stations between LA39 and the uplift
stations, LA22 and LA23, do not show uplift. The uplift of LA39 is
likely a coincidence.

To better understand the proposed SSE displacement pattern,
we calculated the expected seafloor deformation from an SSE using
Pylith, an open-source finite-element code (Aagaard et al., 2013)
(Text S2). A model centered at 55.07N, 156.82W (depth range of
8-20 km) with a slip direction of 20 degrees from north (coun-
terclockwise) can reproduce the observed spatial pattern (Fig. 1 &
Fig. 3C,D & Fig. S10) with the uplift (3-4 cm) close to the trench
and the subsidence (1-2 c¢m) further away from the trench. The
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slip direction is very close to the subduction direction. The ampli-
tude of the subsidence at stations LT09 and LT14 in the simulated
model is smaller than evident in the data. This may be due to the
simple assumption of the shape of the SSE. A finite fault inver-
sion could help to better constrain the SSE area, but is beyond the
scope of this study. Our simple model predicts very small deforma-
tion (<1 mm) that are not observable at the inland GNSS stations,
which is consistent with GNSS data (Fig. S11). Our model predicts
a maximum slip of 15 cm, equivalent to 2.5 years of accumulated
strain.

3.2. Seismicity pattern

SSEs can trigger small earthquakes in nearby regions (Nishikawa
and Ide, 2018; Vallée et al., 2013; Yarce et al., 2019). Between June
10th and June 24th of 2019, many airgun shots occurred in our
SSE region (Barcheck et al., 2020). Thus, we masked this period
in Fig. 4A to avoid possible false earthquake detections. We also
show the USGS catalog as a comparison. When there are AACSE
and other sources of earthquakes in the USGS catalog, we chose
the AACSE as the first choice for the earthquake locations and ori-
gin times. The total number of detected earthquakes in our catalog
is about three times of that in the USGS catalog.

Daily seismicity rates show an increase of seismicity in this area
right after the SSE (Fig. 4A). We counted the number of earth-
quakes within a 120-km radius circle centered at 55°N, 157°W.
The daily seismicity rate increases by a factor of three in the ten
days right after the SSE compared to during the SSE in both the
USGS catalog and our study. The elevated seismicity occurred on
the up-dip, down-dip ends, and to the west of the inferred SSE
area (Fig. 4B), likely triggered by the SSE. Additionally, the seis-
micity rate drops about 25 percent from the previous rate in the
ten months after Nov.20, 2018 (Fig. 4A). There are two rate peaks
before the SSE. The increased seismicity near July 24th, 2018, is
due to a Mw 4.5 main shock and its aftershocks. There is no main
shock for the peak on August 13th, 2018. The magnitude of seis-
micity is smaller than 3 and earthquakes are sparsely distributed.

Earthquake swarms associated with shallow SSEs have been ob-
served in New Zealand, Japan, and Ecuador (Bartlow et al., 2014;
Montgomery-Brown and Syracuse, 2015; Nishikawa and Ide, 2018;
Reverso et al., 2016; Vallée et al., 2013). In these studies, some
swarms occurred before the SSE as foreshocks, and others occurred
during or after the SSE. In our case, the earthquake swarms fol-
lowed the SSE and are located updip and downdip of the SSE
(Fig. 4B). We further calculate the Coulomb stress change caused
by the SSE using the previously mentioned numerical simulation
model. The elevated seismicity is in positive Coulomb stress change
regions, consistent with triggering by the SSE (Fig. 4B). We also
observed that the epicenters of the 2020 Simeonof earthquake
and 2021 Chignik earthquake were in the positive Coulomb stress
change regions. The SSE increased the Coulomb stress for the 2021
earthquake by about 0.2 bar and the 2020 earthquake by less than
0.05 bar. The SSE might have advanced the 2021 Chignik earth-
quake.

3.3. Tremor detection

Often enhanced nonvolcanic tremor activity accompanies SSEs
near their source area (Beroza and Ide, 2011; Rousset et al., 2019).
In this study, we attempted to detect tremors using land and off-
shore seismic stations during the AACSE time (see Text S3 for
details). Around 20 isolated short-duration (~ 90 seconds long)
tremors were detected near the SSE at stations LA23, LA25 and
LD36 (Fig. S1); however, only 3 occurred close in time to the SSE
on Oct.7 (Fig. S13).
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B Detected by machine learning
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Fig. 2. Normalized pressure data and machine learning detection results. (A). Shallow-water and deep-water normalized pressure data. (B). Detected probabilities from each
station. All the detected probabilities (red and blue) vary within 0 ~ +1. Red and blue dashed lines represent the detection thresholds of +0.6, respectively. Only the
probabilities over the thresholds are considered as an uplift or subsidence signal. (C)(D). The zoom-in panels of pressure data in Fig. 3C. The gray shaded region highlights
the SSE time from Oct. 13 to Nov. 11, 2018. The magenta lines are the trace of 15-day low-pass filtered data to show the long-wavelength nature of the SSE.

The lack of enhanced tremor activity can be due to the sparse
station distribution, noisy OBS data, small amplitude tremors, and
fewer tremors in this area (Montgomery-Brown and Syracuse,
2015). The station spacing in AACSE is 20-40 km, and we require at
least three stations to detect a tremor. It is possible that only one
or two stations captured some tremors, and we could not iden-
tify them. Additionally, noise is much higher (between 1 and 8 Hz)
in the OBS data compared to the land stations (Barcheck et al.,
2020). It is hard to detect small tremors from OBS data (Wech et
al,, 2013). Lastly, it is possible that tremors are just not abundant
in this SSE area. This has been observed elsewhere; no tremor was
detected during the 2013 Boso Peninsula SSE, although the region
was densely instrumented at this time (Montgomery-Brown and
Syracuse, 2015).

4. Discussion
4.1. The relation between the SSE and earthquakes

Our detected SSE occurred between Oct. 12 and Nov. 11 of 2018
with 5 - 10 days of uncertainty. The machine learning detector

cannot estimate the amplitude of vertical deformation. According
to our simple SSE forward model, the maximum slip during the
SSE is 15 cm and the moment magnitude is 6.9. Assuming a sub-
duction rate of 60 cm/year and full release of stress by the SSEs at
this location, it would take another 2-3 years for the next SSE to
occur at this location in the Semidi segment. The two earthquake
swarms after the SSE might be triggered by the SSE but also could
be unrelated (Fig. 4A). We are unable to detect smaller earthquakes
(Mw<2) because of the low signal to noise ratio of the OBS.

On July 22, 2020, the Mw 7.8 Simeonof earthquake occurred
on the Shumagin segment, located about 150 km southwest of the
SSE area (Fig. 1). The Mw 8.1 2021 Chignik main shock occurred
on the Semidi segment in July. This event had a hypocentral depth
of 32.2 km and fault slip models all indicate that the earthquake
did not rupture the shallow portion of the plate interface; most of
the slip occurred at depths of 20-40 km (Liu et al,, 2022; Ye et al,,
2022). In contrast, the 1938 Mw 8.3 earthquake occurred just east
of the 2021 Chignik earthquake but ruptured to a much shallower
depth and generated an intermediate sized tsunami (Freymueller
et al,, 2021). The lack of shallow slip during the 2021 earthquake
is consistent with the occurrence of an SSEs in this area that pre-
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released the stress accumulation in the shallow Semidi subduction
zone. In addition, the epicenter of both the 2020 Simeonof and
the 2021 Chignik events locate in positive Coulomb stress change
regions following the 2018 SSE.

A 10-year analysis of the b-value in this area shows that the
SSE occurred in a region with a low b-value (Liu et al., 2020). Vari-
ations of the b-value can be interpreted as the presence of asper-
ities and variable frictional properties (Schorlemmer and Wiemer,
2005). A decrease in b-value also indicates the high-stress accumu-
lation and potential large earthquake location (Nanjo et al., 2012;
Schorlemmer et al., 2005). In the west Semidi segment, Liu et al.
(2020) found the b-value gradually decreased from 0.95 to be-
low 0.8 since 2011, which can be related to the nucleation of the
2021 Chignik earthquake. They also observed that the b-value re-
bounded from 0.7 to 0.75 at the end of 2018. The rebound might
have been caused by the stress released by the 2018 SSE.

4.2. The uncertainties of detected SSE

In order to assure that our detected SSE is not due to oceano-
graphic sources we ran the machine learning algorithm on data
generated using the oceanic circulation model HYCOM for this
region from 2010-2019. We calculated the seafloor pressure by
subtracting the integral of the upper water column’s density from
the sea surface height. To resemble the real data processing steps,

we subtracted different global means from the shallow-water (0-
500 m) and (500-4500 m) deep-water stations, and then put the
pressure residuals at each station into the machine learning algo-
rithm. The detector indeed finds some periods of subsidence and
uplift (Movie. S2). For example, stations closely located show iden-
tical signals because common wave signals are left in the pressure
residuals. Also, one or two stations may show paired uplift and
subsidence due to noise or small eddies. However, we did not find
a single case with multiple stations showing a pattern similar to
our detected SSE. Therefore, our SSE pattern does not likely result
from an oceanographic process.

4.3. Geological and physical conditions for SSE in this region

The occurrence of shallow SSEs has been attributed to sev-
eral factors: (1) abundant fluids; (2) high fault roughness and
heterogeneous fault structure; (3) being near the transition zone
in frictional properties; and (4) modestly unstable fault patches
smaller than the critical dimension needed for earthquake nucle-
ation (Biirgmann, 2018; Saffer and Wallace, 2015). In the Semidi
segment, trace element analysis in nearby volcanoes shows that
there is less fluid in the Semidi segment compared to the Shuma-
gin segment in the deep subduction zone (>100 km) (S. S. Wei
et al,, 2021). However, the fluid status is unclear in the shallow
Semidi segment. There are several bending faults visible on a seis-
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mic line in the west end of the Semidi segment that may act as
fluid conduits; the topography becomes smoother in the middle
part of the Semidi segment (J. Li et al, 2015; Shillington et al.,
2015). Additionally, the Semidi segment has relatively thick sub-
ducted sediments compared to the southwest Shumagin segment
(Shillington et al.,, 2015; S.S. Wei et al, 2021). A newly formed
accretionary margin began only ~3 Ma and subducted sediments
scraped off by the accretionary wedge are relatively weak (Steven-
son et al., 1983). The weakly faulted and thicker sediment layer
could have abundant pore fluid in intergranular and fracture poros-
ity to facilitate the SSE at the Semidi segment. It is likely that the
shallow section is highly overpressured due to the sediment com-
paction (J. Li et al., 2018), making it favorable to host SSEs.

Thick Zodiac Fan sediments (~800-m) and other pelagic sedi-
ments subduct along the Semidi segment (Stevenson et al., 1983).
However, such thick sediment cannot bury the subducting Patton-
Murray ridge, whose height is over 1 km. In the west of the
Semidi segment, a buried extension of the subducting Patton-
Murray Ridge was recognized. It created a ridge or escarpment
terminating the continental shelf and an embayment in the ac-
cretionary front (Fig. 1) (von Huene et al., 2016). These geological
features are unique to the Semidi segment and thought to be fa-
vorable for tsunami hosting earthquakes (von Huene et al.,, 2016).
The physical conditions for tsunami hosting earthquakes and shal-
low SSEs are similar (Saffer and Wallace, 2015), so the Semidi
segment may also favor shallow SSEs. The buried extension of the
subducting Patton-Murray Ridge decreases effective normal stress,
elevates pore fluid pressure, and may facilitate slow slip in the
fault zone.

There are many seismic reflection studies between Kodiak and
the Shumagin Islands. Detailed fault structure they reveal can help

delineate different portions of the seismogenic zone. In the west
Semidi segment, a thin sharp reflection with a single low-velocity
zone is observed at a depth of 13 to 20 km, it has been interpreted
as the frictionally unstable region (J. Li et al., 2015). In our SSE sim-
ulation result, significant slip is also found in this depth range, so
our proposed SSE may represent failure of a velocity-strengthening
(stable) to weakening (unstable) fault patch. The fault patch may
be over-pressured and slip as SSEs due to a combination of trap-
ping fluids and disequilibrium compaction.

5. Conclusion

We applied a newly developed machine learning method to
detect SSEs in seafloor pressure data between the summers of
2018 and 2019 offshore southern Alaska. The method detected
one event between Oct. 13 and Nov. 11, 2018 with 5 to 10 days
of uncertainty. The spatial pattern of the deformation is unlikely
oceanographic in origin, based on analysis of 10-years of model
output from the global numerical circulation model HYCOM. The
pattern is consistent with simulated ground deformation resulting
from slow slip on an oval-shaped patch on the subduction inter-
face. Our detected SSE is located 150-km northeast of the 2020
Mw 7.8 Alaska earthquake and updip of the 2021 Mw 8.2 Chignik
earthquake. Neither earthquake ruptured to shallow depth, or gen-
erated a significant tsunami, consistent with our observation of a
shallow SSEs in this region that released tectonic stresses accumu-
lated on the shallow plate interface. Our method has the potential
to transform the way SSE are identified in seafloor pressure data
allowing SSE far from the shoreline to be detected.
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