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Abstract

Ground motion in degrading permafrost (PF) terrain is uneven, and regional averages obscure the rare pixels—those with
the most negative rates or the sharpest neighborhood contrasts—that matter most for infrastructure screening. Whether
these extremes form organized, recurrent spatial groups or scattered anomalies has remained open. We analyzed the
Sentinel-1 InSAR-estimated up-component rate during 2015-2021 and its spatial gradient along the Qinghai-Tibet
Engineering Corridor, defining extremes separately within the mapped PF and nonpermafrost (NPF) domains. The
extremes are spatially organized. Mapped transition segments contain 68.0% of NPF rate extremes and 71.3% of
gradient extremes at 6.6 and 5.1 times interior prevalence, and PF rate extremes occur 2.4-6.5 times as frequently near
mapped lakes, thaw slumps, or both as far from either inventory. Across 12 spatial evaluations, neighborhood
differences in environmental variables consistently improved prediction of extremes at withheld pixels only within PF in
the primary models. Among pixels retained after temporal quality control, roughly half of 2015-2021 extremes recurred
in both 2015-2018 and 2019-2021, rising to 59-62% in the NPF transition, and within the same record, rate-selected
pixels accumulated more negative line-of-sight displacement than matched nonextreme pixels in both viewing
geometries. These map-referenced populations provide a transparent basis for screening and follow-up monitoring while
supporting association-based interpretation rather than pixel-level attribution to thaw, thermokarst, or any single process.
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Significance Statement

The Qinghai-Tibet Engineering Corridor crosses warming permafrost (PF), where rare, strongly negative deformation signals mat-
ter more for infrastructure screening than regional averages. We show that InSAR-estimated deformation-rate extremes are spa-
tially organized: 68-71% of nonpermafrost extremes cluster near the mapped PF boundary, while PF rate extremes cluster near
lakes and thaw slumps. Neighborhood differences in environmental variables improve prediction of extremes at withheld pixels
only within PF in the primary models, and recurrence among quality-retained pixels peaks at 59-62% near the mapped boundary.
This organization provides a transparent, map-referenced basis for prioritizing screening and follow-up monitoring while separ-
ating observed deformation from unverified process attribution.

Intr i n and railways (3, 4), and alter drainage and ecosystems (5). The
t OdUCt o Qinghai-Tibet Engineering Corridor (QTEC) crosses warm, de-
Permafrost (PF) warming can lower ground surfaces and desta- grading plateau PF (6) in a deformation setting shaped by con-

bilize terrain (1, 2), weaken load-bearing conditions for roads struction and other disturbance (7, 8), documented active-layer
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Figure 1 Study setting and observation geometry. PF/NPF, permafrost/nonpermafrost; QTEC, Qinghai-Tibet Engineering Corridor; DEM, digital elevation model.
A) Plateau context with mapped PF/NPF, glaciers of at least 1 km?, lake and slump inventories, Sentinel-1 frames, the railway, and corridor pixels; relief is an
author-generated Copernicus DEM GLO-30 hillshade. B) The 5-km railway buffer and locator boxes for C-E. C-E) Georeferenced static-map windows from Esri
World Imagery (Wayback release 2022-11-02); the underlying Maxar imagery was acquired 2020-06-24 (C, E) and 2020-10-10 (D), giving spatial context rather
than time-matched validation. The three imagery panels use only whole-image display adjustments. Sources for C-E: Esri, Vantor/Maxar, Earthstar Geographics,
and the GIS User Community; high-resolution imagery © Maxar. Map image is the intellectual property of Esri and is used herein under license. Copyright © 2026
Esri and its licensors. All rights reserved. The imagery is excluded from the data archive and from the article and archive Creative Commons licenses.

warming (9), engineered embankments (10), and abundant
thermokarst lakes and thaw slumps (11, 12) (Fig. 1). Few trans-
port corridors combine this density of lifeline infrastructure
with mapped PF transitions and inventoried thermokarst land-
forms, making QTEC a diagnostic setting for linking regional de-
formation to mapped terrain context. Regional means describe
broad motion but can obscure rare pixels where the estimated
up-component rate is most negative or changes abruptly be-
tween neighboring pixels—signals potentially relevant to local-
ized terrain instability and infrastructure screening. Corridor
INSAR studies establish the value of regional monitoring (13),
and related work addresses seasonal deformation and active-
layer behavior over a broader interval (14), but PF InSAR remains
sensitive to viewing geometry, environmental heterogeneity,
temporal sampling, and reference choice (15, 16, 17). What re-
mains open is whether the extreme tails form map-referenced
spatial populations that persist across mapping and support
choices, or scattered anomalies interpretable only case by case.

We use two complementary observations. The InSAR-
estimated up-component rate, d,, represents multiyear upward
or downward motion under the zero-north-motion approximation
used in the two-component east/up decomposition; negative val-
ues denote downward motion. Its spatial-gradient magnitude,
|Vd,|, measures how rapidly that rate changes between neighbor-
ing pixels in mm year™' km™. The gradient is a spatial unevenness
diagnostic, not a temporal derivative or mechanical strain. Both
signals may reflect thaw-related settlement, slope-parallel or lat-
eral motion, infrastructure-related movement (18), and residual at-
mospheric, processing, or geometric effects. An extreme value
therefore identifies an unusual observation, not a process by itself.

The two measures are termed targets below (Methods, InSAR de-
formation products and spatial context section).

Spatial context helps distinguish how the same rate should be
interpreted near a mapped PF-NPF transition, beside a thermo-
karst landform, or in remaining PF-interior terrain. A corridor-wide
cutoff would largely recover the broad PF-NPF contrast, so we de-
fine extremes relative to each mapped domain, meaning the PF or
NPF area. The Zou product provides the primary stratification and
distance datum (19), and the Cao product, representing conditions
around 2010, provides an alternative historical boundary refer-
ence for sensitivity testing (20). Mapped lakes and slumps are con-
textual inventories, not complete activity records: regional
observations document active slumps and rapid lake change
(21, 22), diverse landform characteristics and trajectories (23,
24), and unavoidable inventory and susceptibility uncertainty
(25, 26, 27). The regional design prioritizes spatial replication
over detailed site histories: it can assess first-order organization
across the corridor, whereas the 5-km railway buffer provides in-
frastructure context rather than defining the set of analyzed pixels.

Our design proceeds from observation through spatial parti-
tion and held-out model response to temporal recurrence.
Boundary and inventory distances, withheld from every model,
sort the extremes into mutually exclusive map-referenced groups
(the spatial partition), each a population of pixels sharing the
same geographic context. Models then test whether environmen-
tal variables at each pixel (raw variables) or their neighborhood
differences (local contrasts) improve prediction at pixels with-
held for evaluation, and total-domain and group-stratified accu-
mulated local effects (ALE) summaries describe how those model
responses differ among the populations, not causal effects (28).
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Figure 2 InSAR-estimated deformation and tail definitions. PF/NPF, permafrost/nonpermafrost; InSAR, interferometric synthetic aperture radar; d,, estimated
up-component rate; | Vd,|, spatial-gradient magnitude. A, B) Signed approximately 2015-2021 up-component deformation rate and spatial-gradient magnitude,
each with the mapped PF-NPF boundary and the railway. Color scales saturate at —20 and +20 mm year™* for d,, and at 0 and 40 mm year * km™ for the
gradient. For page-scale legibility, the maps render every third native cell with a display-only gamma transformation (y=0.60) applied to the gradient and an
~2.5-km generalized contact line; analyses use native values and original classes. C) Mean profiles within the 1-km railway buffer plotted against distance from
Lhasa; d, and |Vd,| use independent scales, with corridor waypoints marked. D) Domain-specific tail-sample pixels: saturated markers show NPF and PF lower
tail d, extremes, and muted markers show upper-tail gradient extremes, with the railway for georeference. E) Full signed raster and domain-balanced
negative-d, distributions with thresholds. F) Domain gradient exceedance and thresholds. G) Median and interquartile gradient magnitude in fixed |d,| bins with
per-domain Spearman p. Extreme samples and domain curves use the domain-balanced analysis sample. Gradient curves use 82,400 PF and 83,944 NPF pixels

with finite native-grid gradients.

Finally, nonoverlapping time windows (2015-2018 and 2019-2021)
assess which populations contain recurrent rather than window-
specific extremes. Spatial blocking keeps contiguous geographic
blocks of pixels together during model fitting or evaluation and re-
duces overstatement of independence in spatially correlated data
(29, 30, 31). We ask four linked questions: how the PF and NPF tails
differ; how boundary, lake, and slump distances organize them;
whether local contrasts add skill beyond raw variables and how
responses vary among the resulting geographic contexts; and
which populations recur across time windows. Answering them
turns scattered extreme values into map-referenced populations
whose organization and recurrence can be tested across mapping
and support choices, rather than asserted case by case.

Results

InSAR-estimated deformation differs
between mapped domains

The full signed up-component field (rate map) during 2015-2021
contains both downward and upward motion; 68.5% of valid ras-
ter pixels are negative (Fig. 2A, E; Methods, Domain separation

and extreme definitions section). We restricted the domain-
balanced analysis sample to pixels with negative d, so that
both targets are evaluated within the negative- d, subset.
Within this sample, mapped PF has a more negative median d,
than mapped NPF (~—5 vs. —2 mm year™ ') and a larger median
gradient magnitude (~9 vs. 3 mm year™* km™%; Fig. 2).

Domain-specific 5% tails give lower tail d, thresholds near
—17 mm year™* in PF and —8 mm year™* in NPF, and upper-tail
gradient thresholds near 31 and 17 mm year * km™". We use
these as analysis labels, not universal hazard thresholds;
whether a pixel belongs to a tail is determined using unrounded
values. Downward motion and gradient magnitude are positively
but imperfectly related (Spearman p=0.32 in PF, 0.37 in NPF),
supporting complementary rather than interchangeable treat-
ment (Fig. 2G).

Distance profiles define a complete
map-referenced partition of eligible pixels

To test whether extremes concentrate near the mapped bound-
ary, we fitted binomial hinge profiles on an ~0.95-km systematic
sample of the valid deformation footprint, applying the primary
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Operational distances summarize spatial profiles; groups are mapped contexts,
not causal process classes.

Figure 3 Distance profiles and the fixed 10-group spatial partition. PF/NPF, permafrost/nonpermafrost; T/I, NPF transition/interior; M/I, PF margin/interior; L, S,
LS, and N, lake-only, slump-only, both, and neither; d,;, up-component rate; A-D) Extreme-prevalence profiles for rate and gradient extremes on the systematic
grid for the NPF boundary, PF boundary, and lake and thaw-slump distances in mapped PF; solid vertical lines show breakpoints meeting the prespecified
criteria, and dashed vertical lines show operational fallbacks. E) Complete fixed d,-derived partition of eligible pixels into two NPF boundary strata and eight PF
margin/interior x lake/slump contexts. F) Prevalence of rate and gradient extremes within the geographic groups in (E). G) Each prevalence divided by the
prevalence across all sampled PF or NPF pixels with valid data for that measure. In (F) and (G), circles and squares indicate rate and gradient extremes,
respectively. Both panels use the distance boundaries selected for d,;; Table S12 reports groups defined separately for rate and gradient extremes. Lake-water
pixels and uncovered pixels are not eligible for assignment; thresholds and group labels are operational map summaries, not physical influence radii or process

classes.

model-sample domain-tail thresholds rather than recalculating
quantiles on the systematic sample (Fig. 3; Methods, Distance
profiles and the 10-group partition section). Prevalence is the
fraction of sampled pixels classified as extreme. The NPF break-
points met every prespecified support criterion at 4.75 km for d,
and 5.75 km for the gradient. These transition segments (the
near-boundary NPF groups) contain 68.0 and 71.3% of the corre-
sponding NPF extremes; their extreme prevalence is 6.56 and
5.06 times that farther into NPF within the 0-20-km profiles.
The PF-side breakpoints did not meet the uncertainty criterion,

so the partition uses explicitly labeled 3.25- and 1.75-km oper-
ational margin widths; PF pixels beyond them form the interior
groups. Under those widths, PF d, extremes are less prevalent
in the margin than the interior (2.08% vs. 4.47%), and the gradi-
ent contrast is smaller (3.46% vs. 4.19%).

Within PF, under the geographic groups defined separately for
rates and gradients, the d,, lake profile met the prespecified sup-
port criteria at 4.25 km, whereas the slump profile and both
gradient-inventory profiles use the predefined 2-km fallback be-
cause their breakpoint intervals are too wide. The primary
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inventory distance is measured to polygon area: deformation-
valid pixels inside mapped lake water are excluded, while slump
interiors remain at distance zero. For each target, the hierarchy
assigns every eligible covered pixel to 1 of 10 groups. For d,,, ex-
treme prevalence is 1.47% away from both inventories, 5.36% in
lake-only context, 3.47% in slump-only context, and 9.55% in
dual context. Thus lake-only, slump-only, and dual-context prev-
alences are 3.6, 2.4, and 6.5 times the inventory-distal value. The
corresponding gradient ratios are 1.6, 1.8, and 1.9. Figure 3E-G
instead uses the same rate-derived geographic groups for both
measures, whereas Table S12 reports the target-specific values
quoted here. Because thermokarst landforms are themselves
abundant here, we also use a common 2-km radius to test these
contrasts against the expectation set by that abundance.
Relative to all systematically sampled PF pixels, rate-extreme
prevalence within 2 km is enriched 1.86-fold near lakes (95%
interval 1.65-2.12) and 2.22-fold near slumps (1.65-2.99), with
weaker gradient enrichments of 1.31 and 1.55 (Fig. S10). A
1,999-replicate bootstrap of complete 50-km blocks does not re-
solve a lake xslump interaction for either target, so the dual
group is not evidence of synergy.

Target-specific and fixed d,, partitions, true polygon-edge sensi-
tivity, 1-, 2-, 5-, and 10-km operational radii, object counts, and
sparse groups are reported in Fig. S10 and Tables S10 and S12.
Sparse groups are retained and identified rather than merged.
The maps therefore describe spatial contexts rather than process
classes. Site imagery illustrates transition, lake- and slump-
proximal, and remaining PF-interior settings without assigning a
cause (Fig. S5; Table S5).

Gas-field anchors for Tainan, Sebei No. 1, and Sebei No. 2, digi-
tized independently of the deformation data (+2 km), overlap nor-
thern NPF zones of strongly negative estimated up-component
rate. This overlap is consistent with documented extraction-related
deformation (32) but is insufficient to attribute the complete signal.
Excluding 5-km buffers leaves the NPF threshold near —8 mm year™*
and rate-extreme recurrence at 55.4% rather than 57.1%; the fixed
3.25-km model-sample Zou transition/interior prevalence ratio in-
creases from 5.359 to 6.155, and temperature variables remain top-
ranked in all 12 spatial evaluation schemes (combinations of block
size, grid origin, and random seed) (Fig. S15; Table S14).

Local contrasts add skill in PF, and model
responses vary among groups

To test whether neighborhood differences help identify extremes,
we compared raw variables, local contrasts, and both combined
(Fig. 4; Methods, Raw-state and local-contrast models section).
In mapped NPF, adding contrasts to raw variables produces mixed
held-out changes: the median difference across the 12 schemes in
average precision (AP, a score summarizing detection of extremes)
is —0.0003 for d, (positive in 5/12 schemes) and +0.0022 for the
gradient (8/12), below the prespecified incremental-skill criterion.
In mapped PF, the combined stack improves AP in all 12 schemes,
with median gains of 0.0142 for d, and 0.0119 for the gradient.
Group-stratified models therefore use raw variables in NPF and
the combined stack in PF. Separate component permutation indi-
cates that permuting some contrast components reduces held-
out AP, but correlated components can exchange importance
and do not override the ablation result.

The prespecified ALE diagnostics summarize how predicted
extreme probability varies with each environmental variable
across geographic groups (Fig. 4; Methods, Group-stratified ALE
section). Predicted extreme probability decreases as mean an-
nual ground temperature (MAGT) increases in every supported
NPF model. For d,, the normalized effect strength is 0.221 in
the transition and 0.123 in the NPF interior, while the ALE differ-
ence between the 90th and 10th percentiles of ground tempera-
ture is —0.091 and —0.009 on the raw prediction scale. Within PF,
responses to the topographic wetness index (TWI) and normal-
ized difference vegetation index (NDVI) meet the stability criteria
for every supported d, population, but the TWI response changes
direction by spatial context: predicted probability decreases with
TWI in lake-only groups and increases in several inventory-distal
or dual-context groups. Predicted probability increases with
NDVI across the supported d, groups, and the NDVI response is
directionally stable for all supported gradient populations,
whereas the gradient response to TWI is unresolved for total
PF and PF-interior dual context. Slump-only and PF-margin dual-
context populations remain in the summaries but have insuffi-
cient support for independent ALE inference.

Recurrence differs among the fixed spatial
populations

To test whether extreme motion recurs at the same pixels, tem-
poral reconstruction used 12,107 acquisition records from 72 im-
age frames; 112 of 196 evaluated pairs met the predefined quality
criteria (Methods, Within-record temporal recurrence section).
Reconstructed full-window d,, agrees with the published deform-
ation field (Spearman p=0.95; centered mean absolute error
(MAE) near 1 mm year™?), and the rederived gradient agrees at
p~0.85 with centered MAE near 3 mm year * km™ (Fig. S11;
Table S13). Among pixels retained after the primary temporal
quality screening, 49.8% of full-window d,, extremes and 48.1%
of gradient extremes recur in both 2015-2018 and 2019-2021
(95% intervals from 500 bootstrap replicates of 50-km blocks,
45.1-54.3% and 46.2-50.3%, respectively). Recurrence is lower
in mapped PF (34.2 and 40.9%) than in mapped NPF (57.1
and 56.8%).

Applying the full-window rate-derived groups unchanged
across time windows shows that recurrence in the NPF transition
is 58.7% for d, extremes and 61.5% for gradient extremes, com-
pared with 55.1 and 51.1% in the NPF interior. Transition recur-
rence has a higher point estimate than interior recurrence for
both targets under all five quality-screening schemes. Among sup-
ported PF groups, recurrence spans 31.5-41.9% for d, and 38.3-
47.3% for the gradient; intervals overlap, and the PF-margin
slump-only and dual-context groups do not meet the requirement
of eight extreme-containing blocks. Window-specific composition
also differs: 51.4% of PF-interior dual-context d, extremes are
late-only, whereas 44.3% of inventory-distal PF-interior extremes
are early-only (Fig. 5).

Recurrence estimates are sensitive to the choice of pixels re-
tained after quality screening: the largest difference between
the primary and unmasked supports is 0.065, above the prespeci-
fied 0.05 criterion, and overall recurrence crosses 50% across the
five quality-screening schemes. Nevertheless, the NPF-over-PF dir-
ection holds in all 10 target-scheme comparisons. The temporal
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M/I, PF margin/interior; L/S/LS/N, lake-only/slump-only/both/neither; ALE, accumulated local effects; RMS, root mean square; SD, standard deviation; Thermal,
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causal effects.

crosswalk retains only 19-30% of original extreme pixels after pri-
mary quality control, so inference is conditional on retained
support.

Paired displacement histories (displacement through time) com-
pare extreme pixels with matched nonextreme controls from the
same geographic group, 50-km block, and radar-frame pair
(SI Methods S7b). Across the six supported mutually exclusive
groups and four supported overlapping aggregate populations,
d, -selected pixels developed increasingly negative line-of-sight
displacement relative to matched same-group controls in both
viewing geometries. Trends in modeled displacement on 25 May
each year (annual anchors) range from —10.7 to —5.7 mm year*
in ascending data and from —9.0 to —4.3 mm yr* in descending
data. All 120 population-by-geometry annual increments are nega-
tive with intervals excluding zero, and the largest step occurs be-
tween 2018 and 2019 in 19 of 20 population histories (one per

population-geometry combination). Gradient-selected pixels, by
contrast, show no systematic cross-geometry evolution in central-
pixel line-of-sight displacement minus the median of its eight im-
mediate neighbors (Fig. 5). Because selection and evaluation share
the 2015-2021 record, the paired histories are descriptive popula-
tion contrasts, not independent temporal validation.

Discussion

Boundary and inventory distances stratify
distinct spatial populations

The supported NPF profiles, comparison with the alternative Cao
map, and coordinate-shift sensitivity indicate a broad transition
association that is not tied to one exact interface. They do not
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locate a contemporary thaw front: the maps predate the
deformation interval and have kilometer-scale support, and the
observed association may combine marginal PF, map disagree-
ment, topography, hydrology, engineering disturbance, and
viewing geometry. The fitted distances are therefore operational
map summaries.

PF behavior differs, and this contrast is itself a result: boundary
distance stratifies the NPF tail, whereas inventory context strati-
fies the PF tail. The PF-side breakpoint is imprecise, and the

operational margin has lower rather than higher d,-extreme
prevalence. Most PF rate extremes instead occupy lake or dual-
inventory contexts, while an inventory-distal population re-
mains. Because thermokarst landforms are abundant across
this terrain, proximity alone would be expected; enrichment rela-
tive to all systematically sampled PF pixels indicates that the as-
sociation is not solely a consequence of landform density.

This spatial pattern is compatible with lake thermal and talik
effects (33, 34, 35), ground-ice and hydrological pathways
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(36, 37, 38), lake-cluster and landscape controls (39, 40), and
broader abrupt-thaw settings (41). Temperature-conditioned
precipitation-slump relations at Beiluhe further illustrate hydro-
climatic nonlinearity (42). Compatibility is not attribution: inven-
tories are incomplete, boundaries evolve, and mapping can
contain false positives (43, 44, 45). Hydrothermal-deformation
relations can also differ in nearby nonpermafrost (NPF) land-
slides (46). The unresolved lakexslump interaction argues
against treating the 10 groups as causal process classes.

Not all extremes need be periglacial in origin. Within mapped
NPF, the Tainan and Sebei gas-field anchors overlap part of
the northern extreme population. Excluding their neighbor-
hoods leaves the NPF threshold and recurrence direction intact
and increases the fixed 3.25-km model-sample Zou transition/
interior prevalence ratio. Thus, the tested mapped-NPF d,
threshold, boundary control, variable-group-ranking, and re-
currence summaries do not depend on retaining those neigh-
borhoods, but the analysis does not quantify any extraction
contribution.

Environmental heterogeneity is
domain- and context-dependent

Model responses cannot be summarized by one corridor-wide
relation. Raw temperature variables carry the dominant NPF
information, while local contrasts do not meet the prespecified
incremental-skill criterion beyond it; in PF, adding contrasts
yields modest but consistent held-out AP gains for both targets,
notably in terrain, soil, wetness, and vegetation variable groups.
Group-stratified summaries show where these relations differ:
the d, response to mean annual ground temperature concentrates
near the mapped NPF transition, and the topographic wetness
response changes direction between lake-only and several
inventory-distal or dual-context PF groups. These model responses
complement thermokarst susceptibility work (47) and interpret-
able deformation screening (48), while seasonal and active-layer
studies address complementary targets or inversions (49, 50).
They are held-out spatial associations, not evidence of physical
causation.

Recurrence adds a population-level
monitoring dimension

Among pixels retained after temporal quality control, approximate-
ly half of full-window extremes recur in both subwindows, and the
point estimate of recurrence in the NPF transition exceeds that in
the NPF interior under every support scheme. PF groups contain
more window-specific signals without a stable ranking; sparse
slump-related margin groups cannot support uncertainty esti-
mates. The paired histories sharpen this contrast: across all sup-
ported mutually exclusive groups and overlapping aggregate
populations, d,-selected pixels accumulate separation from
matched controls across all six annual intervals, whereas gradient-
selected pixels show no systematic cross-geometry evolution in lo-
cal differential line-of-sight displacement. The two tails therefore
warrant different temporal interpretations. A 7-year tail can still re-
flect recurrent motion, a window-specific episode, changing obser-
vation support, model choice, or residual reconstruction error (51);

the cross-tab remains descriptive because the same observations
define the full and subwindow tails.

Implications for monitoring

The workflow is potentially transferable to other regional InSAR
settings: define unusual motion relative to its mapped-domain
background, retain raw-state or local-contrast predictors only
where spatial holdouts support incremental discrimination, as-
sign boundary and inventory contexts using explicit fallback
rules, and distinguish recurrent from window-specific popula-
tions. Along QTEC, the concentration of 68-71% of NPF ex-
tremes near the mapped transition and transition recurrence
of 59-62% among retained pixels support prioritizing this
zone for repeated screening. Within PF, lake, slump, dual-
inventory, and inventory-distal groups require separate inter-
pretation: supported-group recurrence spans 31.5-41.9% for
dy and 38.3-47.3% for the gradient, and paired d,-selected his-
tories have annual-anchor trend magnitudes of ~7-11 mm
year™* relative to matched controls. Groups with insufficient
support indicate the need for additional observations rather
than post hoc merging.

Limitations

No field survey, leveling record, GNSS measurement, or bore-
hole series independently validates the tails; the 120-136-m
products cannot resolve meter-scale discontinuities; and
2015-2021 may not represent longer-term behavior. North-
south motion is unresolved under the two-component decom-
position, spatial gradients amplify gaps and residual noise,
maps and inventories are static and incomplete, and adjacent
training and test blocks can meet at their edges. Breakpoint
fallbacks, sparse ALE groups, and recurrence masks are re-
ported explicitly; temporal inference is conditional on 42.6%
of unmasked d, and 40.2% of gradient support, and the paired
histories compare extreme and matched-control pixels se-
lected from the same 2015-2021 record used for evaluation.
Sebei anchors lack contemporaneous production or pressure
data, and all permutation, ALE, distance, interaction, recur-
rence, and paired-history results are observational. These
limits preclude pixel-level attribution to thaw, thermokarst,
slope motion, infrastructure, hydrology, extraction, or any sin-
gle process.

Deramping does not establish a common reference between
frames. Constant offsets cancel in within-frame line-of-sight gra-
dients, but changes in frame contribution and viewing geometry
can introduce artificial gradients at joins. Conditional reference
and processing tests retain the broad geographic associations
and consistent PF model improvement, while some rate-
response directions and the NPF transition-interior recurrence
difference are sensitive or unresolved. These tests do not estab-
lish absolute uncertainty or a common reference for the original
rate product (SI Methods S1 and S9; Figs. S16 and S17; Tables
S17-520).

Within these constraints, the observed spatial organization
and within-record recurrence can guide prioritization of follow-
up observations, but not assignment of process, hazard, or infra-
structure risk to individual pixels.
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Materials and methods

InSAR deformation products and spatial
context

The temporal archive contains 72 Sentinel-1 frames processed
with ISCE2 and MintPy; temporal rates were refitted over 2015~
2021 (52, 53, 54, 55) (SI Methods S1). The spatial rate product dur-
ing 2015-2021 instead uses 12 ascending and seven descending
line-of-sight rasters; their fitting/export linkage to the temporal
archive remains unverified. We combined these rates in a two-
component east/up decomposition that assumes zero north-
south motion (56). We analyze the estimated up component,
dy, for which negative values denote downward motion.
Because north-south motion remains unresolved, d, should
not be interpreted as a unique 3D vertical solution.
Spatial-gradient magnitude was calculated by finite differences
on the recovered native 135.648-m d, grid without prior smooth-
ing, before mappingto 136 m. This corrects the previous differen-
tiation after coordinate snapping. Reference and processing
sensitivities are reported in SI Methods S1 and S9, Figs. S16
and S17, and Tables S17-S20. A related preprint reports broader
2014-2022 processing and seasonal and active-layer analyses
(14); the present study uses the authors’ archived rate products
and does not use that preprint’s seasonal-amplitude or
active-layer-thickness outputs. Contextual layers include the rail-
way, two PF/NPF products, separate lake and slump inventories,
and environmental variables (Figs. 1, S1, and S2; Table S1; SI
Methods S2). VWC35 is modeled volumetric ground-ice content
averaged over 3-5 m (36). It is excluded because uncertainty in
amount and depth limits its representation of ice involved in lo-
cal thaw. Its inclusion preserves the PF benefit from local con-
trasts; this does not imply that ground ice is physically
unimportant (SI Methods S2 and S6; Table S16).

Domain separation and extreme
definitions

The primary model sample, stratified by the Zou map, contains
90,000 mapped PF and 90,000 mapped NPF pixels with d, <0.
Extremes are the within-domain 5% lower tail of d, and 5% upper
tail of the gradient (Fig. 2; Table S3); 1 and 10% tails bracket this
choice. These labels identify distribution tails rather than events
or mechanisms. Displayed values are rounded, while calculations
use unrounded values. Finite native-grid gradients are available
for 82,400 PF and 83,944 NPF pixels; missing gradients are
excluded. Tail sensitivities are in Fig. S7, Table S9, and SI
Methods S3.

Distance profiles and the 10-group
partition

The distance analysis uses a fixed pixel-center sample every
seventh 136-m source pixel (~0.952-km spacing) from the valid
deformation footprint, including both upward and downward
rates. Each sampled pixel represents equal area. The primary
analysis applies the model-sample tail thresholds; thresholds

recomputed on the systematic grid provide a sensitivity test.
Signed boundary distance is retained for plotting; mapped class
and unsigned distance assign groups. Lake and slump distances
are measured to polygon area—lake-water pixels are excluded
and slump interiors are assigned distance zero—with true
polygon-edge distances used in sensitivity analyses.

For each target, constant, linear, and binomial hinge models
with one change in slope are compared by the Bayesian informa-
tion criterion (BIC) in 0.5-km bins; a breakpoint is retained only
when it meets the prespecified ABIC, interval-width, count, block,
and fold-direction criteria (equations and criteria in SI Methods
S4). Lake or slump fits that do not meet these criteria use the pre-
defined 2-km radius; PF-side boundary fits that do not meet them
use the predefined target-specific operational widths of 3.25 km
for d, and 1.75 km for the gradient. Target-specific partitions
and a fixed d, partition assign NPF transition/interior and eight
PF margin/interior x lake/slump contexts. Each eligible covered
pixel receives exactly one label; uncovered or excluded pixels re-
main unassigned. Group area, prevalence, extreme share, object
counts, membership sensitivity, and a block-bootstrap lake x
slump interaction are reported in Figs. 3, S8, and S10, Tables S7,
S10, and S12, and SI Methods S5.

The Cao map, Zou coordinate shifts from —3 to +3 km, and exclu-
sion of 5-km buffers around Sebei anchors placed independently of
the deformation field provide complementary sensitivity analyses.
The Sebei test asks whether the mapped-NPF d, threshold, fixed
boundary control, variable-group-ranking, and recurrence sum-
maries depend on the three gas-field-aligned neighborhoods, not
how much extraction contributes (Fig. S15; Table S14). The earlier
model-sample boundary comparisons use separate cutoffs (Fig. S4;
Table S6; SI Methods S8).

Raw-state and local-contrast models

We fitted ExtraTrees classifiers (400 trees; balanced-subsample
class weights; minimum leaf size 2) separately by domain and
target (57). Missing values are replaced by each variable’s median
among training pixels. The 14 raw variables and 18 local con-
trasts form five groups: temperature, precipitation and wetness,
vegetation and productivity, soil properties, and terrain and radi-
ation (Table S2). Nine variables each supply a local SD and a gra-
dient: ground temperature, wetness index, vegetation index, four
soil properties, elevation, and slope. They were selected before
model fitting to represent these environmental conditions. SD
uses centered 5x5 neighborhoods (680 m); gradients are finite
differences of neighborhood means, using source support up to
952 m, rather than fitted planes. SI Methods S6 specifies units
and gap treatment. Boundary and inventory distances were
excluded.

For the model comparison, raw-only, contrast-only, and com-
bined models use identical training and held-out blocks under 12
schemes: 50-, 100-, and 150-km blocks, two grid origins, and two
random seeds spanning data splitting, model fitting, and permuta-
tion. We report held-out AP, area under the receiver-operating-
characteristic curve (AUROC), top-decile lift, Brier score, and
10-bin calibration error. Incremental contrast skill is classified as
consistent when combined-minus-raw AP is positive in at least 9/
12 schemes with a median gain >0.005; symmetric rules define deg-
radation, negligible, or mixed results. Raw and contrast members
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of each variable group are also permuted separately on held-out
rows. Component importance is complementary because corre-
lated predictors can exchange information (Figs. 4 and S9;
Table S11). Each scheme withholds whole geographic blocks;
schemes reuse pixels and are not independent replicates (Sl
Methods S6). Archived model-score maps are distinguished from
updated diagnostics in Fig. S3 and Table S4.

Group-stratified ALE

Group-stratified models use the combined variables only where
the preceding comparison supports incremental contrast skill;
otherwise they use raw variables. Variables were specified before
fitting: MAGT for NPF and the TWI and NDVI for PF. Total-domain
and supported-group models use the same 12 schemes. A popu-
lation requires at least 500 pixels, 30 extremes, and eight 50-km
blocks; each split must also contain at least ten extremes in both
training and testing. Populations that do not meet these require-
ments are reported as having insufficient support.

First-order ALE is evaluated on held-out rows (58). Effect
strength is the root mean square of centered ALE values, with
each input bin weighted by its share of evaluated pixels; direction
is ALE(Qgo)—ALE(Q10). We retain the raw probability scale and
normalize strength by the standard deviation of scores for eval-
uated pixels. A response is considered stable only when at least
9/12 schemes share a direction, with held-out AUROC >0.55 and
AP lift >1.1. These are held-out model-response diagnostics, not
causal effects (Figs. 4 and S6; Table S8; SI Methods S6).

Within-record temporal recurrence

Full (2015-2021), early (2015-2018), and late (2019-2021) rates
were fitted from the same acquisitions in 72 image frames; geom-
etry pairs meeting the predefined pixel-count, correlation, error,
and slope criteria were decomposed to east/up, with each over-
lap pixel assigned the median of its available pair estimates (Sl
Methods S7). The primary support excludes a 2-km buffer around
pair-count transitions and the top 5% of multipair disagreement.
Recurrence is the fraction of fulllwindow domain-specific ex-
tremes that are also extreme in both subwindows. Recurrence
is evaluated across five support schemes; a paired equivalence
test compares the primary 2-km and 1-km masks.

For the cross-tab, the fixed full-window d, group raster is ap-
plied unchanged across all support schemes and both targets.
Domain-specific 5% tail thresholds are estimated separately for
each window on common support, and full-window extremes
are classed as recurrent, early-only, late-only, or neither. Overall
intervals use 500 complete-block resamples; group intervals use
1,999 complete 50-km-block resamples and are displayed only
with at least 30 extremes and 8 extreme-containing blocks. The ex-
act crosswalk between Fig. 2 pixels and temporal support is re-
ported in Table S13 and SI Methods S7a.

From the fixed census of 388,637 extreme pixels, we determinis-
tically sampled up to eight extremes per target, group, and 50-km
block. The sample contains 4,940 unique pixels representing 4,968
selections across the two targets; each selection was paired with
a nonextreme control from the same group, block, and radar-frame
pair, within specified tolerances for terrain, railway distance, and

observation counts. Native frame-level line-of-sight histories were
extracted from the checksummed archive; fused products served
only as quality assurance. The primary trend is the median pairwise
slope among modeled displacement estimates on 25 May each year
of the extreme-minus-control contrast, with equal radar-frame-pair
weight within blocks, equal block weight within groups, 1,999 com-
plete 50-km-block-bootstrap replicates, and predefined support
and balance criteria. The gradient-selected response is the local dif-
ferential line-of-sight history, not a planar-gradient time series;
east/up anchors under the zero-north-motion approximation re-
main Sl-only (SI Methods S7b; Figs. S12-S14; Table S15).
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