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Abstract
Remote-sensing studies often treat buffers around nearby settlements as separate observations even
when they reuse many of the same raster cells. This shared spatial support can create pseudo-
replication that is distinct from ordinary geographic autocorrelation. We evaluated this problem for five
2000–2022 landscape-change metrics around 210 historically documented rural settlements in China’s
Yellow River Delta. Among 21,945 pairs of 3-km buffers, 2,036 overlapped, and outcome-independent 4-
km thinning reduced the cohort to 43–50 sites. We combined overlap auditing with 15-km blocked
spatial cross-validation, coordinate-only baselines, mathematical-coupling tests, residual Moran’s I, and
low-overlap thinning. Fragmentation was the only metric with positive out-of-fold R² across both
predictor branches and both tree algorithms (best R² = 0.388; Spearman ρ = 0.761), while a quadratic
coordinate model alone achieved R² = 0.340. Fragmentation remained positive across all six thinning
orders, but every full-cohort model retained significant residual spatial autocorrelation. Built-up change,
cropland loss, spectral stress, and the composite stress metric were weak, negative, or coupling-
sensitive. Shared raster support therefore changes how settlement-centered monitoring should be
interpreted: nominal place counts can overstate spatial replication, and predictive screening requires
evidence beyond direct descriptive change.

Introduction
Remote sensing and geographic information systems are widely used to document land-use and
landscape change over large areas, increasingly in combination with machine learning [1, 2]. The
resulting maps and landscape metrics are useful for monitoring, but their interpretation depends on
scale, spatial resolution, metric redundancy, and the way observation units are defined. These issues
have been discussed for more than two decades in the landscape-metrics literature [3–6]. A metric can
therefore be meaningful as a description of observed change without necessarily supporting prediction
beyond the locations from which it was calculated.

A separate literature has shown that model performance can be overstated when spatially structured
observations are split at random rather than separated geographically [7–10]. Place-centered monitoring
adds another complication. Buffers around nearby villages or other fixed locations may reuse the same
raster cells, so nominal sample size is larger than the number of effectively distinct spatial supports.
Baseline variables can also enter change metrics mathematically, and both predictors and responses
may follow coast–inland or urban–rural gradients. In such settings, a model may predict nearby places
well while adding little information beyond location itself.

The Yellow River Delta provides a useful setting in which to examine these issues because land-use
change, landscape fragmentation, and salinity-related spatial gradients have already been studied
extensively. Previous work has mapped long-term land-use change with machine learning [2], examined
the scale dependence and drivers of coastal fragmentation [11], and mapped salinity or saline-land
dynamics from field and remote-sensing data [12–15]. Those studies establish the regional
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environmental context. The question addressed here is narrower: when change is summarized around
clustered settlement locations, which conclusions survive controls for shared raster support, broad
geography, mathematical coupling, and spatially separated validation?

Accordingly, we treat shared spatial support as a separate reliability problem rather than as a synonym
for residual spatial autocorrelation. When neighboring settlement buffers reuse the same raster cells,
nominally distinct places can contain partially duplicated environmental information before any model is
fitted. Spatial blocking can reduce optimistic interpolation across nearby locations, but it does not by
itself quantify how much observational support is shared. We therefore combine an overlap audit and
outcome-independent low-overlap thinning with blocked cross-validation, coordinate-only baselines,
mathematical-coupling checks, and residual spatial diagnostics. These checks are used to distinguish
direct description at observed settlements, diagnostic use when construction or dependence is
problematic, and conditional comparative screening when spatial transfer remains positive.

We apply this framework to five 2000–2022 landscape-change metrics around 210 historically
documented rural settlements in the YRD. We first quantify pairwise overlap among the 3-km settlement
buffers and then evaluate the five metrics using locked spatial folds and environmental-versus-
coordinate baselines. For the metric that retains blocked skill, we test whether the signal persists after
six outcome-independent 4-km thinnings that sharply reduce shared raster support, together with
regional consistency, coupling, block-size, MGWR, permutation-importance, and residual-autocorrelation
checks. The study therefore asks not whether spatial cross-validation can improve model assessment in
general, but how duplicated raster support changes the evidential status of settlement-centered
monitoring results.

Materials and methods

Study area
The study area is the Yellow River Delta of northern Shandong Province, China, along the Bohai Sea and
Laizhou Bay. The broader delta is low-relief, coastally influenced, and affected by shallow saline
groundwater and strong fluvial–marine interactions [12, 16–18]. The reconstructed cohort spans
118.194–118.892° E and 37.494–37.984° N. WorldClim 1970–2000 annual precipitation was used as
the baseline climate covariate [19].

Repeated river-channel shifts, coastal accretion, reclamation, oil-field development, aquaculture,
urbanization, and ecological restoration have produced a heterogeneous cropland–built land–wetland–
water mosaic. The analysis focuses on the historical settlement corridor rather than the full modern
administrative extent of Dongying.

The reconstructed settlement cohort and study extent are shown in Fig. 1.

Page 3/24



Historical settlement reconstruction and cohort definition
Settlement reconstruction preceded all landscape analysis. The staged source universe contained 1,416
documentary/source-era records: 422 for Zhanhua, 490 for Lijin, 214 for Dongying District, 178 for
Hekou, and 112 in a Kenli subregional source pool. Principal documentary anchors were the Zhanhua
Gazetteer of Geographical Names [20], Lijin County Gazetteer [21], Dongying District Gazetteer [22], and
Hekou District Gazetteer [23]. The Kenli pool is retained as a subregional source frame rather than
relabeled as a full-county gazetteer universe. “Historically documented” denotes independent
documentary provenance, not a uniform founding-date threshold.

Eligibility was based on pre-specified criteria: traceable documentary provenance, source-era rural-
settlement identity, a defensible physical point, and point-in-polygon study-area membership. Chronology
was descriptive rather than an eligibility requirement. The 249 coordinate-bearing settlements comprised
31 PRE1855, 135 POST1855, 82 chronology-HOLD, and one AMBIGUOUS-1855 record. Regional totals
were Zhanhua 17, Lijin 136, Dongying District 3, Hekou 8, and Kenli 85, reflecting source recovery and
spatial eligibility rather than proportional sampling. The earlier 714-settlement benchmark remained
external to cohort membership.

Regional accounting from staged documentary/source-era records to the final coordinate-bearing
cohorts is summarized in Table 1.

Table 1
Regional accounting from staged documentary/source-era records to the final coordinate-bearing

cohorts.
Region Staged source

records
MAIN Sensitivity Final coordinate-

bearing
MAIN / staged
source records (%)

Zhanhua (ZH) 422 2 15 17 0.47

Lijin (LJ) 490 121 15 136 24.69

Dongying
District (DY)

214 0 3 3 0.00

Hekou (HK) 178 7 1 8 3.93

Kenli source
lane (KL)

112 80 5 85 71.43

Total 1416 210 39 249 14.83

Remote-sensing and geospatial data used to construct indicators
Primary land-change outcomes were derived from remotely sensed land-cover and spectral products,
with ancillary environmental covariates obtained from open or documented geospatial sources.
GLC_FCS30D supplied 30-m land cover [24], and Landsat Collection 2 Level-2 surface reflectance
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supplied the 2000/2022 spectral composites [25]. JRC Global Surface Water provided water/coastal
context [26]. WorldClim 2, WorldPop, and Copernicus DEM provided climate, population, and terrain
baselines [19, 27, 28], while the China coastal aquaculture dataset supplied 1998 aquaculture context
[29]. The analysis therefore combines multi-temporal remote-sensing products with baseline
environmental context rather than treating any single sensor or index as a complete explanation of
landscape change.

Detailed geospatial data sources and their designated temporal roles are listed in Supplementary Table
S9 (Online Resource 1).

Only baseline, lagged, or static information was permitted in the primary predictor matrices.

Spatial support and stable-land mask
Each settlement point was buffered at 1, 3, and 5 km in projected space; 3 km was the pre-specified
primary scale and 1/5 km were sensitivities. Geometry QA verified point containment, buffer nesting, and
raster coverage. Endpoint land-cover outcomes used a stable-land mask retaining pixels classified as
land at both endpoints while excluding open water and permanent snow/ice. Newly accreted land was
mapped separately and never entered the stable-land denominator, preventing shoreline accretion from
mechanically altering inland change denominators.

Shared raster support was quantified for all 21,945 pairs of MAIN 3-km buffers using center distance,
intersection area, and overlap relative to mean buffer area. Low-overlap sensitivity used a deterministic
greedy 4-km thinning: candidates were retained only if at least 4.0 km from every previously retained
center. Six outcome-independent orderings were tested (ID, east/west, north/south, and fixed
pseudorandom seed 20260822), retaining 43–50 sites. For equal 3-km circles, 4-km separation limits
theoretical overlap to 21.91%. Additional 3- and 6-km checks are supplementary; inference emphasizes
consistency across all six 4-km orderings.

Landscape-change monitoring metrics
Five remotely sensed landscape-change metrics were retained regardless of predictive success. Y1
measures 2000–2022 impervious/built-up share change on stable land; Y2 measures proportional loss
of baseline cropland; Y3 summarizes fragmentation change from configuration metrics reduced before
modeling; Y4 summarizes vegetation/spectral-stress change; and HSLSI is a descriptive PCA synthesis.
These metrics were treated as complementary monitoring outputs rather than as co-equal predictive
indicators. Their recommended use was determined after the reliability checks described below.

For Y4, Landsat 5 TM (2000) and Landsat 8 OLI (2022) were restricted to WRS 121/034, 1 September–31
October, cloud cover ≤ 10%, masked with QA_PIXEL, scaled according to Collection 2 Level-2
specifications, and summarized by buffer. Because its two components later proved nearly rank-identical
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and SRSI contains NDVI, Y4 is treated as an exploratory indicator whose construction is explicitly tested
for coupling.

HSLSI was the PC1 synthesis of Y1–Y4 (75.10% of joint variance at 3 km). Because it inherits Y4
coupling and component dependence, it is evaluated as a composite indicator but is not granted a higher
evidential status simply because it integrates multiple components.

The five candidate metrics and their recommended monitoring roles are summarized in Table 2.

Table 2
Candidate landscape-change metrics and recommended monitoring roles after reliability assessment.
Indicator Meaning Frozen definition Analysis

n
Recommended
monitoring role

Y1 Impervious/built
change

2022 share − 2000 share
on stable land

210 Direct descriptive
reporting

Y2 Cropland loss rate 2000 cropland
converted to non-
cropland / 2000
cropland

210 Descriptive /
diagnostic only

Y3 Fragmentation
pressure

PC1 of ΔED and − ΔLPI 210 Conditional
comparative
screening

Y4 Vegetation/spectral-
salinity PC1

PC1 of NDVI
degradation and ΔSRSI

208 Exploratory
diagnostic only

HSLSI Composite landscape
stress

PC1 of Y1–Y4 208 Descriptive
composite only

Reliability checks and monitoring interpretation
The analysis used five established checks. Temporal independence was protected by excluding
response-period and outcome-derived predictors. Support dependence was quantified from
neighborhood overlap and, for the metric that retained blocked skill, from outcome-independent low-
overlap thinnings. Out-of-area performance was evaluated with blocked spatial cross-validation.
Environmental information was compared with coordinate-only and coordinate-plus-environment
baselines. Mathematical-coupling sensitivities, regional consistency, block-size sensitivity, thinning
robustness, and residual spatial dependence were then used to define the limits of interpretation.

The component analyses, predictor matrices, spatial folds, and sensitivity rules were fixed before
interpretation. None of these checks was used to select endpoints, predictors, or model settings after
seeing the results. We distinguish direct descriptive reporting at observed locations, diagnostic use
when metric construction or inference is sensitive, and conditional comparative screening when spatial
transfer is positive but important limits remain.
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The five reliability checks and the limitation addressed by each are summarized in Table 3.

Table 3
Reliability checks used in the analysis and the limitation addressed by each check.

Check Monitoring-
quality threat

Operational test Interpretive purpose

Temporal
independence

Temporal
leakage

Use only static, lagged, or baseline
predictors; lock folds before
change-metric linkage.

Protect chronology of
predictive monitoring
claims.

Support
dependence

Shared raster
support /
pseudo-
replication

Quantify overlap; use outcome-
independent low-overlap thinning
for the metric that retains transfer
skill.

Reveal effective spatial
replication and
sensitivity to shared
support.

Blocked spatial
transfer

Spatial
interpolation

Evaluate pooled and fold-level out-
of-area skill under grouped spatial
cross-validation.

Separate direct
description from
metrics suitable for
comparative screening.

Beyond
geography

Broad spatial
gradients

Compare coordinate-only,
coordinate + companion
covariates, and coordinate + focal
predictor models.

Test whether
environmental context
adds held-out
information beyond
location.

Robustness
boundary

Coupling and
unresolved
spatial
dependence

Audit mathematical coupling,
regional consistency, block scale,
thinning, MGWR/importance
consistency, and residual Moran’s
I.

Bound extrapolation
and management
interpretation when
dependence remains.

Baseline predictor matrix and temporal leakage control
The predictor set was fixed before outcome attachment and restricted to static, lagged, or baseline
states. Both primary branches included baseline cropland share, distance to the 2000 coastline, 1970–
2000 annual precipitation, 2000 built-up share, and 1998 aquaculture share. Path A additionally included
SRSI2000, whereas Path B substituted elevation. These two physical-context variables were pre-
specified alternatives and were not selected post hoc according to outcome performance.

Potentially attractive but temporally invalid predictors were excluded. No 2000–2022 change variable,
2022 land-cover state, current road network, post-2000 restoration layer, or outcome-derived quantity
was allowed to re-enter X. A current protected-area boundary was also held out because historical
boundary comparability had not been established. This restriction separated baseline susceptibility or
context from contemporaneous response.

Spatial cross-validation and tree models
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Geographic predictive skill was evaluated with grouped spatial cross-validation rather than random folds
because outcomes and predictors were spatially structured [7–10]. Coordinates were projected to UTM
50N (EPSG:32650). A 15-km grid, defined before outcome attachment, contained 17 occupied blocks
assigned deterministically to five outer folds (48, 41, 41, 40, 40 observations) with four grouped inner
folds. Pre-defined 10- and 20-km geometries served as sensitivities; the latter produced three outer
folds. The 15-km distance is a design choice, not an estimated decorrelation optimum.

XGBoost [30] and random forest [31] were fitted in raw predictor units. Out-of-fold RMSE, MAE, R², and
Spearman correlation were retained for every branch/algorithm combination, with fold-level metrics used
to expose heterogeneity. Held-out permutation importance refitted the archived fold-specific
hyperparameters and permuted each feature 30 times within the outer test fold; importance was
summarized as the held-out RMSE increase and number of folds with positive importance.

Three sensitivities separated environmental information from broad geography. First, descriptive
10/15/20-km reruns held fixed the candidate selected by mean archived inner-CV RMSE across the
original 15-km outer folds. Second, a quadratic-coordinate baseline standardized UTM x/y within each
outer training fold and predicted the held-out fold. Third, matched 15-km nested comparisons separately
fitted coordinates only, coordinates plus the five non-SRSI Path A covariates, and coordinates plus all six
Path A covariates; parallel linear models added the same terms stepwise. These tests ask whether the
environmental set, and SRSI2000 specifically, adds held-out information beyond location.

Regional consistency and predictor-only spatial
diagnostics
Because 201/210 MAIN sites were in Lijin or the Kenli source lane, Path A consistency was checked
separately within those regions using raw SRSI2000–Y3 Spearman correlations and correlations after
residualizing both variables against within-region quadratic coordinate surfaces. SRSI2000 spatial
structure was also summarized against easting, northing, coastline distance, and by blocked coordinate-
only prediction. An outcome-free predictor-similarity diagnostic z-standardized the six Path A predictors
and summarized mean pair similarity by distance band; it describes baseline spatial structure but does
not retrospectively justify the 15-km fold size.

Mathematical-coupling audit
Several outcomes contain a baseline quantity that is mathematically related to a candidate baseline
predictor. This was treated as mathematical coupling rather than future-information leakage. Before
model interpretation, mandatory sensitivity models removed 2000 built-up share from Y1, baseline
cropland from Y2, SRSI2000 from Y4 Path A, and corresponding baseline quantities from HSLSI
analyses. These tests determined whether an apparently predictive association remained after removing
the shared baseline term.

MGWR and spatial stability
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MGWR examined multiscale spatial associations [32, 33], not out-of-sample prediction. Coordinates
were UTM x/y and X/y were standardized within each fit. The archived mgwr 2.2.1 analysis used
multiscale bandwidth selection (minimum 30 neighbors) and a full fit plus five leave-one-fold-out refits
for each branch/outcome. These refits are perturbation sensitivities, not independent replications; “6/6
sign consistency” therefore means agreement of one full fit and five overlapping omissions. Minimum-
limited bandwidths were not interpreted as process radii.

Spatial autocorrelation and software
Global structure and out-of-fold residual dependence were assessed with Moran's I [34] using an 8-
nearest-neighbor graph and 199 permutations. Analyses were run in Python 3 with pandas, NumPy,
SciPy, GeoPandas, rasterio/GDAL, scikit-learn, XGBoost 3.1.3, and mgwr 2.2.1; stochastic algorithms
used seed 20260822. Versioned scripts and outputs for overlap, thinning, regional checks, predictor
similarity, incremental comparisons, block geometry, coordinate trends, and permutation importance are
supplied as Supplementary Materials.

OpenAI ChatGPT (GPT-5.6 Sol; accessed 13 September 2026) was used as an assistive tool for drafting
and language refinement, manuscript organization, documentation, code troubleshooting, and quality-
control scripting. All scientific questions, analytical decisions, literature selection and interpretation,
code, parameter choices, numerical results, figures, and final wording were independently checked and
approved by the authors. The tool was not used to generate, alter, or fabricate observational data,
statistical results, figures, or citations. The authors take full responsibility for the content of the
manuscript.

The overall analysis workflow is summarized in Fig. 2.

Results

Temporal controls and shared spatial support
Temporal independence was satisfied by design: the primary predictor matrices contained only static,
lagged, or 2000 baseline information, and spatial folds were locked before the change metrics were
linked. The five metrics were retained regardless of later performance. MAIN contained 210 settlements
plus 39 sensitivity sites. Lijin contributed 121 MAIN sites and the Kenli source lane 80 (201/210; 95.7%);
Hekou contributed seven, Zhanhua two, and Dongying District none. This regional imbalance defines the
population boundary. Descriptive distributions are reported in Supplementary Table S10.

The support audit identified strong dependence among monitoring units. Of 21,945 MAIN-settlement
pairs, 2,036 had intersecting 3-km buffers; 1,054 exceeded 25% overlap, 505 exceeded 50%, and 123
exceeded 75%. Median nearest-neighbor distance was 1.000 km and median maximum per-site overlap
was 0.789, so n = 210 is not equivalent to 210 independent raster supports. The six outcome-
independent 4-km thinnings retained 43–50 sites. For fragmentation, which retained blocked skill, Path A
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R² remained positive for both algorithms in every ordering (XGBoost 0.086–0.347; random forest 0.232–
0.422), while residual Moran’s I fell markedly but was not always eliminated (Figure S7).

Descriptive distributions for all five candidate indicators are provided in Supplementary Table S10.

Spatially blocked evaluation of five monitoring metrics
All five landscape-change metrics were spatially autocorrelated before modeling (Moran’s I = 0.626–
0.840; all permutation p = 0.001), supporting blocked rather than random validation. Only fragmentation
(Y3) met the strict transfer screen of positive pooled out-of-fold R² in both physical-context branches and
both algorithms. Path A XGBoost achieved R² = 0.388 and Spearman ρ = 0.761 (random forest R² =
0.339); Path B random forest achieved R² = 0.252 and ρ = 0.697 (XGBoost R² = 0.241). The other metrics
reached at most R² = 0.074. The outcome-free Path A predictor-similarity diagnostic decayed with
distance, from 0.659 at 0–5 km to 0.006 at 15–20 km, confirming that spatial separation materially
changes the monitoring problem.

Fragmentation retained information beyond broad
geography
Positive pooled transfer did not imply uniformly strong performance. Y3 fold-specific R² varied sharply
(Path A XGBoost − 0.837 to 0.513; Path B random forest − 1.766 to 0.434), so the pooled result
represents average out-of-area screening skill rather than reliable prediction in every held-out region.

Broad geography remained a strong competing explanation. The quadratic-coordinate baseline achieved
Y3 R² = 0.340. In linear models, adding the five non-SRSI Path A covariates increased R² to 0.458 and
adding SRSI2000 increased it to 0.563 (SRSI-specific ΔR² = +0.106). In matched tree comparisons,
SRSI2000 increased R² from 0.333 to 0.533 for XGBoost and from 0.311 to 0.451 for random forest.
Model class still mattered: coordinate-only random forest reached R² = 0.493, slightly above its
coordinate-plus-all-environment counterpart. Environmental context therefore added held-out
information in some comparisons, but location alone already captured substantial structure.

The compact 15-km spatial-CV transfer screen is summarized in Table 4.
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Table 4
Compact 15-km nested spatial-CV transfer screen for the candidate indicators. Within each

indicator/branch, the displayed algorithm has the lower pooled OOF RMSE; all 20 pre-specified
XGBoost/random-forest runs are reported in Supplementary Table S1 and Fig. 3.

Indicator Branch Algorithm n OOF
RMSE

OOF
R²

Spearman
ρ

Residual Moran's
I

Y1 Path A XGB 210 3.829 -0.114 0.439 0.820

Y1 Path B RF 210 4.045 -0.243 0.234 0.845

Y2 Path A RF 210 5.117 0.074 0.435 0.657

Y2 Path B RF 210 5.265 0.020 0.479 0.658

Y3 Path A XGB 210 0.780 0.388 0.761 0.570

Y3 Path B RF 210 0.863 0.252 0.697 0.514

Y4 Path A XGB 208 1.000 -0.004 0.393 0.676

Y4 Path B XGB 208 0.975 0.044 0.469 0.657

HSLSI Path A XGB 208 0.977 0.042 0.402 0.741

HSLSI Path B RF 208 1.112 -0.243 0.303 0.772

The compact table summarizes the spatial-transfer screen; no tree algorithm is treated as an inferential
winner.

Robustness checks supported conditional monitoring use
Regional, coupling, scale, thinning, and residual-dependence checks were then used to bound monitoring
interpretation. SRSI2000 showed the most consistent Path A evidence while remaining spatially
structured. Its MGWR association with Y3 was negative (mean standardized β = −0.719; local range − 
1.735 to − 0.290; bandwidth 48 neighbors), and the sign agreed in the full fit and five leave-one-fold-out
refits. Held-out permutation importance ranked SRSI2000 first in both tree algorithms, with positive
importance in all five folds. SRSI2000 correlated with easting (ρ = 0.665) and coastline distance (ρ =
−0.672), and coordinates alone predicted it with blocked R² = 0.411. Yet the Y3 association remained
negative within Lijin and Kenli and after within-region coordinate residualization. Together with the six
low-overlap thinnings, these checks support conditional use without establishing a salinity mechanism.

Path B elevation had a positive MGWR association (mean β = 0.721; 6/6 sign consistency; bandwidth 46)
but weaker predictive and thinning support. Coastline distance was negative in both branches at broad
bandwidths. Because all 20 primary tree runs nevertheless retained significant out-of-fold residual
clustering (Moran’s I = 0.514–0.845; all permutation p = 0.005), fragmentation is appropriate only for
conditional comparative screening within a similar spatial domain. Detailed MGWR, held-out importance,
and sensitivity evidence are provided in Supplementary Table S11 and associated sheets.
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Detailed Y3 MGWR and sensitivity evidence is reported in Supplementary Table S11 and the
supplementary workbook.

Full-fit MGWR coefficient patterns for both physical-context branches are shown in Fig. 4a and Fig. 4b.

Monitoring-use categories separated descriptive,
diagnostic, and screening roles
The monitoring-use classification separates different practical roles. Y1 supports direct descriptive
reporting because blocked R² was negative. Y2 is diagnostic/coupling-sensitive because its weak signal
did not survive removal of denominator-related baseline cropland. Y4 is exploratory because it depended
on a mathematically related SRSI component and its two components were nearly rank-identical (ρ = 
0.999813). HSLSI remains a descriptive composite because it inherits those dependencies. Y3 alone
supports conditional comparative screening; no metric supports unrestricted extrapolation because
residual spatial dependence remains significant.

Residual dependence limits extrapolation
All 20 primary tree runs retained significant out-of-fold residual spatial clustering (Moran’s I = 0.514–
0.845; all permutation p = 0.005). Feature importance, MGWR coefficients, and SRSI2000 are therefore
interpreted as predictive or spatial-association evidence within the reconstructed cohort, not causal
effects and not a basis for unrestricted delta-wide prediction.

Discussion

Shared raster support changes monitoring reliability
Landscape-metric research has long emphasized that scale, resolution, redundancy, and metric
construction constrain ecological interpretation [3–6]. Our results identify an additional sampling issue
for place-centered remote sensing: the named observation unit and the raster support are not
necessarily the same unit. Among 210 settlements, the 3-km buffers frequently reused the same pixels,
and six outcome-independent 4-km thinnings retained only 43–50 sites. Thus, nominal place counts can
substantially exceed the number of weakly overlapping spatial supports. This matters because a metric
may be valid for describing change at each named place while still providing less independent evidence
for comparative screening. In our case, four metrics remained descriptive or diagnostic, whereas
fragmentation alone retained positive blocked skill across both predictor branches and both algorithms.

Spatial validation is necessary but not sufficient
Blocked spatial cross-validation is already established as a safeguard against optimistic model
assessment in structured data [7–10]. Shared-support auditing addresses a different question: whether
nominal observations partially duplicate the same raster evidence before training-test separation.
Blocking addresses geographic proximity between training and test locations, whereas overlap auditing
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and thinning address reused support among place-centered units. In this study, the combination of these
checks materially changed interpretation. Fragmentation retained positive skill after reducing overlap
and in spatially separated folds, but location alone explained substantial structure and residual Moran’s I
remained significant. The evidence therefore supports conditional screening rather than unrestricted
prediction.

Because the predictor matrices, spatial folds, and thinning rules were fixed before interpretation, the
main conclusion does not depend on choosing a favorable overlap threshold or validation split after
observing outcomes. Nevertheless, the thinned samples are sensitivity analyses, not independent
replications, and the design does not substitute for external validation. The reported R² values, block
size, and screening interpretation should therefore be regarded as properties of the reconstructed YRD
cohort until the same shared-support and spatial-transfer tests are repeated in an independent
monitoring region.

Fragmentation and the limits of spatial transfer
Fragmentation is the strongest candidate for comparative screening, but the result is narrower than a
general fragmentation model for the YRD. Kong et al. [11] showed that fragmentation patterns and their
apparent drivers in the delta depend on analytical scale. Here, positive blocked skill, incremental
information beyond coordinates, within-region consistency, and persistence across six low-overlap
thinnings indicate that the settlement-centered signal is not explained solely by short-range overlap or a
simple coordinate trend. Significant residual Moran’s I nevertheless remained in every full-cohort model.
The evidence therefore supports cautious comparison within similar spatial settings, not universal
prediction or causal attribution.

Physical interpretation must also remain limited. Field and remote-sensing studies consistently report
strong salinity gradients in the YRD [12–15, 18, 35]. Our SRSI2000 layer was not calibrated against local
electrical conductivity, and the index contains NDVI. Its association with fragmentation may therefore
reflect a mixture of vegetation condition, background reflectance, moisture, land cover, and salinity-
related variation. We use it as a baseline spectral context variable, not as a measurement of soil salinity.

Shared support and effective replication
The overlap analysis makes the effective-sample problem concrete. Although the cohort contained 210
settlements, outcome-independent 4-km thinning retained only 43–50 sites. For metrics derived from
continuous raster surfaces, the observation unit is therefore defined partly by spatial support rather than
by the number of place names. This matters whenever monitoring relies on buffers, moving windows,
catchments, or neighboring administrative units. Fragmentation remained positive in all six thinning
orders, which supports persistence of the result, but the thinned samples are sensitivity analyses rather
than independent replications.

Geographic structure and environmental interpretation
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The coordinate benchmark shows why broad geography cannot be treated only as a nuisance term. A
quadratic coordinate model explained R² = 0.340 for fragmentation, and SRSI2000 itself was spatially
predictable. Some of the apparent environmental signal was therefore already available from location.
This is consistent with the wider spatial-validation literature, in which geographic structure can inflate
apparent prediction when training and test data are not sufficiently separated [7, 8, 10]. Environmental
variables used for prioritization should consequently add held-out information beyond a spatial-only
benchmark.

Coastline distance was negatively associated with fragmentation in both branches at broad MGWR
bandwidths. That pattern is compatible with previous descriptions of coast–inland differences in
wetland configuration, salinity, and land use [2, 11, 17], but the sampling frame prevents a delta-wide
interpretation. Lijin and the Kenli source lane contribute 201 of the 210 MAIN sites, whereas Dongying
District contributes none. The regional checks reduce the chance that the Path A association is created
only by mixing the two dominant regions; they do not correct the underlying imbalance.

What the weak metrics contribute
The four weaker metrics clarify what information is lost when descriptive measures are treated as
predictors. Built-up change can be reported directly even though the baseline models do not support
spatial ranking. The cropland-loss result depends partly on a denominator-linked baseline term. The two
components of the spectral metric are almost rank-identical, and that dependence is carried into the
composite HSLSI. These are not failed measurements; they are warnings against using the same metric
interchangeably for description, diagnosis, and prediction.

Implications for monitoring design
Remote-sensing monitoring studies increasingly combine land-cover products and machine learning to
support environmental management [1, 2]. Our results suggest that the intended management use
should be specified before a model is interpreted. Directly observed metrics can support reporting at
monitored settlements. Metrics affected by coupling or construction problems are more useful as
diagnostics. Fragmentation can be used as a secondary screening layer within a similar spatial domain,
provided that residual dependence and uncertainty are retained in the decision process. Supplementary
Table S12 states the corresponding restrictions.

From monitoring evidence to operational use
For implementation, the distinction is between observing change and transferring a model. The first
requires consistent remote-sensing products and transparent metric definitions. The second additionally
requires evidence that a metric retains skill when locations are spatially separated and that performance
is not explained largely by geography or shared support. Expansion to new districts or deltas would
therefore require a new assessment of support size, block geometry, spatial baselines, and residual
dependence rather than carrying the present model forward unchanged.
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Application in the Yellow River Delta
In the present YRD cohort, fragmentation is the only metric that justifies conditional comparison among
spatially separated settlements. Built-up change and cropland loss remain useful as observed land-use-
change measures, while the spectral and composite metrics need further calibration before they are
used predictively. This interpretation is deliberately narrower than a single delta-wide ranking: it
separates quantities that can be reported from those that can support screening and from those that still
need methodological or field validation.

Limitations and external validation needs
The main limitation is external validity. The cohort is regionally imbalanced, the 3-km supports overlap
extensively, chronology is incomplete, and SRSI2000 is an uncalibrated spectral proxy that contains
NDVI. The 15-km blocks were fixed as a design choice rather than estimated from an empirical
decorrelation range; the 20-km sensitivity contains only three outer folds; and residual spatial
autocorrelation persists. Most importantly, the analysis has not been repeated in an independent region.
The numerical performance reported here should therefore not be transferred directly to another
monitoring network. A new application would need to reassess support size and block scale, confirm
data comparability, and repeat the geographic-baseline and residual-dependence analyses.

Conclusions
The five metrics did not support the same kind of monitoring inference. Built-up change, cropland loss,
spectral stress, and the composite stress measure are most defensible as descriptive or diagnostic
outputs in this cohort. Fragmentation alone retained positive blocked skill in both predictor branches and
both tree algorithms, added information beyond broad geography in matched comparisons, and
remained positive after overlap-reducing thinning. Residual spatial dependence, however, rules out
unrestricted extrapolation. The result is therefore a conditional screening signal rather than a delta-wide
prediction model. For settlement-centered remote-sensing studies, the main implication is
methodological but conventional: the spatial support of the observations, the timing of predictors, a
geographic baseline, and residual autocorrelation should be examined before model outputs are used to
rank or prioritize places.

Online Resource 1 (ESM_1_Supplementary_Materials.zip): The peer-review supplementary package
contains complete nested spatial-CV metrics, outer-fold results, coupling sensitivities, MGWR
diagnostics, overlap analyses, all six 4-km thinning selections, and regional SRSI2000–Y3 checks. It also
includes predictor-similarity diagnostics, matched coordinate/environment models, held-out permutation
importance, block-geometry sensitivities, analysis scripts, Supplementary Tables S1–S12,
Supplementary Figures S1–S7, and the monitoring-use matrix. A private repository link to the derived
settlement-level cohort, fixed predictor matrices, model outputs, and provenance/quality-control tables
will be supplied through the submission system. The repository will be made public with a permanent
DOI upon acceptance.
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Figure 1

Fig. 1 Historically documented rural-settlement cohort in the Yellow River Delta study extent. Circles
show the 210 MAIN analytical settlements; triangles show the 39 sensitivity-cohort settlements.
Regional labels give MAIN + sensitivity totals: ZH, Zhanhua (n = 17); LJ, Lijin (n = 136); DY, Dongying
District (n = 3); HK, Hekou (n = 8); KL, Kenli subregional source lane (n = 85). The 2000 GLC_FCS30D
background is shown for spatial context only
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Figure 2

Fig. 2 Sequence of analyses used to evaluate the spatial reliability of settlement-centered monitoring
metrics. Predictor matrices and spatial folds were fixed before the change metrics were linked
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Figure 3

Fig. 3 Nested 15-km spatial cross-validation performance for both pre-specified physical-context
branches
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Figure 4

Fig. 4a Full-fit standardized MGWR coefficient mean and local min–max range for Y3 under Path A
(SRSI2000)
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Figure 5

Fig. 4b Full-fit standardized MGWR coefficient mean and local min–max range for Y3 under Path B
(elevation)
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