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Abstract

Large river basins require spatial evidence showing where tourism-support conditions
and ecological constraints coincide. Using the Yellow River Basin, we built a reproducible
workflow that combines Google Earth Engine preprocessing with local spatial analysis
to map tourism development suitability (TDSI), ecological sensitivity (ESI), and conflict
intensity on a 1 km equal-area grid in 2013, 2018, and 2023. Annual hotspot shares remained
near one-fifth of valid cells, and 153,958 cells (19.80%) entered the hotspot set in at least two
benchmark years. Spatially matched reference checks were mixed: official tourism cells
showed a positive high-suitability contrast against 50 km block-matched cells (0.778 versus
0.563; empirical p = 0.043), whereas OSM POls, the named-attraction subset, and GBIF
cells showed no clear geography-adjusted enrichment. Aggregation from 1 km to 2 km
preserved broad structure, but weighting and ecological-constraint choices changed local
membership materially. The full XGBoost-SHAP model identified precipitation variability,
land-surface thermal change, protected-area proximity, relief, and road-network intensity
as leading internal correlates; a strict two-covariate model achieved AUC = 0.680 and
F1 = 0.538, limiting external mechanism claims. The products support uncertainty-aware
regional screening. Site-specific approval and long-term persistence claims require finer
regulatory, field, and temporal evidence.

Keywords: Yellow River Basin; tourism—ecology overlap; ecological sensitivity; benchmark-
year comparison; recurrent overlap; geospatial screening; environmental planning

1. Introduction

Mountain-influenced river basins are settings in which development pressure, accessi-
bility, environmental heterogeneity, and ecological fragility interact over short distances.
In China, uneven mountainous terrain makes it difficult to infer local development op-
portunities directly from coarse development statistics [1]. Tourism development in such
contexts is also strongly conditioned by landscape sensitivity and ecological thresholds [2].

This challenge is particularly evident in the Yellow River Basin, where scenic moun-
tains, transitional plateaus, dense corridor settlements, and ecologically constrained head-
water zones form part of the same hydrological system. Existing tourism studies of the basin
still rely heavily on administrative units and macro-level indicators, including tourism
resource conversion efficiency and tourism eco-efficiency [3,4]. Related work on tourism
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ecological security and tourism-economy coupling has broadened basin-scale compari-
son. The within-basin geography of co-located tourism-support conditions and ecological
constraints remains unresolved [5,6].

This gap has practical planning consequences. Tourism space in the Yellow River
Basin follows corridors, heritage landscapes, and terrain transitions that cross county
and provincial borders [7,8]. Unit-level summaries flatten this internal geography. Park-
or estuary-scale suitability studies provide detailed local evidence, and a basin-wide
conflict screen is still needed to connect those local patterns across the full hydrological
system [9,10].

Remote sensing makes it possible to replace coarse summaries with spatially continu-
ous observation. Satellite-based land-use and land-cover analysis already provides mature
regional change-detection tools [11], and cloud platforms such as Google Earth Engine
(GEE) enable such tools to be scaled under consistent preprocessing rules [12]. Comparable
workflows have reconstructed annual land dynamics and river planform change, show-
ing that multisource time series can generate repeatable regional products [13,14]. Dense
Landsat time series and trajectory-based analyses further indicate that long-term screening
can remain temporally comparable when observation logic and spatial grids are fixed in
advance [15,16].

Within the Yellow River Basin, remote sensing has documented eco-environmental
conditions for more than two decades. Early basin-scale studies monitored evapotranspira-
tion and broader eco-environmental quality from satellite data [17,18]. Subsequent work
tracked landscape evolution and land-surface dynamics across the basin, confirming the
technical feasibility of consistent observation over broad extents [19,20]. More recent stud-
ies have used GEE and comparative land-cover products to strengthen the methodological
basis for basin-wide monitoring [21,22]. Hydroclimatic change has been characterized
through vegetation drought responses and terrestrial water-storage variation [23,24]. Stud-
ies of eco-environmental quality under urbanization and impervious-surface expansion
further show that harmonized multisource imagery can recover major spatial gradients
across the basin [25,26].

The ecological-sensitivity literature provides a strong parallel foundation. Recent
studies have refined basin-wide ecological-quality and vulnerability diagnoses by incor-
porating desertification and improved remote-sensing ecological indices [27,28]. Other
work has identified contributors to ecological vulnerability under land-use change and
climatic stress [29,30]. Habitat-quality, restoration, and ecological-security analyses show
where protection pressure is concentrated [31,32]. Scenario-based habitat and landscape-
fragmentation studies [33,34], ecological-security pattern studies [35,36], and coordinated-
development or macro-scale supply-demand assessments [37,38] add further basin context.
However, their main products remain ecological diagnoses, and a year-comparable cell-
level conflict surface is still missing.

Related literature on tourism suitability and ecotourism mapping offer useful com-
parisons beyond the basin. Studies of mountain tourism sustainability and ecotourism
land-capability evaluation emphasize that tourism development is inseparable from ter-
rain, ecological carrying pressure, and accessibility [39,40]. Recent suitability studies
in the Ethiopian highlands and the Darjeeling Himalaya demonstrate that multicrite-
ria screening can be operationalized with geospatial data; their outputs remain local or
subregional [41,42]. Machine-learning and entropy-based suitability mapping have in-
creased analytical flexibility, with applications usually centered on scenic areas or protected
landscapes [43,44]. Comparable protected-area studies in Qilian and Taihangshan reinforce
this point [45,46]. Multimodal ecological-sensitivity evaluations in mountain national parks
reach a similar conclusion at site scale [47].
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From a methodological perspective, reviews of ecological-vulnerability remote sensing
show that indicator selection, scale compatibility, and temporal comparability are core
design decisions [48,49]. Long time-series ecological monitoring illustrates how gradual
environmental change can be reconstructed consistently at broad spatial scales; this strand
usually focuses on ecological state [50]. Studies that integrate tourism supply, demand,
and environmental sensitivity move closer to a coupled diagnosis [51]. The remaining
methodological need is a multi-year, basin-wide screen within a fixed hydrological frame-
work. Spatially explicit sensitivity analysis underscores the need to embed robustness
testing in suitability workflows [52], and land-use conflict research demonstrates the value
of comparing suitability dimensions directly [53].

This sustainability-oriented framing is consistent with recent work in Sustainability
and related applied geospatial journals. GIS and remote-sensing studies have translated
ecological suitability and land-sensitivity evidence into planning-relevant spatial prod-
ucts [54,55]. Related work has mapped ecological sensitivity and environmental quality
for decision support in applied settings [56,57]. A GIS-based coastal planning application
further shows how such evidence can be converted into explicit use recommendations and
spatial constraints [58]. Together, these studies support the present emphasis on transparent
indicator design, explicit spatial overlay, and management-scale interpretation.

These strands address different parts of the problem rather than the same question.
Administrative tourism studies compare policy units, basin Earth-observation studies map
environmental state, and local suitability studies resolve individual parks or scenic areas.
The unresolved methodological issue is how to place tourism-support and ecological-
sensitivity proxies on one basin grid while reporting how weighting, threshold, conflict
formulation, scale, and omitted ecological constraints alter the local cells selected.

Taken together, the literature provides three necessary components for the present
problem. Tourism-environment studies explain why basin-scale tourism space matters.
Basin-scale Earth observation studies demonstrate that consistent environmental monitor-
ing across the Yellow River Basin is technically feasible. Suitability and conflict studies
show that multiple land functions can be compared explicitly. The remaining gap is
planning-oriented: a reproducible method is needed to place tourism-support conditions
and ecological sensitivity on the same grid, identify recurrent overlap, and translate cell-
level conflict into administrative and hydrological reporting units.

This study addresses that gap by integrating cloud-based indicator generation with
reproducible local analysis to map tourism development suitability, ecological sensitivity,
and overlap intensity across the Yellow River Basin for 2013, 2018, and 2023. Three research
questions guide the analysis: (1) Can harmonized geospatial data and fixed-grid com-
parison generate comparable tourism-support and ecological-sensitivity surfaces across a
large mountain-river basin? (2) Which hotspot areas recur across benchmark years and
form repeated overlap patterns? (3) How do the mapped boundaries change after aggre-
gation, spatially matched reference checks, alternative weighting and threshold choices,
ecological-constraint stress tests, and restricted-feature driver models?

The study makes four methodological contributions to environmental planning and
spatial screening. First, it provides a transparent workflow linking GEE indicator gen-
eration, local overlap analysis, robustness testing, and multi-scale reporting. Second, it
produces annual hotspot maps and a repeated-overlap screening layer on a common
1 km equal-area grid while explicitly limiting temporal inference to the three benchmark
years. Third, it translates grid-level evidence into county and sub-basin reporting units
with small-sample reliability flags. Fourth, it combines spatially matched reference checks,
multi-scenario sensitivity diagnostics, and restricted-feature driver models to expose where
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local boundaries are robust or uncertain. The familiar concentration of overlap in corridor

and mountain-front settings is treated as a result, not as the novelty claim.

Table 1 positions the study within the main the literature strands and clarifies the

methodological gap addressed by the workflow.

Table 1. Representative literature strands and remaining methodological gaps.

Theme Representative Strand Main Limitation Implication for This Study
. . . Useful for regional comparison;
Tourism ecological security, . S . . .
- 7 unit-level aggregation is too Requires grid-based mapping of
. . eco-efficiency, and coordination . . . ors
Administrative . . coarse to resolve internal basin  tourism-support conditions and
. . studies based on Yellow River . . .

tourism-environment . . . . heterogeneity and local ecological constraints.

Basin administrative units . .
assessment conflict locations.

Yellow River Basin
Earth observation
monitoring

Land-cover, ecological quality,
urbanization response, habitat
quality, and vulnerability
monitoring

Captures environmental change
effectively; joint
tourism-development suitability
and ecological-sensitivity
screening is usually absent.

Requires a unified
remote-sensing workflow that
evaluates tourism—ecology
overlap directly.

Local suitability and
sensitivity mapping

Protected-area and scenic-area
ecotourism suitability or
ecological-sensitivity

case studies

Provides rich local diagnosis
with limited transferability to a
hydrologically integrated basin
with multiple terrain regimes.

Requires a basin-wide
framework that remains
reproducible and comparable
across years.

Spatial conflict
identification

Land-suitability conflict analysis
and spatial sensitivity analysis

Provides explicit comparison
logic; local boundaries remain
conditional on weights,
thresholds, scale, and conflict
formulation.

Requires hotspot screening,
repeated-overlap analysis,
matched reference checks,
and an explicit multi-scenario
uncertainty boundary within
one workflow.

The remainder of the paper is organized as follows. Section 2 introduces the study
area. Section 3 describes the materials and methods. Section 4 presents the annual patterns,
recurrent-overlap structure, multi-scale aggregation, hold-out reference checks, robustness
diagnostics, and driver interpretation. Section 5 discusses planning value, interpretation
boundaries, and transferability. Section 6 concludes the paper.

2. Study Area

The study-area boundary, sub-basin structure, river network, official tourism refer-
ences, benchmark years, and analytical workflow are summarized in Figure 1.

The Yellow River Basin provides a suitable case in which nationally important tourism
resources, strong ecological constraints, and sharp terrain gradients occur within a single
hydrological system. The basin extends from the high-elevation headwater region on the
northeastern Qinghai-Tibet Plateau through the Loess Plateau and middle-basin canyon
and valley systems to the lower-basin plain. This sequence creates a compact setting for
tourism—ecology screening: cultural heritage corridors, mountain scenic areas, river land-
scapes, and urban service nodes are embedded within areas affected by slope, local relief,
hydroclimatic variability, erosion-prone terrain, protected areas, and habitat constraints.

This spatial structure requires analysis below the county scale. Many tourism corridors
and ecological constraints cross administrative boundaries, and some counties contain both
low-relief development-support areas and highly sensitive mountain-front or river-valley
cells. A fixed 1 km equal-area grid provides a consistent unit for detecting where tourism-
support conditions and ecological sensitivity overlap. County and sub-basin aggregation
are retained for reporting, with grid-level evidence produced first to preserve recurrent
overlap before aggregation.
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Figure 1. Study-area context and analytical workflow for basin-scale tourism-ecology overlap
screening. (a) Yellow River Basin context, China locator inset, sub-basin boundaries, river network,
major city labels, official tourism references, north arrow, and scale bar. (b) Benchmark years and
reproducible data stack. (¢) Analytical workflow distinguishing inputs/model setup, core operations,
and outputs/diagnostics. The primary hotspot operation is the local z-score screen; Getis—Ord Gi*
and local Moran are comparison diagnostics.

3. Materials and Methods
3.1. Workflow Overview

The workflow was implemented as a two-stage pipeline governed by a single configu-
ration file (config/study_config.yaml). The cloud stage, executed through the Google Earth
Engine (GEE) Python API, generated annual indicator stacks in a common projection and
at a common spatial resolution. The local stage read those exported stacks and reproduced
all downstream analytical products on the same grid: tourism development suitability
(TDSI), ecological sensitivity (ESI), conflict intensity (CI), annual hotspot masks, recurrent-
overlap rasters, county and sub-basin summary tables, hold-out reference-check tables,
robustness diagnostics, and eXtreme Gradient Boosting with Shapley additive explanations
(XGBoost-SHAP) driver analysis. All analytical GeoTIFFs used EPSG:3410 at 1000 m,
and vectors were reprojected to that grid before sampling or aggregation. The pipeline
creates a reproducible planning-support chain for applied spatial screening.

This two-stage design separates the roles of data harmonization and spatial analysis.
The cloud stage concentrates sensor harmonization, catalog access, masking, and annual
compositing into a transparent export step. The local stage then treats the exported stacks as
fixed analytical inputs, allowing conflict mapping, robustness testing, and figure generation
to be reproduced without repeated dependence on live cloud execution.

The local pipeline writes year-specific outputs to dedicated folders and cross-year
outputs to shared directories. Year-specific folders store annual TDSI, ESI, CI, zone, hotspot,
and weighting products; cross-year folders store recurrent-overlap rasters, aggregation
tables, robustness diagnostics, and modeling outputs. This file contract allows figures and
manuscript tables to be regenerated directly from shared intermediates, creating an audit
trail from raw indicator stacks to final submission materials.
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The benchmark years 2013, 2018, and 2023 were selected as evenly spaced observa-
tion windows compatible with the multisource data configuration. They are three fixed
snapshots rather than a dense time series. Temporal interpretation in this paper refers
only to repeated relative classification across those benchmark years, not to long-term
structural persistence.

3.2. Data Sources and Indicator System

All annual indicator stacks were constructed from publicly accessible GEE cata-
log datasets. The VIIRS monthly nighttime light product (NOAA/VIIRS/DNB/MONTHLY_
V1/VCMCFG) was reduced to the annual mean of avg_rad to represent human activ-
ity intensity. Landsat surface reflectance was obtained from LANDSAT/LC08/C02/T1_L2
and, for 2023, the merged LANDSAT/LC09/C02/T1_L2 archive; scenes were restricted to
the warm season (May-September), masked using QA_PIXEL, converted with Collec-
tion 2 scale and offset terms, and composited using the median reducer. This warm-
season restriction reduces cloud contamination and keeps vegetation, water, and ther-
mal signals comparable across years. From this composite, the workflow calculated
NDVI, MNDWI, and NDBSI. NDVI and MNDWTI entered the final subsystem defini-
tions. NDBSI was retained in the exported stack as an auxiliary land-surface descrip-
tor. ERA5-Land (ECMWF/ERA5_LAND/DAILY_AGGR) provided annual mean temperature_2m,
CHIRPS (UCSB-CHG/CHIRPS/DAILY) provided annual precipitation totals, and MOD11A2
(MODIS/061/M0OD11A2) provided annual mean daytime LST after quality masking and scale-
factor conversion. SRTM (USGS/SRTMGL1_003) supplied elevation-derived slope and lo-
cal relief. Built-up support was represented by the urban-class share from MCD12Q1
(MODIS/061/MCD12Q1), and the ecological protection constraint was represented by distance
to current WDPA polygons (WCMC/WDPA/current/polygons) transformed into a bounded
proximity score.

For reproducibility, negative VIIRS avg_rad values were set to zero before annual
averaging; the workflow did not filter by cf_cvg. Landsat scenes covered 1 May—29
September, masked QA_PIXEL bits 1-5, and used the Collection 2 reflectance transform
DN x 0.0000275 — 0.2. MOD11A2 retained mandatory QC_Day codes 0 or 1 and used
DN x 0.02 — 273.15. Relief was the maximum minus minimum elevation within a 5 km-radius
circular neighbourhood; climate comfort was max[0,1 — |T — 18|/20]; and protected-area
proximity was exp(—d/50km) after capping distance at 250 km. The OSM files were gener-
ated on 7 April 2026, and the official-tourism and GBIF extracts were generated on 23 April
2026 [59]. The dynamic WDPA current asset was used, but its exact monthly vintage was
not archived.

The supporting vector package comprised the Yellow River Basin boundary, Hy-
droBASINS sub-basins, county-level administrative units clipped from an open boundary
source, an OpenStreetMap (OSM) river network, and an OSM major-road network con-
sisting of motorway, trunk, primary, and secondary classes and their link classes. Tourism
hold-out reference candidates were assembled from official Ministry of Culture and Tourism
lists (5A scenic areas and national tourist resorts) and the United Nations Educational,
Scientific and Cultural Organization (UNESCO) World Heritage list for China. These
candidates were geocoded and filtered to point records with sufficient spatial certainty
inside the basin; the retained sample used for enrichment testing consisted of 5A scenic
areas and UNESCO sites. Ecological hold-out reference checks used Global Biodiversity
Information Facility (GBIF) occurrence records for threatened mammals with coordinates
inside the basin. These tourism and ecological layers served as post hoc enrichment refer-
ences. The World Database on Protected Areas (WDPA)-based protection term remained
an input to ESI, representing a time-invariant ecological-constraint layer.
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The indicator system was structured as a direct comparison between development-
support conditions and ecological constraints. TDSI combines proxies for human activity
intensity, urban support, vegetation and water attractiveness, temperature-based climate
comfort, and terrain feasibility; higher TDSI values are expected where service support,
landscape appeal, and buildability co-occur. It is a supply-side support screen and does
not measure visitor demand, expenditure, seasonality, congestion, or preference. ESI
combines slope, relief, land-surface thermal stress, annual precipitation, vegetation- and
water-related ecological importance, and protected-area proximity; it is not a complete soil-
loss, desertification, or biodiversity-risk model. This paired structure identifies locations
where both dimensions are simultaneously strong on the same grid.

All annual indicators were resampled or aggregated to a common 1 km equal-area
grid before normalization. Continuous coarse-resolution climate and thermal layers (ERA5-
Land temperature, CHIRPS precipitation, and MOD11A2 LST) were bilinearly resampled to
the target grid in GEE. Higher-resolution continuous surfaces and fractional masks (VIIRS
radiance, Landsat-derived indices, SRTM elevation, and MCD12Q1 urban fraction) were
aggregated to 1 km by mean reduction. The WDPA distance surface was computed directly
on the 1 km export grid and then converted to a proximity score before normalization, so
that cells near protected areas contributed more strongly to ESI. Each indicator was min—
max normalized separately within each benchmark year; constant variables were assigned
0.5, and inverse terrain indicators were sign-adjusted before normalization. Consequently,
cross-year recurrence denotes repeated membership in annual relative classes rather than
persistence of an absolute index value. The 1 km resolution balances basin-scale tractability
with subregional spatial differentiation.

Indicator weights were computed separately for each year using the criteria impor-
tance through the inter-criteria correlation (CRITIC) method [60]: C; = ¢} (1 — rjx) and
wj = Cj/ L; Cj, with population standard deviation and Pearson correlation. TDSI and
ESI were then calculated as weighted linear combinations of their standardized indicators;
exact annual weights and median thresholds are supplied in the machine-readable files
data/processed/<year>/weights_<year>.csv, and the annual CI P80 thresholds were
0.199919, 0.202221, and 0.199507. Annual zone classes were defined from the median
values of TDSI and ESI, yielding four descriptive screening states: priority_development,
conflict_control, ecological_conservation, and low_intervention. Conflict intensity was
calculated as the multiplicative interaction of the two subsystem surfaces, so that high
values occur where development suitability and ecological sensitivity are simultaneously
elevated. This is an operational joint-high screening index rather than an established causal
conflict mechanism.

Table 2 summarizes the indicator framework, underlying data sources, and the role of
each proxy in the workflow.

Table 2. Indicator framework and main data sources.

Index Dimension Indicator or Proxy Data Source Role in Framework
N . Proxy for tourism-related human
TDSI Human activity iré?;sgemean nighttime light NOAA VIIRS activity intensity and
monthly lights service support
. Proxy for urban support
TDSI Urban support Built-up land proxy (urban_frac, MODIS MCD12Q1 conditions in the final
IGBP class 13) .
configured workflow
Vegetation and water
TDSI Landscape NDVI; MNDWI Landsat 8 and attractiveness terms used in the
attractiveness Landsat 9 L2 final TDSI
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Table 2. Cont.

Index Dimension Indicator or Proxy Data Source Role in Framework
TDSI Climate comfort Temperature-based comfort ERA5-Land Outdoor therma'l—comfort
transform support for tourism
Lower terrain complexity
TDSI Buildability Inverse slope; inverse relief SRTM indicates higher
development feasibility
. _ g Terrain-related ecological
ESI Terrain sensitivity Slope; relief SRTM sensitivity and instability
ESI Thermal stress Land surface temperature MODIS MOD11A2 Heat-related ecological stress
. e Hydroclimatic pressure
ESI Hydroclimate Annual precipitation CHIRPS background in the final ESI
pressure
ESI Ecological NDVIL; MNDWI Landsat 8 and zf(ﬁitaitg‘i'rinir‘t’;ff:related
importance Landsat 9 L2 & P
Protected-area proximity . . .
ESI Protection transformed from WDPA WDPA current EC.ologlcal cgnstramt associated
. . with protection status
constraint distance polygons

3.3. Conflict Mapping and Recurrent-Overlap Screening

Basin-wide spatial clustering was first evaluated using global Moran’s I with raster
8-neighbor adjacency [61]. For a conflict-intensity value x; at cell i, spatial weight w;;,
number of valid cells n, and Sg = }; Z]- wjj, the statistic was computed as

[ nLik w;j(x; — %) (xj — X)

S Yi(x; —x)? @

A custom raster local z-score hotspot screen was then applied to the same CI surface using a
3 x 3 moving window. For each valid cell, the 3 x 3 neighborhood mean was standardized
against the basin-wide mean and standard deviation of CI, converted to a two-sided normal
p-value, and flagged as a significant positive hotspot when the local z-score was positive
and p <0.05. This local screen is computationally transparent for a gridded raster workflow
and uses the same immediate-neighborhood support as the 8-neighbor Moran calculation.

To address the hotspot-definition concern, the revision added a formal comparison
with Getis—Ord Gi* and local Moran high-high clustering [62,63]. Getis—Ord Gi* was
computed on the same 3 x 3 neighborhood support and screened with a two-sided 95%
normal threshold. Local Moran high-high cells were identified where the cell and its spatial
lag were both above the basin-wide mean and the local Moran contribution was positive.
For comparability with the annual conflict-hotspot definition, both diagnostic alternatives
were intersected with the same 80th-percentile top-conflict mask before Jaccard comparison.

Hotspot screening was combined with an annual top-conflict threshold to isolate
the most structured conflict cores. For each year, valid CI values were thresholded at
the basin-wide 80th percentile to produce a year-specific high-conflict mask. The annual
conflict-hotspot raster was then defined as the intersection of that top-conflict mask and the
significant local hotspot mask. This intersection selects cells that are both high in magnitude
and spatially clustered relative to their surroundings.

Because percentile selection affects the size of the hotspot set, a revision sensitiv-
ity test repeated the annual and recurrent hotspot extraction at 70th, 75th, 80th, 85th,
and 90th CI percentile thresholds while keeping the same local z-score hotspot screen
and two-year recurrence rule. For each threshold, the pipeline reported annual hotspot
cell counts, recurrent hotspot counts, recurrent shares, and Jaccard overlap relative to the
80th-percentile baseline.
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Recurrent overlap was defined as membership in the annual conflict-hotspot set in at
least two of the three benchmark years. In addition to the binary recurrent-overlap layer,
the pipeline wrote a repeated-hotspot count raster and a cross-year mean CI raster. This
definition emphasizes repeated relative detection across the fixed benchmark years; it does
not by itself establish long-term structural persistence.

3.4. Multi-Scale Aggregation

To extend interpretation beyond the grid-cell level, all results were aggregated to
county and HydroBASINS sub-basin units using the same fixed raster grid. Polygon layers
were reprojected to the raster coordinate reference system before aggregation. For each
polygon, the pipeline computed mean CI, maximum CI, high-conflict share, recurrent-
overlap share, zone-specific area shares, and the dominant zone. High-conflict share was
defined as the proportion of cells exceeding the basin-wide 80th CI percentile for that
year, recurrent-overlap share as the proportion belonging to the recurrent-overlap raster,
and dominant zone as the zone with the largest within-polygon area share.

County records with fewer than 10 valid raster cells were flagged in the county
reliability output and treated as report-only screening records; counties with no valid cells
received a separate “no valid cells” flag. These records are retained for auditability but are
not used as direct county-level planning evidence (Table 3).

Table 3. County records with fewer than 10 valid 1 km cells. These aggregated values are retained for
reference only and must not be used as direct evidence for county-level planning decisions.

County Unit Valid Cells County Unit Valid Cells
Huojia County 1 Siziwang Banner 2
Ruzhou City 1 Yuanping City 2
Xinfu District 1 Barkam County 3
Zhashui County 1 Mengyin County 4
Changzhi County 2 Sishui County 4
Foping County 2 Huguan County 5
Qingfeng County 2 Li County 8

No-valid-cell records: Erqi District, Pingding County, Pingyi County, Qin County, Qufu City, Shandan County,
and Shanyang District. These units received a separate “no valid cells” flag and no county metric.

The dual aggregation strategy serves two interpretive needs. County aggregation
translates raster results to an administrative scale familiar for planning and reporting.
Sub-basin aggregation retains a hydrological frame closer to the basin’s physical organi-
zation. Using both scales makes it possible to assess whether the same underlying grid
evidence remains interpretable when the analytical frame shifts from governance units to
hydrological units.

3.5. Hold-Out Reference Checks, Robustness, and Driver Interpretation

Three diagnostic blocks were applied after the annual rasters had been generated.
First, tourism hold-out checks were performed against 2023 suitability. The official tourism
lists provide contemporary reference points. Official tourism candidates were assembled
from Ministry of Culture and Tourism 5A scenic-area and national tourist resort lists
together with UNESCO World Heritage records, then filtered to high-confidence basin point
records. The pipeline sampled TDSI values at those retained official tourism references and
compared them with equal-sized random samples of valid raster cells. A cell was labeled
as high suitability when its TDSI exceeded the basin-wide 66.7th percentile of valid 2023
cells. The revision also examined OpenStreetMap tourism POIs and a named-attraction
stratum; the latter is a subset of the OSM layer and is not treated as independent evidence.
For the inferential comparison, all point layers were grid-deduplicated and compared with
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non-reference cells from the same 50 km blocks over 1000 Monte Carlo iterations (seed 42),
preserving the target count within each represented block.

Second, ecological reference checks used the same threshold and spatial-matching
logic for ESI. GBIF occurrence records for threatened mammals (IUCN categories VU, EN,
or CR) were filtered to study-area coordinates and unique 1 km cells. WDPA-derived
ecological polygons were removed from external validation because WDPA proximity is
an ESI input. Reporting effort and taxonomic sampling bias make the GBIF analysis a
spatial-alignment check rather than an accuracy assessment.

Third, the revision added an ecological-constraint sensitivity analysis for soil erosion
sensitivity and desertification risk, two constraints omitted from the primary ESI. These are
heuristic stress-test proxies derived mainly from the existing annual indicator stacks, not
independent RUSLE soil-loss or official desertification products. The soil-erosion sensitivity
layer combined slope, relief, precipitation, bare-soil intensity (NDBSI), and low vegetation
cover (1 — NDVI) after year-wise 2nd-98th percentile robust scaling. The desertification-risk
layer combined low vegetation cover, NDBSI, low precipitation, land-surface temperature,
and low water expression (1 — MNDWI) using the same scaling rule. The layer construction
follows recent Yellow River Basin studies that link desertification and ecological quality to
vegetation, dryness or bare-soil expression, thermal conditions, and terrain-hydroclimatic
gradients [27,28]. It also aligns with ecological-vulnerability and ecological-sensitivity
studies that treat land-use stress, terrain, and ecosystem-service constraints as relevant
ecological-risk dimensions [29,36]. High-risk cells were defined as the top 20% of valid
basin cells for each layer in each year, and recurrent high-risk cells were defined as high-risk
cells in at least two benchmark years. The second step constructed two augmented ESI
scenarios and recomputed CI, annual conflict hotspots, and recurrent overlap: a moderate
scenario assigning 70% weight to baseline ESI, 15% to soil-erosion sensitivity, and 15% to
desertification risk; and a stronger scenario assigning 50%, 25%, and 25%, respectively.

Fourth, robustness was assessed at the weighting, Cl-formulation, recurrence-
threshold, and scale levels. Weight sensitivity was evaluated by recomputing all annual
TDSI, ESI, and CI surfaces with entropy weighting, an equal-priority hierarchical AHP
baseline, two deterministic unequal-preference AHP sensitivity scenarios, their element-
wise geometric-mean aggregation, a combined CRITIC—entropy scheme, and a combined
CRITIC-AHP scheme [64,65]. Preference scenario A emphasizes tourism-planning priori-
ties specified by the authors; scenario B is a documented ordinal 1-5 stress test rather than
an expert survey or active Al-generated input. All pairwise matrices had consistency ratios
below 0.10. The alternative specifications were compared using the Pearson correlation of
CI, mean and median absolute CI difference, top-conflict Jaccard overlap, recurrent-overlap
Jaccard overlap, and zone agreement.

The multiplicative CI formulation was evaluated against an additive mean model and a
difference-penalized overlap model. The additive model defines conflict as (TDSI 4 ESI) /2.
The difference-penalized model defines overlap as (TDSI + ESI)/2 — |TDSI — ESI| /2, equiv-
alent to the lower of the two subsystem scores. Recurrent-overlap sensitivity was then
tested under one-year, two-year, and three-year recurrence thresholds. Because only three
benchmark years are available, each two-year pair was also intersected and compared
with the baseline two-of-three layer; this is a descriptive decomposition of that definition,
not independent temporal validation. Scale robustness was evaluated by aggregating the
indicator stack from 1 km to 2 km through 2 x 2 block means.

Recurrent-overlap drivers were analyzed using a spatial-block XGBoost classification
model [66] with post hoc SHAP attribution [67], built from the 2013-2023 change table.
Positive samples were drawn from recurrent-overlap cells and negative samples from other
valid cells, targeting 25,000 positives and 50,000 negatives (random seed 42). The final
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sampled frame covered 410 spatial blocks, 426 counties, and all 105 sub-basins. The cell-
level case-control sample had smaller county coverage than the full county aggregation
table used in Section 3.3. Each cell was attributed with slope, relief, protected-area proximity,
nighttime-light growth rate, urban expansion, NDVI change, LST change, the coefficient of
variation of annual precipitation across the three benchmark years, 5 km-window smoothed
road-segment intensity (legacy field name: road_density), distance to river, and polygon
labels for county and sub-basin.

Following spatial-resampling principles [68], cross-validation used 50 km blocks
derived from gridded coordinates, with five folds through StratifiedGroupKFold or Group-
KFold. Before model fitting, predictor multicollinearity was checked with variance inflation
factors [69]. The 50 km block size exceeds the 1 km grid and local 3 x 3 hotspot neighbor-
hood, groups nearby cells within the same held-out spatial unit, and preserves enough
blocks for five-fold evaluation. The tuning grid comprised 200 or 300 trees, depths of
3 or 5, and learning rates of 0.03 or 0.05, with subsample and column subsample fixed at
0.8. Three-fold tuning and five-fold evaluation used the same sampled frame and were
not nested; the reported scores are therefore internal spatial-block cross-validation esti-
mates. A revision diagnostic repeated the model under 25 km, 50 km, 75 km, and 100 km
block sizes.

To test how strongly the driver result restated the composite indices, the revision
trained a reduced-feature model using nighttime-light growth, urban expansion, NDVI
change, LST change, precipitation variability, road-segment intensity, and distance to
river, excluding static slope, relief, and protected-area proximity. Because five of these
variables are transformations of index inputs, this model only partly limits circularity.
A stricter lower-bound model therefore used only road-segment intensity and distance to
river, neither of which enters TDSI or ESI. Model performance was reported with AUC,
F1, precision, recall, specificity, balanced accuracy, and fold-level confusion matrices at a
probability cutoff of 0.5. The stratified case-control design supports discrimination and
covariate-association analysis, not basin-wide probability estimation.

This final step is interpretive. The spatial-block design tests whether recurrent overlap
is statistically associated with hydroclimatic variability, terrain, accessibility, recent land-
surface change, and protection-related covariates while reducing spatial leakage. SHAP
describes model attribution rather than causation; dependence-curve uncertainty used
1000 ordinary bootstrap resamples of 3000 sampled observations (16 quantile bins; seed
20260627), not a spatial-block bootstrap. Analyses were rerun under Python 3.13.11 with
NumPy 2.2.6, pandas 2.3.3, SciPy 1.17.0, scikit-learn 1.8.0, XGBoost 3.2.0, SHAP 0.51.0,
GeoPandas 1.1.2, Rasterio 1.5.0 (GDAL 3.12.1), PyProj 3.7.2 (PROJ 9.5.1), and Shapely 2.1.2
(GEOS 3.13.1); the pinned dependency file is supplied with the code archive.

4. Results
4.1. Annual Suitability and Sensitivity Patterns

The annual TDSI and ESI surfaces show similar east-west contrasts across the three
benchmark snapshots, together with pronounced local heterogeneity linked to terrain and
development corridors. TDSI remains comparatively high in the lower- and middle-basin
corridor system. ESI is higher in terrain-constrained and protection-influenced sectors.
Annual mean CI values were 0.1659, 0.1706, and 0.1687 in 2013, 2018, and 2023, respectively,
indicating modest differences among the selected years.

The panel structure of Figure 2 clarifies this result. Panels (a—c) show that high TDSI
values form a broad corridor-oriented pattern, with the most favorable development-
support conditions concentrated in the eastern and middle-basin belt and weaker support
in terrain-constrained western sectors. Panels (d—f) reveal a contrasting ESI geography,
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with sensitivity peaking in mountain-front, relief-dominated, and protected sectors. This
comparison identifies the cells where tourism-support conditions and ecological sensitivity
overlap strongly.

Figure 2 shows that the broad comparative pattern recurs in the three snapshots while
local configurations differ, motivating repeated-classification screening without implying
long-term temporal stability.

a b c
Tourism development suitability

2013 M 2018 M 2023

Figure 2. Annual patterns of tourism development suitability (TDSI) and ecological sensitivity (ESI)
on the 1 km grid. (a—c) TDSI in 2013, 2018, and 2023. (d—f) ESI in 2013, 2018, and 2023. Color bars
show low-to-high index values; TDSI uses a blue-green scale and ESI a yellow-orange scale.

4.2. Conflict Hotspots and Recurrent Overlap Across Benchmark Years

Global Moran’s I remained very high in all three benchmark years (0.9798, 0.9786,
and 0.9792), confirming strong spatial clustering of conflict intensity. Annual conflict-
hotspot shares were 19.92%, 19.85%, and 19.84% in 2013, 2018, and 2023, respectively. Their
similarity is partly constrained by the annual 80th-percentile mask and therefore does not,
by itself, demonstrate temporal stability. The hotspot-method comparison supported the
use of the raster 3 X 3 screen: after intersection with the same top-conflict mask, the custom
hotspot layer and Getis—Ord Gi* layer had Jaccard values of 1.000, 1.000, and 1.000 in 2013,
2018, and 2023, respectively, and the local Moran high-high comparison yielded Jaccard
values of 0.996, 0.993, and 0.992.

Recurrent overlap was also substantial. Across 777,607 valid grid cells, 153,958 cells
reappeared as conflict hotspots in at least two benchmark years, equivalent to 19.80% of the
valid basin area. These cells are concentrated in middle- and lower-basin corridor sectors
and selected transitional mountain-front settings, indicating repeated relative high-conflict
classification within the three-year benchmark design.

Figure 3 makes the hotspot logic visible. Panels (a—c) show elongated clusters of high
CI values in the basin corridor and selected mountain-front segments. Panels (d—f) show
how the combined upper-quantile and local-hotspot filter narrows these broad high-CI
areas into statistically concentrated annual hotspot cores. The inset shares confirm that
hotspot extent remained nearly unchanged across benchmark years, even though exact
local configurations differed.

The transition structure complements the hotspot maps. The largest diagonal terms
in the zone-transition matrix remained within the same zone between 2013 and 2023,
especially for conflict_control and ecological_conservation. Substantial exchanges also
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occurred among priority_development, low_intervention, and conflict_control. The annual
products differ locally, and the broad geography of conflict recurs strongly enough to justify
a repeated-hotspot definition. The repeated-hotspot count and relief profile further show
that recurrent overlap is disproportionately concentrated outside the flattest parts of the
basin: the share was lowest in the 0-50 m class, increased sharply in the 50-200 m and
200—400 m classes, and then remained elevated above 400 m.

Figure 4 brings these cross-year relationships together. Panel (a) links recurrent-
overlap cells to the mean conflict field, panel (b) separates one-, two-, and three-year
recurrence, panel (c) summarizes inter-zone transitions, and panel (d) shows the fixed
local-relief profile across 0-50 m, 50-200 m, 200400 m, and >400 m classes.

2 Conflict intensity b c

2013 N 2018 N 2023

Significant hotspots

Figure 3. Annual conflict intensity and hotspot patterns. (a—c) CI surfaces in 2013, 2018, and 2023.
(d—f) Significant conflict hotspots in 2013, 2018, and 2023, with inset text reporting the hotspot share of
valid cells for each benchmark year. CI is shown from light to dark purple, while significant hotspots
are magenta against a gray background.

4.3. County and Sub-Basin Application Patterns

The grid-based conflict pattern remains interpretable after aggregation to counties
and sub-basins. Across the 436 counties with valid county-level metrics in the 2023 aggre-
gation, conflict_control was the most frequent dominant zone (180 counties), followed by
priority_development (100), low_intervention (80), and ecological_conservation (76). Seven
counties had no valid grid cells after clipping to the valid basin grid and were left without
a dominant-zone label. At the sub-basin scale, the distribution was more balanced: 32 pri-
ority_development units, 25 low_intervention units, and 24 units each for conflict_control
and ecological_conservation.

Several county-sized units in the middle-basin corridor reached recurrent-overlap
shares near 1.0, and the sub-basins with the highest shares were overwhelmingly classified
as conflict_control. This result requires scale-aware interpretation: 14 county records
contained fewer than 10 valid cells and are report-only values, not direct planning evidence;
7 additional counties had no valid cells (Table 3). More broadly, the aggregated pattern
identifies corridor and transition-zone settings where recurrent overlap occupies a large
share of analysis cells. Counties indicate where overlap may warrant administrative
follow-up. Sub-basins show how the same hotspots are embedded within the basin’s
hydrological structure.

Figure 5 should be read in two parts. Panels (a) and (b) show where recurrent overlap
concentrates after aggregation. Panels (c) and (d) summarize how aggregated units are clas-
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sified by dominant management state. The main corridor pattern is preserved at both scales,
and the balance among dominant zones becomes more even under the hydrological frame.

Mean Cl with recurrent-overlap mask

Recurrent-overlap frequency

Mean CI

= Recurrent overlap

Zone transitions from 2013 to 2023

Priority Development 13K 10

Conflct Control

Ecological Conservation 62

2013 dominant zone

Low Intervention 13 445

2023 dominant zone

Years

Terrain profile of recurrent overlap

Recurrent-overlap share

0207

®.
/ \m
0160 '

0-50

50-200 200400 >400

Local relief class

Figure 4. Cross-year recurrent-overlap and transition characteristics. (a) Mean CI with the recurrent-
overlap overlay. (b) Recurrence frequency map summarizing cells identified in one, two, or three
benchmark years. (c¢) Zone-transition matrix from 2013 to 2023. (d) Recurrent-overlap share across
fixed local-relief classes (0-50 m, 50-200 m, 200400 m, and >400 m). In panel a, darker purple
indicates higher mean CI and red marks recurrent overlap; in panel b, orange to red denotes increasing
frequency; in panel ¢, darker cells denote larger transition counts; and in panel d, the red line shows

recurrent share.

County-scale recurrent overlap

Sub-basin-scale recurrent overlap

443 county units: 14 flagged <10 cells
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Figure 5. Multi-scale aggregation of recurrent-overlap patterns. (a) County-level recurrent-overlap
share; county units with fewer than 10 valid grid cells are marked and should be treated as reference-
only screening records. (b) Sub-basin recurrent-overlap share. (¢) Dominant-zone distribution across
counties. (d) Dominant-zone distribution across sub-basins.
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4.4. Hold-Out Reference Checks and Robustness

The unadjusted hold-out reference checks provide descriptive plausibility checks for
the mapped 2023 surfaces. For the nine retained official tourism reference cells, the share
located in high-suitability cells reached 0.778, compared with 0.556 for an equal-size basin-
wide random background. Within this small sample, the retained Ministry of Culture and
Tourism 5A sites had a high-suitability share of 0.750, and the retained UNESCO World
Heritage sites had a share of 1.000. On the ecological side, 26 grid-deduplicated GBIF
threatened-mammal cells had a high-sensitivity share of 0.500, compared with 0.346 for
an equal-size basin-wide random background and 0.333 for the valid-cell ESI background.
Figure 6 maps these layers and reports the unadjusted contrasts; the spatially matched tests
follow below.

a

Official tourism references on the 2023 TDSI surface P GBIF threatened mammals on the 2023 ES! surface

nnnnnnnn

UNESCO World Heritage
T0SI Esl

c d
Official references vs random background GBIF occurrences vs random background

08

07 040 0.4
High-suitability share High-sensitivity share

Figure 6. Unadjusted descriptive reference checks for the mapped suitability and sensitivity surfaces.
Panels (a,b) map 10 official source points and 44 retained GBIF occurrence records before 1 km cell
deduplication. Panels (c,d) report high-class shares for 9 and 26 unique valid 1 km cells, respectively,
against equal-size basin-wide random backgrounds; the spatially matched checks are reported in
Figure 7. Color bars show low-to-high index values; TDSI uses blue-green and ESI yellow-orange,
colored symbols denote reference records, and gray bars denote random backgrounds.

The expanded, grid-deduplicated checks were compared with non-reference cells from
the same 50 km blocks. Official tourism cells had a high-suitability share of 0.778 versus a
matched mean of 0.563 (95% interval 0.444-0.778; empirical p = 0.043). The corresponding
contrasts were 0.477 versus 0.468 for OSM tourism POls (n = 1668, p = 0.075), 0.606 versus
0.589 for the named-attraction subset (n = 409, p = 0.072), and 0.500 versus 0.519 for GBIF
cells (n = 26, p = 0.683). Thus, only the small official-tourism sample showed a clear
positive geography-adjusted contrast at the 0.05 level. The named-attraction layer is an
OSM subset, and GBIF remains a sampling-biased alignment check. Figure 7 reports these
matched contrasts together with descriptive decile-capture diagnostics; no WDPA-derived
polygon was used as external validation.

The added ecological-constraint sensitivity analysis tests how heuristic soil-erosion
and desertification proxies change the recurrent-overlap product. Recurrent-overlap cells
intersected recurrent high soil-erosion screening areas at a lower share than the non-
recurrent background: 12.48% versus 21.24% (enrichment ratio = 0.59; Jaccard = 0.067).
The desertification-risk proxy showed weaker spatial alignment: 2.10% of recurrent-overlap
cells versus 23.46% of background cells (enrichment ratio = 0.09; Jaccard = 0.011). When
these proxies were inserted into ESI and the full CI-hotspot workflow was recomputed,
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the 70/15/15 scenario produced a recurrent-overlap share of 18.66% and a Jaccard of 0.592
against the baseline layer. The 50/25/25 scenario produced a similar share of 18.96% but a
lower Jaccard of 0.288. Figure 8 therefore shows similar aggregate extent but materially
different local membership; the proxies reuse the existing indicator stack and are not
substitutes for independent RUSLE or official desertification products.

@ Expanded reference-layer samples vs spatially

= Reerence colls
50k bock-matched oells

‘GBIF threatened mammals

10" 10
Grid-deduplicated reference cells (log scale)

© Decile capture curves 9 Geography-adiusted high-class contrast

_— -__
——

OSM tourism POs |

‘GBIF threatened mammals -

04 03

6
Minimum index decile

Figure 7. Expanded reference-alignment diagnostics. (a) Grid-deduplicated reference-cell counts by
layer, shown on a log scale. (b) High-index share of each reference layer compared with a 50 km
block-matched background. (c) Descriptive decile-capture curves for the TDSI- and ESI-based checks;
the dotted gray curve shows the valid-raster background share. (d) Descriptive top-decile enrichment
ratios, with the dashed vertical line marking no enrichment relative to that background.

€ Baseline and augmented-ESI consensus.

@ Soil-erosion proxy, 2023 b Desertification-risk proxy, 2023
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Figure 8. Additional ecological-constraint and augmented-ESI sensitivity diagnostics. (a) Soil-
erosion screening layer in 2023. (b) Desertification-risk screening layer in 2023. (c) Consensus
membership across the baseline recurrent-overlap layer and two augmented-ESI recurrent layers.
(d) Overlap between recurrent-overlap cells and omitted ecological-constraint screening layers
compared with other valid cells. (e) Recurrent-share and Jaccard response after inserting soil-
erosion and desertification screening layers into ESI. (f) Pairwise Jaccard overlap among baseline and
augmented recurrent layers.

The robustness diagnostics produced a clear uncertainty hierarchy. Entropy weighting
changed local CI values substantially: substituting entropy weighting for CRITIC yielded
year-specific CI correlations of 0.371, 0.388, and 0.386, and zone agreement of 0.681, 0.713,
and 0.692. Its recurrent-overlap share was 4.91%, with Jaccard 0.173 relative to CRITIC.
The equal-priority AHP specification produced a recurrent-overlap share of 19.62% and
Jaccard 0.849; preference scenarios A and B produced shares of 18.21% and 17.79%, and the
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Absolute Cl difference: CRITIC vs entropy weighting

geometric-mean aggregation produced 19.52%. The combined CRITIC-AHP specification
produced a share of 19.84% and Jaccard 0.906, whereas combined CRITIC—entropy pro-
duced 12.43%. Only 21,820 cells (2.81% of the valid domain) were retained by all eight
weighting specifications; this is a strict agreement subset, not a statistical confidence region.
Figure 9 locates weighting differences and contrasts them with 1 km to 2 km scale transfer;
Figure 10 maps cross-scenario membership.

b c

2013

2018 N 2023 N

e
Alternative weighting schemes remain directionally consistent Agreement under 2 km resampling

P

2013
.| @ 20

® 2
@ 2013-2023 pooled hotspot

Top-conflict Jaccard °

2013

2018 2023 090 092 094 096 098 1.00

Figure 9. Robustness diagnostics for weighting and spatial scale. (a—c) Absolute CI differences be-
tween the CRITIC and entropy-weighting schemes in 2013, 2018, and 2023. (d) Cross-year robustness
metrics under alternative weighting. (e) Scale-transfer metrics comparing the 2 km and 1 km outputs.
Darker blue denotes larger absolute CI differences; blue, orange, and green identify the metrics in
panel (d), while the legend in panel (e) identifies year colors and the purple pooled estimate.

The CI formulation, recurrence-threshold, and percentile-threshold tests further bound
the main conclusion. Under the baseline multiplicative model, recurrent-overlap shares
were 22.50%, 19.80%, and 17.32% for one-, two-, and three-year thresholds, respectively.
The additive mean model gave a two-year share of 19.88% and a Jaccard of 0.848 against
the baseline two-year recurrent layer. The difference-penalized model was more restrictive,
producing a two-year recurrent share of 15.60% and a Jaccard of 0.217. Exact local bound-
aries therefore depend on whether conflict is defined as joint intensity or strict subsystem
balance. When the CI percentile cutoff varied from 70% to 90%, two-year recurrent shares
decreased from 23.43% and 23.12% at the 70th and 75th percentiles to 14.96% and 10.11%
at the 85th and 90th percentiles. Jaccard overlap relative to the 80th-percentile baseline
was 0.845, 0.857, 0.755, and 0.511 for the 70th, 75th, 85th, and 90th percentile alternatives;
Table 4 reports the requested annual and recurrent cell counts. The two-year pair decom-
positions retained 90.5-93.8% Jaccard overlap with the two-of-three layer, with pairwise
shares of 17.92-18.56%; however, they are deterministic subsets of the same three snapshots
rather than independent temporal validation. Figure 10 summarizes scenario membership;
because percentile sets are nested, stricter agreement identifies smaller retained subsets
rather than independently validated confidence regions.
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Table 4. Hotspot cell-count sensitivity to the annual CI percentile cutoff. Recurrent counts use the
same two-of-three benchmark-year rule; Jaccard is relative to the 80th-percentile recurrent layer.

CI Cutoff 2013 Cells 2018 Cells 2023 Cells Recurrent Cells Recurrent Share Jaccard
70th 193,093 180,813 167,889 182,171 23.43% 0.845
75th 188,772 178,675 167,597 179,749 23.12% 0.857
80th 154,886 154,356 154,289 153,958 19.80% 1.000
85th 116,458 116,311 116,460 116,312 14.96% 0.755
90th 77,701 77,682 77,745 78,614 10.11% 0.511
Table 5 compiles the core recurrent-overlap, hold-out reference-check, robustness,
and model-performance metrics reported throughout the manuscript.
Figure 10. Multi-scenario recurrent-overlap consensus diagnostics. (a) Weighting-scheme sen-
sitivity, with bar labels reporting recurrent-overlap share. (b) Percentile-threshold sensitivity.
(c) CI-formulation sensitivity. (d) Leave-one-year recurrence stability for the three two-year pairs.
(e) Consensus-retention curves showing the share of each diagnostic-family union retained as scenario
agreement becomes stricter. (f) All-diagnostic consensus score map.
Table 5. Core recurrent-overlap, hold-out reference-check, robustness, and model-performance diagnostics.
Category Metric Value
Recurrent overlap Valid grid cells 777,607
Recurrent overlap Recurrent-overlap grid cells 153,958
Recurrent overlap Recurrent-overlap share 19.80%
Hotspot evolution Hotspot share in 2013 19.92%
Hotspot evolution Hotspot share in 2018 19.85%
Hotspot evolution Hotspot share in 2023 19.84%
Matched reference check S\fj;crial tourism high-suitability share vs. 50 km block-matched 0.7778 vs. 0.5633 (p — 0.043)

Matched reference check
Matched reference check
Matched reference check
Reference check

Hold-out reference check

0.4772 vs. 0.4685 (p = 0.075)
0.6064 vs. 0.5886 (p = 0.072)

OSM tourism POI high-suitability share vs. matched mean
Named-attraction high-suitability share vs. matched mean
GBIF high-sensitivity share vs. matched mean 0.5000 vs. 0.5190 (p = 0.683)
Official tourism; OSM POI; named-attraction; GBIF unique cells 9; 1668; 409; 26

GBIF threatened-mammal species 11
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Table 5. Cont.

Category Metric Value

Additional Ricu;rifrelnt—love;lap cells intersecting recurrent high soil-erosion 12.48%

ecological-constraint check screening faye

Additional Recur];e'rlt-c?verlé'ip cells m'tersectmg recurrent high 210%

. . desertification-risk screening layer

ecological-constraint check

Additional Jaccard with recurrent high soil-erosion; desertification layer 0.067; 0.011

ecological-constraint check

Augmented ESI sensitivity Recurr.ent share under 70/15/15 and 50/25/25 ESI/soil / desert 18.66%; 18.96%
scenarios

Augmented ESI sensitivity i{cteec;;l';f(z)r;t Jaccard vs. baseline under 70/15/15 and 50/25/25 0.592; 0.288

Weight robustness CI correlation (CRITIC vs. entropy), 2013-2023 0.3706; 0.3880; 0.3864

Weight robustness Entropy recurrent share; Jaccard vs. CRITIC 4.91%; 0.173

e obunes, Nt sareunder el AL prfernce st Aoy v 17
P s rOUp ALY 19.52%; 19.84%

Weight robustness Cells retained by all eight weighting specifications 21,820 (2.81% of valid cells)

Percentile-threshold
robustness

Percentile-threshold
robustness
Leave-one-year recurrence
Leave-one-year recurrence
Hotspot method check
Hotspot method check

CI formulation

Scale robustness

Scale robustness
Internal full-model
performance
Reduced-feature model
Reduced-feature model

Strict external-covariate
model
Driver importance

Two-year recurrent share at 70th; 75th; 80th; 85th; 90th CI
percentiles

23.43%; 23.12%; 19.80%;

14.96%; 10.11%

Jaccard vs. 80th-percentile recurrent layer at 70th; 75th; 85th; 90th 0.845; 0.857; 0.755; 0.511

percentiles

Pairwise recurrent share, 2013-2018; 2013-2023; 2018-2023 18.56%; 17.94%; 17.92%

Jaccard vs. three-year two-of-three recurrent layer 0.938; 0.906; 0.905
Jaccard, custom screen vs. Getis—Ord Gi*, 2013-2023 1.000; 1.000; 1.000
Jaccard, custom screen vs. local Moran high-high, 2013-2023 0.996; 0.993; 0.992
Tx./vo-year recurrgnt share, multiplicative; additive; 19.80%; 19.88%; 15.60%
difference-penalized

CI correlation (2 km vs. 1 km), 2013-2023 0.9995; 0.9994; 0.9990
Recurrent-hotspot Jaccard 0.9232

Mean AUC; F1; precision; recall 0.9421; 0.8074; 0.7633; 0.8591
0.8661; 0.6956; 0.6621; 0.7385
Precipitation variability = 0.185;
LST change = 0.082; road
intensity = 0.044

0.6799; 0.5378

Mean AUC; F1; precision; recall
Leading permutation-importance AUC drops

Mean AUC; F1
Top SHAP features Precipitation variability; LST
change;

protected-area proximity

4.5. Spatial-Block Driver Interpretation

The full spatial-block XGBoost classifier distinguished recurrent-overlap cells from
other sampled valid cells with mean scores of AUC = 0.942, F1 = 0.807, precision = 0.763,
and recall = 0.859 across five folds. These are internal, non-nested spatial-block cross-
validation scores for a case-control sample, not external generalization or calibrated basin-
wide probabilities. Multicollinearity was low: the largest VIF was 2.62 for relief, fol-
lowed by 2.56 for slope, and all remaining predictors were below 1.20. The grid selected
300 estimators, maximum depth 5, learning rate 0.05, subsample 0.8, and column subsample
0.8. At the 50 km block size, the five fold-level confusion matrices (TN, FP, EN, TP) were
(8978, 972, 827, 4170), (8746, 1250, 618, 4360), (8750, 1323, 896, 4143), (8180, 1828, 469, 4515),
and (8609, 1364, 716, 4286). Mean AUC declined from 0.951 at 25 km to 0.942 at 50 km,
0.934 at 75 km, and 0.926 at 100 km; mean F1 remained between 0.777 and 0.822. Figure 11
presents the resulting covariate-association diagnostics.
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SHAP ranked precipitation variability (precip_cv), land-surface thermal change (Ist_cha-
nge), protected-area proximity (protected_proximity), relief, and road-segment intensity as
the leading variables in the fitted full model. Hydroclimatic variability produced the largest
mean absolute SHAP values, followed by thermal change and protection proximity. These are
model-attribution rankings for the sampled covariates, not causal effects.

The dependence plots show a negative association for precipitation variability. Lower
precip_cv values had positive SHAP contributions, and recurrent-overlap share in the
sampled frame declined from 0.596 in the lowest precip_cv quintile to 0.086 in the highest
quintile. Protected-area proximity and road-segment intensity showed increasingly positive
fitted contributions toward the upper ends of their observed ranges. In 2023, the 200-400 m
relief class had the highest recurrent-overlap share (0.218), with mean TDSI of 0.553 and
mean ESI of 0.319. These patterns describe the classifier and do not establish hydroclimatic,
access, or terrain mechanisms.

o Cross-validation performance ¢ Dependence patterns

@124
4

0.90
0

Score
L]
SHAP value

080

075

2%

Mean |SHAP| value

SHAP value
° N

08 1.0 12 AuC F1 Precision Recall 000 005 010 015 020 025 030 035 040

Precipitation variability

00 02 04

Protected-area proximity

06 08 10 0 5 10 15 20 25 0 250 500 750 1000 1250 1500 1750
Road-segment intensity Relief

Figure 11. Internal spatial-block driver interpretation based on XGBoost-SHAP. (a) Mean absolute
SHAP feature importance. (b) Cross-fold model performance. (c—f) Dependence relationships for
precipitation variability, protected-area proximity, 5 km-window road-segment intensity, and relief,
respectively. Gray dots in panel b show individual folds and larger colored dots show metric means;
light-blue dots in the dependence panels show cell-level SHAP values. Orange lines indicate binned
median SHAP values; shaded bands are ordinary-bootstrap 95% intervals for the binned medians
and are not spatial uncertainty intervals.

The reduced-feature model achieved mean AUC = 0.866 and mean F1 = 0.696 across
five 50 km folds; however, five predictors remained transformations of index inputs.
The stricter model using only road-segment intensity and distance to river achieved
AUC = 0.680 and F1 = 0.538, providing a more appropriate lower-bound circularity check.
Figure 12 compares these models and presents Luanchuan County only as a model-based
evidence-sequencing illustration.
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Figure 12. Circularity-boundary checks and a county-level illustration. (a) Permutation importance
for the strict model using only road-segment intensity and distance to river. (b) Internal spatial-block
cross-validation scores for the partly index-related reduced model and the strict two-covariate model.
(c) Model-derived 2023 zones in Luanchuan County with OSM roads, rivers, and named tourism
features. (d) Zone shares and recurrent membership; conditional evidence triggers are described in
Section 5.3. The county panels illustrate evidence sequencing and have not been validated against a
local statutory plan or field survey.

5. Discussion
5.1. Why a Grid-Based Conflict Workflow Matters

The central value of this study lies in its planning-oriented integration of familiar data
streams. The Yellow River Basin already has a substantial literature on tourism, ecology,
and spatial planning. The missing applied step is to place tourism-support conditions and
ecological sensitivity on the same grid and compare their overlap across benchmark years.
The workflow converts multisource observation and contextual data into annual gridded
products, derives hotspot and recurrent-overlap layers, and reports the same evidence at
county and sub-basin scales.

Administrative tourism studies typically ask where development performance differs
across policy units. Ecological monitoring studies ask where environmental conditions vary
or change. The present workflow asks where tourism-support conditions and ecological
constraints coexist strongly enough to warrant planning attention. Its contribution is
integrative, operational, and application-oriented: it harmonizes multisource observation,
fixed-grid comparison, recurrent-overlap screening, and multi-scale reporting within a
reproducible assessment chain.

5.2. What Recurrent-Overlap Screening Adds Beyond Annual Mapping

A key contribution of the results is the distinction between an annual hotspot and
repeated membership across the three snapshots. A single-year high-conflict map can
reflect environmental conditions, compositing artifacts, and development signals specific to
that benchmark year. The recurrent-overlap map identifies cells that re-enter annual relative
hotspot sets; it is a repeated-classification screening product, not evidence of long-term
structural persistence.

The multi-scale results reinforce this interpretation. Counties and sub-basins with
high recurrent-overlap shares remain concentrated in corridor and transition settings
that are plausible in both governance and hydrological terms. This feature gives the

https://doi.org/10.3390/su18168182


https://doi.org/10.3390/su18168182

Sustainability 2026, 18, 8182

22 of 27

workflow applied value: it carries gridded evidence into units that can be interpreted
within planning systems.

5.3. Planning and Management Implications

The 19.80% recurrent-overlap share is a screening layer for differentiated follow-up.
Priority_development cells combine high TDSI with comparatively low ESI and may
be prioritized for finer assessment of service upgrading or visitor-flow improvement.
Conflict_control cells combine high TDSI and high ESI and identify locations where project
review should examine development intensity, visitor capacity, ecological compensation,
restoration obligations, and monitoring before approval.

Ecological_conservation cells combine high ESI with lower TDSI and flag protection
or restoration questions for detailed review. Low_intervention cells have lower relative
values on both axes and may be monitored where accessibility or land-use pressure changes.
These four model-derived categories are screening prompts rather than legal zoning or a
binary go/no-go decision.

Luanchuan County provides a model-based illustration of this evidence-sequencing
logic, not a validated local implementation case. Of 2124 valid cells, 2049 (96.47%) were
classified as conflict_control; 2013 of those cells (98.24%) also belonged to the recurrent layer.
The resulting dominance is useful for showing where finer evidence would be requested,
but it does not demonstrate that local authorities adopted the zones or that proposed actions
are feasible. The model classes therefore serve only as conditional triggers for parcel-level
ecological survey, statutory red-line review, visitor-capacity analysis, erosion-control design,
or monitoring rather than prescribing an action from the raster alone.

5.4. Interpretation Boundary of the Hold-Out Reference Checks

The reference checks support plausibility only within a specific evidence bound-
ary. The tourism analysis uses a small official sample plus larger OSM tourism POI and
named-attraction layers; the latter is a subset of OSM rather than independent evidence.
The ecological check uses GBIF threatened-mammal occurrences, which reflect reporting
effort, accessibility bias, and taxonomic incompleteness. WDPA-derived polygons were
excluded because WDPA proximity enters ESL

The 50 km block-matched results were mixed: only the nine-cell official-tourism
sample showed a positive contrast at p < 0.05, whereas OSM, named-attraction, and GBIF
contrasts were not clear. These are reference-alignment checks, not external accuracy
validation; ground-truth assessment needs denser independent field or management data.

The next evaluation step needs denser official tourism inventories with time stamps,
additional biodiversity or habitat layers, and independent field or management datasets
outside the current indicator construction. This evidence base is required for stricter and
more temporally explicit testing of the screening products.

5.5. Robustness, Limitations, and Transferability

The robustness results reveal a useful uncertainty hierarchy. Entropy weighting re-
tained only 4.91% of valid cells as recurrent overlap and had Jaccard of 0.173 against
CRITIC, whereas the 1 km to 2 km recurrent-hotspot Jaccard was 0.923. The difference-
penalized CI definition also changed local membership materially (Jaccard 0.217), and the
90th-percentile cutoff identified a smaller 10.11% recurrent subset. The two-year pair re-
sults decompose the selected three-year rule but do not constitute independent temporal
validation. The augmented-ESI proxies yielded similar recurrent shares but Jaccard values
of only 0.592 and 0.288. Accordingly, multi-scenario retention can identify a conserva-
tive agreement subset, while single-weight or single-formulation local rankings remain
exploratory; agreement counts are not probabilities or confidence regions.
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Several data boundaries guide interpretation. First, the ESI indicator system empha-
sizes terrain, thermal stress, hydroclimate, vegetation and water importance, and protected-
area proximity. The added soil-erosion and desertification layers are heuristic recombina-
tions of much of the same indicator stack; their similar aggregate shares do not validate
ecological completeness, and their lower local Jaccard values expose construction sensi-
tivity. Full RUSLE-based soil-loss products, official desertification and ecological-red-line
boundaries, and species-distribution or habitat models are needed for a stronger ecolog-
ical assessment. The GBIF result is a sampling-biased spatial-alignment check, not an
independent ESI accuracy test.

Second, the protection-related ecological constraint uses a dynamic WDPA “current”
asset whose exact monthly vintage was not archived; historically varying boundaries are
needed for temporal interpretation. The VIIRS workflow did not use the cf_cvg coverage
band, MOD11A2 accepted mandatory-QA codes 0 and 1, and the 2023 MCD12Q1 proxy
should be interpreted cautiously. Exact OSM replication metadata and the county-boundary
source/version remain provenance gaps. Third, consistently gridded multi-year visitor
volume, market accessibility, seasonality, and expenditure data are needed to represent
tourism demand. Fourth, the three benchmark snapshots do not support climate-trend or
long-term persistence inference.

Additional data and modeling choices define use conditions for the outputs.
The official-tourism reference set is authoritative but very small; OSM adds coverage
with volunteer-data heterogeneity. The accessibility term is a smoothed road-segment
count/intensity rather than road length per square kilometre. The 14 counties with fewer
than 10 valid cells are report-only, and 7 counties have no valid cells. SHAP explains the fit-
ted stratified classifier. The seven-variable reduced model still contains five transformations
of index inputs; the strict two-covariate model lowers AUC to 0.680 and F1 to 0.538. Neither
model supports causal inference or calibrated basin-wide probabilities, and both require
genuinely independent covariates and external validation for stronger mechanism claims.

The outputs support regional prioritization before project-level evaluation. A 1 km
cell can contain mixed land uses, small protected features, slope breaks, settlement patches,
and visitor facilities that exceed the spatial detail of the basin-scale raster. The annual
indicator stack is based on remote-sensing composites and generalized contextual layers.
Project approval requires parcel-level surveys, legal red-line checks, engineering constraints,
cultural-resource assessment, field-verified habitat inventories, environmental impact
assessment, and stakeholder review. The contribution of the present workflow is to identify
where those detailed evaluations should be directed first.

Together, these boundaries position the workflow as a reproducible planning-support
tool for regional screening, relative comparison, and pattern diagnosis. Within that bound-
ary, the approach should be transferable to other large river basins or mountain-front
tourism regions that require harmonized benchmark-year products, explicit overlap anal-
ysis, and consistent translation from grid evidence to management units. The clearest
extensions are denser benchmark years, historically varying protection constraints, broader
official tourism inventories, and additional external ecological reference layers.

6. Conclusions

This study developed a GEE-supported geospatial screening workflow for mapping
tourism development suitability, ecological sensitivity, and their overlap across the Yellow
River Basin in 2013, 2018, and 2023. The resulting TDSI, ESI, and CI products show strong
spatial clustering, and 153,958 cells (19.80% of the valid domain) entered the annual relative
hotspot set in at least two benchmark years. This result identifies repeated classification in
the selected snapshots, not long-term structural persistence.
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The mapped pattern remains interpretable after county and sub-basin aggregation,
but the evidential checks set clear limits. The 50 km matched reference results were mixed;
scale aggregation preserved broad geography, whereas weighting, CI formulation, per-
centile cutoff, and augmented ecological constraints changed local membership materially.
Cells retained across several scenarios provide a conservative follow-up subset, not a
statistical confidence region.

For environmental planning and natural-resource management, the main contribu-
tion is a reproducible applied-science workflow linking multisource geospatial evidence,
fixed-grid overlap analysis, recurrent-hotspot screening, and multi-scale interpretation.
The outputs are most appropriate for regional screening and follow-up prioritization. Site-
specific planning or project approval should be supported by field investigation, official
tourism-resource inventories, and independent ecological evidence.
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