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Abstract

Large-scale species distribution modeling (SDM) is fundamental
to biodiversity conservation, yet it is severely constrained by spa-
tial sampling bias and pseudoreplication. To bridge this gap, we
introduce FlywayBench, a macroecological benchmark specifically
designed for long-range spatial inference. Distilled from 30M+ raw
records via an automated debiasing pipeline, FlywayBench pro-
vides 14.2 million high-quality observations for 155 species across
26 years, mapped to 4,554 grid nodes with aligned environmental
covariates and Americas Flyway topological priors. To validate
its utility, we propose FlywayGNN, a heterogeneous graph neural
baseline that couples local adjacency with migratory connectivity.
Blind extrapolation on a South American holdout shows that Fly-
wayGNN outperforms the non-spatial baseline and achieves mod-
est gains over Vanilla GCN. This work establishes a critical data
foundation and evaluation paradigm for macroecological modeling
under sparse and biased supervision. Our source code is available
at https://github.com/CHANG-1125/FlywayBench.
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1 Introduction

Understanding species’ geographic distributions at the global scale
is critical for biodiversity conservation, climate-change response,
and macroecological research [16]. In recent years, crowdsourced
community-science platforms such as eBird have accumulated tens
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of millions of observations, providing a rich empirical foundation
for Species Distribution Models (SDMs) [29]. Mining ecological
signals from such globally scaled archives—and predicting species
distributions and habitats, including cross-continental SDM—has
become a central frontier at the intersection of data mining, machine
learning, and ecology.

Although community-science platforms provide unprecedented
volumes of ecological observations, robust macro-scale learning is
constrained by data-quality issues. Crowdsourced archives exhibit
unstructured noise, spatial heterogeneity, and sampling bias [1, 31];
disciplined data-curation pipelines—spatial filtering, de-duplication,
and debiasing—are therefore needed to distill coherent spatio-
temporal signals [22]. Yet when structured ecological priors are
weak or absent, cross-continental SDM still faces two intertwined
challenges:

e Crowdsourced observations carry geographic and
socioeconomic sampling biases. Presence-only reporting
creates uncertain absences, while repeated reports can
introduce pseudoreplication. In sparsely observed grid cells,
models easily equate unobserved with true absence and may
learn the observation process rather than niche
mechanisms [3].

e Classical SDMs—such as tree-based ensembles [7] and
simple feedforward networks—often treat locations as i.i.d.
samples and fall into the observation-effort trap, conflating
human accessibility with habitat preference, which makes
rigorous evaluation of spatial models difficult at continental
scales [25].

To address these challenges, we construct a continental-scale
macroecological benchmark dataset designed for long-range spatial
extrapolation. Extracting this high-quality corpus from unstruc-
tured crowdsourced archives relies on our Automated Spatiotem-
poral Data Curation and Debiasing Pipeline. By applying flyway-
aware vector polygon filtering and effort-aware de-duplication,
the pipeline effectively mitigates spatial noise and pseudoreplica-
tion biases. This curation distills over 30 million raw eBird records
(2000-2025) into 14,241,680 standardized observations, mapping
them to 4,554 macroscopic 1° X 1° grid nodes paired with aligned
multi-source environmental covariates for 155 focal waterbirds.
Furthermore, to validate the practical utility of this dataset and
its embedded macro-topological priors, we introduce FLywayGNN,
a heterogeneous graph neural baseline. By coupling long-range
migratory connectivity with local spatial adjacency, FLywayGNN is
designed to enrich training-domain representations with migratory
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topology and to evaluate extrapolation into sparse South American
domains.
The core contributions are threefold:

o We assemble FlywayBench, a 26-year (2000-2025) spatio-
temporal corpus yielding 14,241,680 high-confidence records
for 155 target waterbird species. Mapping these observations
to 4,554 1°x1° grid nodes with aligned environmental covari-
ates provides a quantitative substrate for cross-continental
SDM.

o We design the Automated Spatiotemporal Data Curation
and Debiasing Pipeline to process massive community-
science archives. Integrating flyway polygon screening and
effort-aware de-duplication, it mitigates inherent observa-
tion bias and converts raw unstructured checklists into a
standardized gridded ecological network.

e We develop FLYWAYGNN as a topology-aware heterogeneous
graph baseline that combines local spatial adjacency with
migratory-corridor priors. On the South American holdout,
it provides modest aggregate improvements over the spatial
GCN and reconstructs ecologically plausible habitat patterns,
demonstrating that FlywayBench supports controlled com-
parison of local and long-range graph models.

2 Related Work
2.1 Observation Bias and Data Mining

Community-science platforms (e.g., eBird and iNaturalist) have en-
abled large-scale species modeling in machine learning [30]. How-
ever, these data are largely presence-only and spatially biased, so
observation intensity often reflects accessibility and observer behav-
ior rather than true ecological patterns [3]. Debiasing such records
to recover reliable ecological signal is therefore a key data-mining
challenge [14].

2.2 Spatial Gridding and Pipelines

Reliable benchmarks must account for distribution shift between
training and test domains, as highlighted by WILDS [24]. Recent
spatiotemporal data-mining pipelines in environmental settings
(e.g., PM2.5-GNN and kriging-style extrapolation) combine remote-
sensing covariates with spatial gridding to standardize prediction
targets [20, 34]. Prior work also shows that spatiotemporal filtering,
background sampling, and de-duplication are important to reduce
sampling bias [26].

2.3 Spatial Benchmarks for Graph Neural
Networks

GNN s are increasingly used for spatiotemporal dependency mod-
eling and extrapolation/kriging at unobserved locations [20, 36].
Yet many spatial datasets still rely on local proximity or adminis-
trative partitions [33], which are limited for long-range ecological
processes. Motivated by this gap, we construct a migration-aware
benchmark from large-scale crowdsourced observations and evalu-
ate heterogeneous GNNs on it.
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Table 1: Summary of dataset construction and preprocessing
pipeline.

Category Parameter Value

Platf Bi
Data source atform cBird

Time window 2000-01-01-2025-12-31

Taxonomy base Species count WPE & IUCN Red List
Species pool Candidate species pool size 871

Raw data Extracted records 30,733,699

Final target Modeled species count (|S]) 155 target waterbird species

Final dataset Filtered records 14,241,680

Table 2: Geographic profiles of the Americas Flyway System.

Route Longitude Latitude Area

Pacific [-180.0° ~ —63.7°]; [152.2° ~ —56.1° ~ 73.9° 2130
180.0°]

Central —-130.3° ~ —50.9° —55.0° ~ 80.0° 30.45

Atlantic —107.5° ~ —33.2° —56.0° ~ 82.1° 33.89

3 Automated Spatiotemporal Data Curation and
Debiasing Pipeline
This section presents the proposed Automated Spatiotemporal Data
Curation and Debiasing Pipeline, built upon 26 years of unstruc-
tured observation records from eBird [9]—a global community-
science platform operated by the Cornell Lab of Ornithology [29].
To bridge biased crowdsourced point clouds and machine-learning-
ready inputs, we implement a four-stage workflow: (1) vector poly-
gon spatial filtering to retain flyway-relevant records; (2) macro-
scopic spatial gridding to discretize observations; (3) effort-aware
debiasing to mitigate the "group birding" effect and pseudoreplica-
tion; and (4) multi-scale environmental feature alignment to pro-
vide ecological context. This pipeline transforms massive, irregular
archives into a standardized, graph-ready spatiotemporal substrate.

3.1 Data Acquisition and Species Definition

As summarized in Table 1, taxonomy follows the “Waterbird Popu-
lation Estimates” (WPE) standard [10] and is cross-validated against
the BirdLife-assessed IUCN Red List [5]. Using species scientific
names within a fixed time window, we initially retrieved over 30
million raw observation records.

We use the Americas Flyway System as a macro-spatial topo-
logical prior. Specifically, we apply Americas flyway geographic
polygons sourced from BirdLife International’s spatial conservation
layers (BirdLife Data Zone) [4], distributed under their applicable
terms, in the WGS84 coordinate reference system (EPSG:4326). To
eliminate out-of-domain noise, we prescreen the initial point clouds
using a global bounding box (longitude [-180.00°, 180.00°], lati-
tude [-56.11°,82.08°]), followed by a rigorous point-in-polygon
filtering process based on equal-area summaries. Table 2 reports
the corridor ranges and projected areas, and Figure 2 illustrates the
corresponding subregions.

At the species level, we cross-match flyway-covered taxa with
eBird-observed taxa [9] by exact scientific name. This refinement
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Figure 1: Overview of the automated spatiotemporal data curation and debiasing pipeline.
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Figure 2: Americas flyway subregions for spatial filtering
and topology priors.

yields 14,241,680 observations within Americas flyway corridors
and a final modeling set S with |S| = 155.

3.2 Gridding and Feature Alignment

To convert irregular observations into graph-ready nodes, we per-
form standardized gridding over the Americas flyway corridors
under WGS84. The region is partitioned into fixed 1° x 1° cells
(about 110km X 110 km near the equator, with area decreasing

toward higher latitudes) [19]. Using a floor operation, each obser-
vation is mapped to a unique grid identifier:

i=(cg,c) = (141, [A]). 1)

Here, ¢ and A denote raw latitude and longitude, and cg, c; are
grid indices. This topological discretization step substantially re-
duces the dimensionality of massive point-cloud data and extracts
4,554 spatial grid cells with valid historical observations across the
Americas flyway region.

3.3 Spatial Debiasing and Occurrence Matrix

Although eBird’s standardized checklist mechanism provides broad
coverage, it is susceptible to Group Birding Effect: repeated re-
ports in the same spatiotemporal context can inflate abundance
and effort. Following eBird-consistent principles [29], we apply
spatial-temporal deduplication. After gridding, let R be the raw
record set and each record be r = (s, i,t,c); for each group with
identical (s, i,t), denoted R; s, we use the maximum count as the
daily abundance estimator:

Cise = max (). @

VERi,s,t

For blind-count entries, we retain numeric counts (¢ > 0) and map
presence-only markers (¢ = ’X’) to 1 [21]. We then flatten the
temporal dimension within the 26-year window T (2000-2025) and
define static occurrence labels:

Yis = I(Z éi,s,t > 0) . (3)

teT
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Figure 3: Gridded species-richness overview with regional zoom-ins (B1/B2) after spatial debiasing.

A species is marked present if any valid signal appears in the full
time window, yielding Y € {0, 1}*°%4*155 for graph learning.

3.4 Feature Alignment and Imputation

Using Google Earth Engine [15], we retrieve four grid-aligned indi-
cators over 2000-2025: (1) mean NDVI from MOD13A2 [11]; (2) day-
time land-surface temperature from MOD11A2 [32]; (3) mean eleva-
tion from the Copernicus GLO-30 digital elevation model [12]; and
(4) water fraction from the JRC Global Surface Water maxextent
layer (30 m; area-normalized to [0, 1]) [28].

For missing NDVI/LST values, we apply median imputation esti-
mated during preprocessing on the assembled feature matrix (not
restricted to the geographic training split) and append missingness
indicators. DEM missingness (mainly open-ocean cells) is imputed
with Om using the same indicator strategy, while maxextent re-
quires no imputation. Each node receives a feature vector x; € R’
(four continuous covariates plus three missingness indicators), form-
ing aligned X € R*%*? and supervision Y € {0, 1}*°*™, and
supporting subsequent heterogeneous SDM graph modeling [18].

3.5 Dataset Summary

Through the proposed pipeline, we construct FlywayBench, pro-
viding a standardized foundation for cross-continental SDM. The
final corpus includes:

e Scale & Scope: 14,241,680 high-confidence observations (dis-
tilled from 30,733,699 raw records) spanning a 26-year win-
dow (2000-2025) for 155 focal waterbird species.

e Spatial Graph Basis: 4,554 macroscopic 1° X 1° grid nodes
distributed across the Americas flyway corridors.

o Node Features (X): A 7-dimensional feature vector per node,
integrating core environmental covariates (NDVI, LST, DEM,
and Water Fraction) and missingness indicators.

Lot ()

(c) DEM (d) Water Fraction

Figure 4: Multi-source environmental covariates at 1° x 1°
resolution: (a) NDVI, (b) daytime LST, (c) elevation, and (d)
water fraction, used as node features in the graph.

e Supervision Matrix (Y): A static binary occurrence matrix
Y € {0, 1}*35%155 capturing effort-debiased species presence
across the full temporal window.

Taken together, this curated corpus reduces unstructured spatial
bias and pseudoreplication relative to raw checklists, yielding a
graph-ready substrate for evaluating long-range spatial inference.
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4 FLYwayGNN: A Heterogeneous Graph Neural
Framework with Migratory Topological Priors

To explicitly validate the utility of the proposed dataset and its
embedded macroecological priors, we introduce FLywayGNN, a het-
erogeneous graph neural framework. To tackle cross-continental
extrapolation under sparse supervision, FLyWAYGNN employs a
dual-channel topology that couples local spatial adjacency with
long-range migratory connectivity. Through heterogeneous mes-
sage passing, it learns training-domain representations using mi-
gratory topology and evaluates them under South American ex-
trapolation.

4.1 Graph Construction

4.1.1 Graph Formulation. Let V = {vi}fil denote the valid grid-
node set, where N=4554. We define the graph

G =(V,&X). (4)

Here, & denotes heterogeneous edges for local spatial proxim-
ity and macro-scale flyway connectivity (Section 4.2). The matrix
X € RVN*4 gtacks node-feature rows x; € R4 (climatic, vegetation,
hydrological, and terrain covariates); Section 3.4 sets d = 7.

4.1.2  Debiasing-Aware Supervision. We formulate intercontinental
species-distribution inference as multi-label node classification on
G.Let S be the target species set with cardinality |S| = m = 155. We
define the observation label matrix Y € {0, 1}V*™, where y; s = 1
indicates species s is observed in node v;, and 0 otherwise. To handle
uncertain and missing labels in crowdsourced data, we introduce
a supervision mask matrix M € {0, 1}¥*™ following masked-loss
principles [8].

e High-confidence entries (m;s = 1): the node-species pair
(vi, s) has reliable positive evidence, or is treated as a
reliable negative after effort-aware debiasing; gradients are
enabled.

e Uncertain missing entries (m;; = 0): the pair lacks
sufficient effort support and remains status-unknown. The
term is masked out so that unobserved entries are not
treated as true absences.

4.2 Hybrid Topology Construction

To jointly encode local spatial autocorrelation and long-range mi-
gratory connectivity, we define the edge set as

&=8EsUEr. )

4.2.1 Spatial Adjacency Edges (Es). Spatial edges are built from the
Moore 8-neighborhood on the 1° grid: if v; and v; are side-adjacent
or diagonally adjacent, then (i, j) € Es. These edges encode local
spatial autocorrelation in climate, vegetation cover, and habitat
continuity.

4.2.2  Flyway Connectivity Edges (Ef). Flyway edges encode long-
range migratory priors between breeding- and wintering-side hubs
within shared corridors. We first map each node via point-in-polygon
operations to BirdLife flyway corridors [4], with corridor(v;) €
{Pacific, Central, Atlantic}. For each species s, a pair (v;,;) enters
the species-specific set Sl(f) if (1) v;,0j € Viain and yis = yjs = 1,
(ii) breeding/wintering latitude constraints hold (e.g., ¢; > ¢p and
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¢; < ¢w), and (iii) the nodes share a corridor. To avoid over-dense
connectivity [23], we retain only Top-K hubs per side within each
species-corridor group, scored by 26-year observation frequency on
Virain, following hub-node and site-fidelity motivations [2, 13, 27].
The shared flyway graph used by the dual-channel encoder is

Ep = U ev. )
seS
Thus Er links training-domain hubs and does not attach flyway
edges to Viest. Test-domain nodes remain unlabeled structural
nodes and receive flyway-informed representations mainly through
subsequent spatial mixing on &s.

4.3 Heterogeneous Message Passing and Feature
Fusion

Because &g and &f represent distinct ecological semantics, FLy-

WAYGNN uses dual-channel heterogeneous message passing. We

first map X to initial hidden states via an encoder MLP: H(®) =

MLP,;,(X). At layer I, we compute channel-wise aggregated mes-

sages:

M = AGGs(H!"Y, &),
M = AGGr(H!™Y, &p).

Both aggregators adopt the symmetric normalized GCN operator
of Kipf and Welling [23]. For the spatial channel:

)

1 -
m!) = —— ! ®)

MG Vdsads;

where Ns(i) is the Moore neighborhood excluding i (neighbor-only
convolution), ds; = [Ns(i)|, and the node’s own embedding is car-
ried by the explicit self-map H! ’I)ngl)f in Eq. (10) (analogously for
the flyway channel). Inspired by semantic-level fusion in hetero-
geneous attention networks [35], we introduce learnable channel
weights:

[aél),al(gl)] = softmax([aél),ag)]), aél) + a;l) =1 (9

Node states are updated via channel-specific affine transforms plus
a residual branch to alleviate over-smoothing [6]:

HY = o' MOW + oMW +HODWS ) (10)

4.4 Masked Training for Debiasing

The output layer applies sigmoid activation to produce multi-label
habitat probabilities Y =0(Z) € (0,1)N*™.On top of M, we define a
domain-supervision mask d,s € {0, 1}, where d,s = 1 iff v € Virain
and mys = 1. Let Z := ) cqp 2ises dos denote the total mass of
active domain-supervision masks. The final objective is masked
binary cross-entropy averaged over valid supervision entries:

L= 3 o [os 08 s + (1~ yus) log(1 ~ dos) |- (1)
veV seS

This objective restricts supervision to the training domain and

prevents target-domain labels from contributing to the loss, consis-

tent with paradigms in missing-label learning and inductive graph

learning [8, 17]. At the same time, test-domain nodes can still partic-

ipate in forward propagation as unlabeled structural context, while
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Z-score normalization statistics are estimated from the training
domain.

5 Evaluation

To comprehensively validate the foundational utility of the curated
dataset and the practical application value of FLYWAYGNN in a
large-scale real ecological system, we design multi-dimensional
qualitative and quantitative experiments.

5.1 Experimental Setup

We study multi-label node classification on the Americas flyway
graph with N = 4554 nodes and m = 155 target species. To test
spatial extrapolation explicitly, we use a geographical split with
latitude threshold 7 = —12° and center latitude ¢(v) for each 1°
grid node o:

® Virain (N = 3733): nodes with ¢(v) > —12°, covering North
America, Central America, and northern South America with
relatively dense observations.

® Viest (N = 821): nodes with ¢(v) < —12°, corresponding to
sparse interior/southern South America and used as a pure
extrapolation target.

For ablation and baseline comparison, we use:

o XGBoost: a non-spatial IID baseline using only local remote-
sensing node features.

e Vanilla GCN: a spatial homogeneous-graph baseline that
keeps only local adjacency edges Es and removes flyway
edges &f.

All Z-score normalization statistics are estimated strictly from Viain
to prevent feature leakage from the test domain, whereas median
imputation is fixed in preprocessing on the assembled feature ma-
trix. Within V;.in, we hold out a random validation subset of nodes
for hyperparameter selection; Viest is never used for model selec-
tion. Experiments are implemented in PyTorch, hyperparameters
are chosen by grid search on validation macro-AUPRC, and each set-
ting is repeated with 30 random seeds; we report mean + standard
deviation.

5.2 Habitat Reconstruction

Because sparse labels can obscure metric-only interpretation, we
also assess ecological plausibility in the South American extrapo-
lation domain (N = 821) by aggregating species-wise predictions
into species-richness maps. XGBoost and the GNN baselines out-
put probabilities on different calibration scales; we apply the same
per-node richness aggregation to those probabilities, so maps are
comparable in spatial pattern even though absolute richness means
can differ sharply (e.g., 2.39 vs. 47). The non-spatial XGBoost base-
line produces fragmented predictions (mean richness 2.39; 99.5th-
percentile hotspot 5.02). Vanilla GCN raises mean richness to 42.79
but exhibits isotropic over-diffusion. With flyway constraints, FrLy-
WAYGNN produces mean richness of 47.82 and raises the hotspot
value to 90.27 (vs. 87.84 for Vanilla GCN), while reconstructing a
continuous high-probability corridor in the La Plata Basin. These
patterns are consistent with smoother cross-hemisphere habitat
reconstruction, although separating ecological signal from residual
observation bias remains challenging.
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Figure 5: Richness reconstruction in the South American
extrapolation domain (global and La Plata zoom-ins).

Table 3: Quantitative performance comparison on the South
American extrapolation domain (eval-m5 subset, |Seval| = 73),
mean = std over 30 seeds.

Model Macro-AUPRC Macro-AUC Win/Tie/Loss
FLywayGNN 0.319+0.006 0.695+0.007 47/0/26
Vanilla GCN 0.317+0.008 0.689+0.012 Baseline
XGBoost 0.293+0.003 0.667+0.003 -

5.3 Quantitative Evaluation

We compare models in the extrapolation domain. Macro scores over
all 155 species are diluted by labels with almost no test positives;
we report eval-m5, species with > 5 positives in the test domain
(ISevarl = 73).

Table 3: FLYwAaYGNN obtains the highest eval-m5 scores, al-
though its aggregate advantage over Vanilla GCN is modest (Macro-
AUPRC: 0.319 vs. 0.317). It improves species-level AUPRC for 47
of 73 evaluable species, suggesting heterogeneous benefits across
species.

6 Conclusion

We present FlywayBench, a long-range spatial benchmark dis-
tilled from crowdsourced observations through an automated cu-
ration and debiasing pipeline. Its 14,241,680 records form a struc-
tured environmental-graph matrix for 155 waterbird species. As a
topology-aware validation baseline, FLywaYGNN outperforms the
non-spatial model and obtains modest gains over Vanilla GCN on
the South American holdout, improving 47 of 73 evaluable species.
These heterogeneous outcomes motivate future analysis of which
species benefit most from migratory topology. Overall, Flyway-
Bench provides a practical data foundation and evaluation protocol
for macroecological modeling under sparse and biased supervision.
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A Appendix
A.1 Method overview figure
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Figure 6: Overview of the proposed FLywayGNN framework.

A.2 Hyperparameter search space

Table 4: Hyperparameter search space and rationale.

Hyperpa Candid Role Rationale

Learning rate (Ir) {1073, 3x1073, 51073}  Optimization step size  Standard log-scale search
Hidden dimension (hidden)  {64,128,256} Model capacity Small/medium/large capacity
Core hub count (K) {3,5,8,10} Flyway graph sparsity ~ Method-specific structural prior

A.3 Best validation configurations and
parameter counts

Table 5: Best validation configurations and parameter counts
(30 seeds).

Method Ir hidden K  Val. Metric (meantstd)  # Parameters (M)
FLYWAYGNN (Ours) 0.005 256 3 0.630 + 0.011 0.481
Vanilla GCN 0.005 256 . 0.626 £ 0.010 0.350
XGBoost 0.1 - - 0.593 £+ 0.008 -

A.4 Data split and evaluation protocol

We follow a fixed geography-based extrapolation setup. Let the
node center latitude be ¢ (v) and threshold 7 = —12°. We define:

Virain = {v : ¢(0) > 7}, Viest = {v : ¢(v) < 7} (12)

Training supervision is restricted to Virain, While Vieyt is used only
for evaluation.

Because many species in the South American extrapolation do-
main have very few positives, main quantitative conclusions use
the evaluable subset

Seval = {s : #positive labels of s in Viest > 5}, |Seval| =73

(13)
(eval-m5).
All results are reported over S = 30 random seeds. For metric t;
under seed s, we report:

1 S
T ;us - 2. (14)

Thus, all table entries are shown as y + 0.

Xinyi Chang, Zexun Jiang, and Hongjiang Xiao

A.5 Model selection, training schedule, and
complexity

We perform grid search on validation macro-AUPRC using the
search space listed in Table 4. The validation partition is a random
held-out subset of nodes from Visain and is disjoint from Vieg:

Ire {1073,3x 1072, 5x 1073},

hidden € {64,128, 256},

K € {3,5,8,10}.
The selected FLYwAYGNN configuration is (Ir = 0.005, hidden =
256, K = 3). For fair comparison, Vanilla GCN uses the same Ir and
hidden size (with no flyway K), while XGBoost follows fixed tree hy-
perparameters as described in the main experiment script. Approx-
imate parameter counts (selected setting) are reported in Table 5:
FLYwaYGNN 0.481M and Vanilla GCN 0.350M. Training uses full-
graph mode (one whole-graph batch per epoch, no mini-batching):

max epochs are 45 (grid) and 80 (final), with early-stopping patience
8 and 12, respectively.

A.6 Extended metrics on the eval-m5 subset
Metric definitions (eval-m5):

e Macro-AUCROC: macro average of per-species ROC-AUC
over Seval.

e Win/Tie/Loss vs. Vanilla: counts of species where Fry-
waYGNN AUPRC is higher/equal/lower than Vanilla GCN.

Table 6: Extended eval-m5 results (¢ + o, 30 seeds).

Method Macro-AUPRC Macro-AUCROC Win/Tie/Loss
FLywayGNN  0.319 £+ 0.006 0.695 + 0.007 47/0/26
Vanilla GCN  0.317 + 0.008 0.689 +0.012 -
XGBoost 0.293 + 0.003 0.667 + 0.003 -

Paired one-sided Wilcoxon test for macro-AUPRC on eval-m5 (FLywayGNN
vs. Vanilla GCN): p = 0.037.

A.7 Reproducibility checklist and
computational cost

For reproducibility, we report environment settings and computa-

tional cost:

e Software environment: Python 3.10+, PyTorch 2.x, PyG,
scikit-learn, XGBoost, NumPy, Pandas, GeoPandas/Cartopy.

¢ Randomness control: a fixed seed list of 30 integers is used
consistently across FLywaYGNN, Vanilla GCN, and XGBoost.

e Selection protocol: hyperparameters are chosen strictly on
validation data; test-domain metrics are reported only after
model selection.

e Compute note: results in this version are produced un-
der CPU execution logs; GPU configuration can be used for
acceleration but does not change the evaluation protocol.

e Reporting: we provide both per-seed records and aggre-
gated y + o, plus paired significance tests.
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