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Abstract
Reliable evaluation of AI forecasting models in operational transportation systems requires leakage control,
semantically defensible prediction units, and transfer-aware validation. This paper introduces a leakage-audited
origin-day benchmark for airport hub arrival-delay forecasting from arrival-only airline panels. The benchmark
defines the origin-day as the finest defensible unit, excludes ex post delay-cause fields from predictive inputs,
constructs a temporal heterogeneous hub graph, and evaluates local and relational XGBoost predictors under
calendar-forward, rolling-origin, and fixed-interface destination-transfer protocols. The final locked evaluation
uses 130,606 inbound American Airlines and Delta Air Lines arrivals to John F. Kennedy International Airport
from 2022 to 2024, with an American Airlines Hartsfield–Jackson Atlanta International Airport panel reserved
for transfer control. Under the final locked evaluation, the test evidence does not establish a robust advantage of
the full graph-aware model over the local baseline: on the JFK 2024 support-filtered test set, full graph-aware
WMAE is 20.136 minutes versus 20.108 for the local model, with a 7-day calendar-block bootstrap contrast of
+0.029 minutes, 95% CI [-0.581, 0.635], Holm-adjusted 𝑝 = 0.991. Hub-only augmentation significantly worsens
WMAE, while carrier-origin features recover performance relative to hub-only without making the full model
dominate the local baseline. Classification, rolling-origin robustness, and transfer-safe JFK–ATL controls lead to
the same conservative conclusion. The contribution is therefore a reproducible, leakage-audited benchmark that
shows where graph-aware context is operationally plausible but not automatically beneficial.
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1. Introduction

Reliable evaluation of artificial-intelligence forecasting models in operational transportation systems
requires more than predictive accuracy. It also requires temporal leakage control, a prediction unit
whose semantics are supported by the available data, and validation protocols that reveal whether a
model remains useful outside the development setting. These requirements are especially important in
air transportation, where delay forecasts may inform hub monitoring, resource planning and operational
diagnostics, yet many available data panels are aggregated and do not contain trajectory revisions,
sector traversals, runway-state changes or controller interventions.

Airport hub arrival-delay forecasting is naturally relational. The delay state of one inbound origin on
a given day is shaped by its own recent history, by the wider state of the destination hub, by traffic from
other origins, by carrier-origin activity and by the daily congestion regime. Classical work on delay
propagation already showed that delays interact across airport networks rather than remaining isolated
local events [1, 2]. Recent reviews and graph-based studies further confirm the field-wide move toward
networked, causal and graph-aware formulations [3, 4, 5, 6, 7, 8, 9, 10, 11]. However, relational modelling
is only scientifically defensible when the graph representation respects the information structure of the
source data and when positive performance claims survive a locked temporal evaluation.
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This paper introduces a leakage-audited origin-day benchmark for airport hub arrival-delay fore-
casting from arrival-only airline panels. The benchmark uses the origin-day as the finest defensible
prediction unit: all flights from one origin to one destination hub on one calendar day. This abstraction is
deliberately conservative. It retains a relational daily state around the hub while avoiding unsupported
claims about flight-event streams, within-day sequencing, trajectory memory or air-traffic-control
actions that are not present in the panels.

The primary corpus comprises inbound arrivals of American Airlines (AA) and Delta Air Lines
(DL) to John F. Kennedy International Airport (JFK) from 2022 to 2024. A separate American Airlines
inbound-arrival panel to Hartsfield–Jackson Atlanta International Airport (ATL) during the same period
is allocated to destination-holdout transfer assessment. The benchmark analyzes next-day mean-arrival-
delay regression and next-day disruption classification under three complementary protocols: a strict
calendar-year forward split, seven rolling quarter-ahead windows, and a transfer-safe ATL protocol
restricted to variables observable at both destinations.

The paper is organized around four questions. RQ1: what leakage-audited benchmark can an arrival-
only hub panel support without overclaiming temporal semantics? RQ2: does full graph-aware context
robustly improve next-day arrival-delay prediction over a strong local baseline? RQ3: what do hub-only
and carrier-origin ablations reveal about the relational feature blocks? RQ4: what can and cannot be
inferred when JFK-trained models are evaluated on ATL through a common observable interface? These
questions frame the work as a benchmark and evaluation study, not as a new graph neural architecture.

This paper makes five contributions. First, it performs a leakage audit appropriate for arrival-statistics
panels and shows that delay-cause columns are ex post decompositions of realised arrival delay, not
ex ante predictors. Secondly, it formalises a temporal heterogeneous origin-day graph with dynamic
origin-day, carrier-origin-day and destination-day nodes plus static origin and carrier nodes. Thirdly, it
defines a strict calendar-year split and a seven-window rolling-origin protocol. Fourthly, it benchmarks
four feature families with identical XGBoost candidate rosters: local only, local plus hub, local plus
carrier-origin, and full graph-aware context. Fifthly, it adds a fixed-interface JFK–ATL control and
a dependence-aware calendar-block bootstrap that prevents unsupported promotion of small point-
estimate differences.

The final empirical message is deliberately conservative. Full graph-aware context does not establish
a robust JFK regression advantage over the local baseline; it also does not establish a robust classification
advantage and is not temporally robust across seven rolling windows. Hub-only context is harmful in
the primary run, while carrier-origin features recover much of that loss relative to hub-only. The ATL
transfer control bounds what can be claimed under a reduced common interface rather than proving
a destination-general graph advantage. Figure 1 summarises the locked benchmark construction and
evaluation flow.

2. Related work

Three recent reviews help position this study. Li et al. [3] synthesise flight-delay propagation research
from a data, modelling and application perspective. Wandelt et al. [4] review machine-learning work on
flight-delay prediction more broadly. Sun et al. [5] extend the discussion to network-delay prediction
and emerging AI paradigms. Taken together, these reviews show a field moving from isolated flight- or
airport-level prediction towards networked, causal and graph-based formulations, but they also show
that benchmark design, leakage control and semantically defensible granularity are rarely the main
object of study.

Long before the recent graph-learning wave, delay propagation was already analysed as a coupled
network process. Analytical and queueing-based studies modelled how local congestion at one airport
produces ripple effects across airport networks [1]. Network analyses later showed systemic propagation
patterns at the scale of the United States airport system [2]. Subsequent work characterised propagation
structure and causal dependence more explicitly, including airport-network characterisation [14],
nonlinear and cross-mapped propagation inference [15], airline-level daily propagation models [16]
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Figure 1: Locked benchmark flow. Arrival panels are leakage-audited and converted to an origin-day relational
representation, evaluated under a locked temporal protocol, and routed to conservative claims when the evidence
does not support a robust full graph-aware gain.

and causal risk modelling for flight delays [17]. These studies motivate relational modelling, but they
mostly operate at airport-network or airline-network level rather than at the benchmark-design level
addressed here.

A parallel predictive literature studied flight or airport delay forecasting with deep, multi-source or
explainable models. Representative examples include deep flight-delay prediction on large operational
datasets [18] and multi-source explainable machine learning that combines operational, airport and
weather information [19]. Within graph-based aviation prediction itself, the field has moved from airport-
network recurrent/graph hybrids to more explicit spatio-temporal and attention-based architectures.
Examples include deep graph-embedded recurrent models for airport delay prediction [20], graph-to-
sequence network-wide delay forecasting [6], nationwide airport throughput prediction with graph-
attention recurrence [7], relation-attention models for 24-hour network-wide delay prediction [8],
causality-guided graph convolution for propagated-delay prediction [11], spatiotemporal propagation
networks [9] and long-horizon linear diffusion graph networks [10]. The common pattern is clear:
graph structure can be useful when delay states are genuinely coupled through shared hub conditions,
traffic flows or propagation channels.

From a graph-learning standpoint, the benchmark sits closer to typed and temporal relational mod-
elling than to homogeneous static graph classification. Relational graph convolution offers a canonical
typed-message-passing formulation [21]; heterogeneous graph transformers extend this idea with
type-dependent attention [22]; and temporal graph attention extends inductive representation learning
to dynamic graphs [23]. This paper does not claim one of these architectures as the main methodological
contribution. Instead, they serve as reference points showing that a principled heterogeneous temporal
benchmark is a prerequisite for any stronger model class.

Finally, explanation and feature diagnostics require caution. For tree ensembles, SHAP remains a
practical attribution method [13]; for graph-native models, GNNExplainer and GraphFramEx highlight
that explanation quality itself must be evaluated [24, 25]. The present paper therefore avoids treating
post-hoc feature importance as proof of a causal graph benefit. Its primary diagnostic evidence comes
from locked feature-block ablations and calendar-block uncertainty intervals.
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Table 1
Source-panel and primary graph cardinalities before target-support filtering.

Object Count

Inbound JFK flights, AA/DL 130,606
Inbound ATL transfer flights, AA 23,070
JFK origins 40
ATL origins 10
Days 1,096
JFK origin-day nodes 31,372
JFK carrier-origin-day nodes 39,561
JFK destination-day nodes 1,096
Origin-day next-day edges 31,187
Carrier-origin-day next-day edges 39,291

3. Data provenance and leakage-audited design

The benchmark is derived from three supplied Detailed Statistics Arrivals destination panels stored
as HTML-based .xls exports. The footer of each export states “SOURCE: Bureau of Transportation
Statistics”. Two exports cover inbound arrivals to JFK for AA and DL from 1 January 2022 to 31 December
2024. The third covers inbound AA arrivals to ATL over the same period and is reserved for external
transfer analysis rather than for primary model selection. Each row corresponds to one completed
arrival appearing in the destination panel and provides carrier code, flight number, tail number, origin
airport, scheduled and actual arrival times, elapsed time, arrival delay, wheels-on time, taxi-in time, and
five delay-cause columns.

The raw exports were supplied to the study as files rather than harvested through a documented
public API. The manuscript therefore treats them as source-limited inputs: the paper works with derived
benchmark tables and evaluation artefacts, not with redistributed raw panels. All time fields are used
only in the destination-local clock-time form in which they appear in the panels, and the benchmark
aggregates them to the day level rather than reconstructing cross-time-zone event sequences. By
construction, the benchmark covers only arrivals that appear in the destination panels; non-arrivals
that never materialise as arrival records are outside scope.

The JFK primary corpus contains 130,606 flights, 40 origins and 1,096 consecutive days. No exact
duplicates were found, and no duplicates were found under a reasonable flight key consisting of carrier,
date, flight number, origin, destination, and scheduled arrival time. The primary graph derived from
this corpus contains 31,372 origin-day nodes, 39,561 carrier-origin-day nodes and 1,096 destination-day
nodes. The transfer panel contains 23,070 ATL-bound AA arrivals and 10 origins. Table 1 summarises
the source scale.

The most important leakage-audit finding concerns the delay-cause columns. For every JFK flight with
realised arrival delay of at least 15 minutes, the sum of delay_carrier_min, delay_weather_min,
delay_nas_min, delay_security_min and delay_late_aircraft_min exactly equals the ob-
served arrival delay. These fields are therefore ex post decompositions of the target, not ex ante
predictors. They are retained only for auditability and are excluded from all predictive features, rolling
statistics, selectors and diagnostics.

The second audit finding concerns temporal meaning. The panels contain day-level schedule and
realised-time information, but they do not reliably identify aircraft rotations beyond individual tails, nor
do they contain departure queues, runway state changes, sector traversals or trajectory amendments.
The finest defensible benchmark unit is therefore not the flight-event stream or the trajectory version,
but the origin-day. This is the central semantic decision of the paper.
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Figure 2: Temporal heterogeneous origin-day graph. The graph supports day-level local, hub, and carrier-origin
context while deliberately avoiding trajectory or within-day control semantics that are absent from the source
panels.

4. Temporal heterogeneous origin-day graph

4.1. Node and edge semantics

Let 𝑜 denote an origin airport, 𝑐 a carrier, ℎ a destination hub and 𝑡 a calendar day. The dynamic node
types are as follows.

• origin-day 𝑣𝑜𝑑𝑜,ℎ,𝑡: all flights from origin 𝑜 to hub ℎ on day 𝑡;
• carrier-origin-day 𝑣𝑐𝑜𝑑𝑐,𝑜,ℎ,𝑡: the subset of those flights operated by carrier 𝑐;
• destination-day 𝑣𝑑𝑑ℎ,𝑡: the aggregated state of the destination hub on day 𝑡.

Two static node types retain longer-term context: origin nodes 𝑣𝑜𝑜 and carrier nodes 𝑣𝑐𝑐 . The resulting
graph is heterogeneous and temporal,

𝒢 = (𝒱, ℰ , 𝜏, 𝜓),

where 𝜏 maps nodes to types and 𝜓 maps edges to relation types. Edges connect origin-day nodes to
their carrier-origin-day components, to the same-day destination-day hub node, and to the next-day
node for the same origin and destination. Carrier-origin-day nodes are also linked forward in time and
to their static carrier node. Figure 2 gives the graph schema.

4.2. Feature blocks

The final protocol evaluates four feature families. 𝑀𝐿 uses local origin-day, calendar, and lagged
origin-history features. 𝑀𝐻 adds hub-state and hub-history features to 𝑀𝐿. 𝑀𝐶 adds carrier-origin
features to 𝑀𝐿. 𝑀𝐺 is the full graph-aware representation, combining local, hub, and carrier-origin
blocks. Before one-hot expansion, the primary JFK feature counts are 52 for 𝑀𝐿, 77 for 𝑀𝐻 , 72 for 𝑀𝐶 ,
and 97 for 𝑀𝐺; after train-fitted one-hot expansion, they become 71, 96, 91, and 116, respectively. The
transfer-safe interface uses 45 raw local predictors and 60 raw local-plus-hub predictors, expanding to
64 and 79 columns respectively.

All features are computed from the closed-source day 𝑡 or from histories before or at 𝑡. No target-day
𝑡+ 1 value is used as a predictor. Origin identity is fitted on the training period only, with unknown
validation or test origins handled explicitly rather than retrospectively refitting the encoder.
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Table 2
Locked support-filtered evaluation populations. The JFK TRAIN and VALIDATION rows are used for model
fitting and selection; the JFK 2024 and ATL 2024 rows are opened only in the locked test stage.

Role Period Destination Rows Notes

TRAIN 2022 JFK 5,780 support ≥ 3
VALIDATION 2023 JFK 6,143 support ≥ 3
TEST primary 2024 JFK 6,180 support ≥ 3
TEST sensitivity 2024 JFK 10,937 all labelled
TEST transfer 2024 ATL 1,157 support ≥ 3
TEST transfer sensitivity 2024 ATL 2,486 all labelled

4.3. Targets, support and splits

For each source node 𝑣𝑜𝑑𝑜,ℎ,𝑡, the regression target is the mean arrival delay on the exact next calendar
day for the same origin and destination:

𝑦𝑟𝑒𝑔𝑜,ℎ,𝑡+1 =
1

|ℱ𝑜,ℎ,𝑡+1|
∑︁

𝑓∈ℱ𝑜,ℎ,𝑡+1

𝑑𝑎𝑟𝑟𝑓 ,

where ℱ𝑜,ℎ,𝑡+1 denotes the flights from origin 𝑜 to destination ℎ on day 𝑡+ 1 and 𝑑𝑎𝑟𝑟𝑓 denotes realised
arrival delay in minutes.

The classification target flags next-day disruption:

𝑦𝑐𝑙𝑠𝑜,ℎ,𝑡+1 = I
[︁
𝑦𝑟𝑒𝑔𝑜,ℎ,𝑡+1 ≥ 15

]︁
.

The support rule is an inclusion filter, not part of the class definition. The confirmatory population
requires at least three next-day flights, next_n_flights >= 3, in TRAIN, VALIDATION, and TEST.
Rows with at least one but fewer than three next-day flights are retained only in an all-labelled sensitivity
using already frozen primary models and thresholds. Rows with no exact next-calendar-day flight are
unlabelled and excluded.

Temporal evaluation follows a strict calendar-year split. Source days in 2022 define training, source
days in 2023 define validation, and source days in 2024 define test. Splits are defined by source, or
forecast-issue, date; no predictor from a target date is included in the source features. Table 2 reports
the locked support-filtered evaluation populations.

The benchmark is not a single-season snapshot: it covers three complete calendar years and is
evaluated through a forward split and seven rolling-origin windows rather than through random
temporal mixing.

5. Experimental design

5.1. Models and selection

The four compared models share the same XGBoost candidate roster [12]; only the admitted feature
block differs. The local model 𝑀𝐿 is the reference baseline. The hub-only model 𝑀𝐻 tests whether
one-hop destination-day state helps when added to local features. The carrier-origin model 𝑀𝐶 tests
carrier-conditioned origin context without hub-state augmentation. The full model 𝑀𝐺 combines local,
hub, and carrier-origin features and is the only model described as full graph-aware in the primary
experiment. All predictive models remain gradient-boosted trees over engineered relational features;
the paper does not claim graph neural message passing.

For reproducibility, Table 3 reports the selected XGBoost configuration used by the final common-
configuration locked evaluation. The candidate roster contained 12 configurations and was searched
on VALIDATION only. The same selected candidate, H01, was then loaded unchanged for the primary
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Table 3
Selected XGBoost configuration for the final common-configuration locked evaluation. Selection was performed
on VALIDATION only and frozen before TEST; no model was refit at test time.

Parameter Selected value

Candidate identifier H01
n_estimators 250
max_depth 3
learning_rate 0.05
min_child_weight 1
subsample 0.8
colsample_bytree 0.8
gamma 0.0
reg_alpha 0.0
reg_lambda 1.0
max_bin 256
tree_method, device hist, CPU
booster, grow policy gbtree, depthwise
random_state 20260908

JFK common-configuration regression and classification results for 𝑀𝐿, 𝑀𝐻 , 𝑀𝐶 and 𝑀𝐺, and for the
fixed-interface transfer-safe local and hub models. Independent rolling sensitivity selections are archived
in the selected-model manifest and do not change the claim-determining common-configuration results.

Model fitting is restricted to TRAIN, candidate selection and classification-threshold selection are
restricted to VALIDATION, and TEST is opened only after feature sets, model configurations, thresholds
and claim-revision rules have been sealed. Classification thresholds maximise validation F1 and are then
frozen for TEST. The common-configuration results select the same candidate family across variants;
an independent-selection sensitivity is retained in the evidence package but does not change the main
claim.

5.2. Metrics and uncertainty

Regression is reported with mean absolute error (MAE) and flight-weighted MAE (WMAE), the latter
weighting each source node by its number of next-day flights. Classification is reported with area under
the precision-recall curve (AUPRC), area under the receiver operating characteristic curve (AUROC)
and F1 at the validation-selected threshold.

The confirmatory uncertainty analysis uses paired calendar-block bootstraps with block lengths
of 1, 7 and 14 days and 5,000 replicates per block length. The claim-determining family is the 7-day
block analysis with Holm adjustment. The primary regression contrasts are 𝑀𝐺 −𝑀𝐿, 𝑀𝐻 −𝑀𝐿

and 𝑀𝐺 −𝑀𝐻 in WMAE minutes. The primary classification contrasts use AUPRC. Rolling-origin
robustness is summarised by mean performance and by the number of windows in which 𝑀𝐺 beats
𝑀𝐿.

5.3. Locked evaluation governance

The results reported here are produced by a locked test evaluation protocol. The protocol sealed
the final feature construction, model-selection outputs, thresholds, bootstrap design, and mechanical
claim-routing rules before opening TEST. The TEST stage loaded the validation-selected models directly,
performed zero model refits, generated predictions, and then reconstructed the full metric and bootstrap
tables through an independent consistency verifier. The verifier confirmed the locked metrics, bootstrap
summaries, prediction files, and claim-routing outputs without changing any result.

45



Soufiane Momtaz 39–51

Table 4
JFK 2024 support-filtered primary results. Lower is better for MAE/WMAE; higher is better for AUPRC/AUROC/F1.

Variant Description WMAE MAE AUPRC AUROC F1

𝑀𝐿 Local 20.108 21.185 0.362 0.654 0.423
𝑀𝐻 Local + hub 21.628 22.822 0.336 0.643 0.413
𝑀𝐶 Local + carrier-origin 19.941 20.928 0.369 0.655 0.426
𝑀𝐺 Full graph-aware 20.136 20.952 0.341 0.650 0.427

5.4. External transfer protocol

The ATL add-on stresses the benchmark outside the destination used for model development. Because
ATL contains only AA arrivals, the full JFK feature interface cannot be transferred without inventing
DL-specific carrier-origin blocks that do not exist in the ATL panel. A transfer-safe interface is therefore
defined in the narrow sense of schema safety:

𝜑𝑇𝑆(𝑢𝑡) = 𝜑𝑓𝑢𝑙𝑙𝐽𝐹𝐾(𝑢𝑡) ∩ 𝜑𝑜𝑏𝑠𝐴𝑇𝐿(𝑢𝑡),

where 𝜑𝑓𝑢𝑙𝑙𝐽𝐹𝐾 is the full JFK feature map and 𝜑𝑜𝑏𝑠𝐴𝑇𝐿 is the set of predictors actually computable from ATL
observations at forecast time. The transfer-safe local model 𝑀𝑇𝑆

𝐿 uses the destination-agnostic local
subset of this interface. The transfer-safe hub model 𝑀𝑇𝑆

𝐻 augments it with shared one-hop hub-state
features. Both are trained on JFK 2022, tuned only on JFK 2023, and applied to JFK 2024 and ATL 2024
without destination-specific refitting.

6. Results

6.1. Primary JFK 2024 results

Table 4 reports the primary results on the 2024 JFK support-filtered TEST set. The central result is
negative but informative: the full graph-aware model 𝑀𝐺 does not improve WMAE over the local
baseline 𝑀𝐿. The point difference is small and in the wrong direction for an improvement claim: 20.136
minutes for 𝑀𝐺 versus 20.108 minutes for 𝑀𝐿. The carrier-origin ablation 𝑀𝐶 has the best point
WMAE and AUPRC, but its direct contrast against 𝑀𝐿 was not part of the claim-determining Holm
family and is treated as descriptive ablation evidence.

Figure 3 visualises the same result. Full graph-aware context is not a reliable winner. The useful
scientific output is therefore not a positive graph-aware performance claim, but a final evidence
boundary: relational feature engineering can be plausible while still failing to dominate a well-specified
local baseline under locked temporal evaluation.

6.2. Confirmatory block-bootstrap contrasts

Table 5 gives the claim-determining 7-day calendar-block bootstrap results. The main contrast𝑀𝐺−𝑀𝐿

is +0.028786 minutes, with a 95% interval from −0.580885 to 0.635348 and a Holm-adjusted 𝑝-value
of 0.991402. This excludes any robust conclusion that the full graph-aware model improves regression
over the local baseline.

The ablation contrasts are sharper. The hub-only model is significantly worse than the local baseline
by +1.520829 minutes. Adding carrier-origin features to the hub-only model recovers −1.492043
minutes relative to 𝑀𝐻 . This supports a narrow block-level conclusion: carrier-origin features repair
much of the hub-only degradation. It does not support the stronger conclusion that the full graph-aware
model beats 𝑀𝐿.

For classification, 𝑀𝐺 obtains an AUPRC of 0.340616 against 0.361976 for 𝑀𝐿. The full-minus-local
AUPRC contrast is −0.021360, with a 7-day block interval of [-0.043984, 0.002908] and Holm-adjusted
𝑝 = 0.170366. The final classification conclusion is therefore also no robust full graph-aware gain.
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Figure 3: Primary JFK 2024 results. The full graph-aware model does not reduce WMAE relative to the local
baseline and has lower AUPRC. The carrier-origin ablation is retained as descriptive block evidence, not as a
confirmatory promoted claim.

Table 5
Locked claim-determining regression contrasts using 5,000 paired 7-day calendar-block bootstrap replicates.
Positive WMAE contrasts mean the first model is worse than the comparator.

Contrast Estimate 95% CI Holm 𝑝

𝑀𝐺 −𝑀𝐿 +0.028786 [-0.580885, 0.635348] 0.991402
𝑀𝐻 −𝑀𝐿 +1.520829 [0.876995, 2.162127] 0.001200
𝑀𝐺 −𝑀𝐻 -1.492043 [-2.050674, -0.985658] 0.001200

−2 −1 0 1 2
WMAE contrast in minutes (positive means worse than comparator)

Full - Local

Hub only - Local

Full - Hub only

0.029 [-0.581, 0.635]

1.521 [0.877, 2.162]

-1.492 [-2.051, -0.986]

Locked regression contrasts, 7-day calendar-block bootstrap

Figure 4: Locked 7-day block-bootstrap regression contrasts. The full model is statistically indistinguishable
from the local baseline, hub-only context is harmful, and the carrier-origin increment inside the full model
recovers performance relative to hub-only.

6.3. Rolling-origin multi-window robustness

A single held-out year can overstate or understate robustness if its operational regime is unusually easy
or hard. The final evaluation includes seven expanding rolling-origin windows with quarter-ahead tests
from 2023Q2 through 2024Q4. Table 6 summarises the common-configuration results.

The rolling outcome reinforces the conservative primary conclusion. In regression, 𝑀𝐺 − 𝑀𝐿
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Table 6
Seven-window rolling-origin summary under the common configuration. Wins are counted against 𝑀𝐿; for
WMAE, a win means lower error.

Task Variant Mean Std. Wins vs. 𝑀𝐿

WMAE 𝑀𝐿 19.638 3.124 –
WMAE 𝑀𝐻 20.157 3.334 1/7
WMAE 𝑀𝐶 19.695 3.027 3/7
WMAE 𝑀𝐺 19.892 3.446 3/7
AUPRC 𝑀𝐿 0.338 0.122 –
AUPRC 𝑀𝐻 0.337 0.126 3/7
AUPRC 𝑀𝐶 0.341 0.116 5/7
AUPRC 𝑀𝐺 0.336 0.117 3/7
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Figure 5: Rolling-origin results. The full graph-aware model is not temporally robust against the local baseline:
it wins only 3/7 windows for WMAE and 3/7 windows for AUPRC.

Table 7
Fixed-interface transfer-safe results. The transferred hub model 𝑀𝑇𝑆

𝐻 is the local transfer-safe interface plus
shared hub-state features; full carrier-origin transfer is not evaluated because the ATL panel is AA-only.

Destination Variant WMAE MAE AUPRC AUROC F1

JFK 𝑀𝑇𝑆
𝐿 20.146 21.210 0.363 0.657 0.425

JFK 𝑀𝑇𝑆
𝐻 21.711 22.989 0.325 0.629 0.405

ATL 𝑀𝑇𝑆
𝐿 22.060 23.488 0.565 0.677 0.610

ATL 𝑀𝑇𝑆
𝐻 21.675 23.002 0.549 0.669 0.613

has a mean WMAE difference of +0.253814 minutes, and 𝑀𝐺 wins only three of seven windows.
In classification, the mean AUPRC difference is −0.002445, and 𝑀𝐺 again wins only three of seven
windows. Figure 5 shows that the model ranking varies by quarter. This is precisely the type of
instability that a robust benchmark should expose rather than hide.

6.4. Fixed-interface JFK–ATL transfer control

The transfer-safe control asks: does the shared local-plus-hub interface, trained at JFK and frozen after
JFK validation, retain an advantage when applied to ATL? Table 7 reports the support-filtered results.

The 7-day block-bootstrap WMAE contrast 𝑀𝑇𝑆
𝐻 −𝑀𝑇𝑆

𝐿 is +1.565469 minutes at JFK, with 95%
CI [0.814077, 2.411839]. At ATL, the same contrast is −0.384692 minutes with 95% CI [-0.963058,
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Fixed-interface JFK-ATL transfer control

Figure 6: Fixed-interface JFK–ATL transfer control. The JFK transfer-safe hub contrast is already adverse; the
ATL contrast crosses zero. The evidence therefore precludes attributing a lost graph-aware advantage specifically
to the destination shift.

0.157583]. Since the transfer-safe hub interface is already worse than local at JFK, the ATL result cannot
be interpreted as the disappearance of a robust full-interface relational advantage, and the common
observable interface does not provide a robust, attributable destination-transfer advantage.

7. Discussion

Four scientific conclusions emerge from the final evaluation.
Firstly, the origin-day abstraction remains valuable. It is strong enough to support meaningful

forecasting while remaining faithful to the input panels. It preserves relational information that a
purely flight-independent framing would miss, but it does not pretend to model trajectories, sectors or
event-level operations. This is a useful middle ground for many operational tables in aviation.

Secondly, graph-aware context is not automatically beneficial. The original motivation for relational
features remains operationally plausible, but the final locked evaluation rejects the stronger claim
that full graph-aware context robustly improves the primary JFK test set. This distinction matters for
trustworthy AI: a representation can be semantically defensible and still fail to outperform a leaner
baseline under a rigorous temporal protocol.

Thirdly, the ablation result is more informative than a binary “graph helps” conclusion. Hub-only
features are harmful in the primary run. Carrier-origin features then recover most of that harm relative
to hub-only, and the carrier-origin ablation has the best descriptive point estimate. This suggests
that relational context must be decomposed rather than treated as a monolithic graph-aware block.
Operationally, not every hub aggregate is useful simply because it is network-derived.

Fourthly, transfer interpretation must be interface-specific. The ATL control is transfer-safe only
in a schema sense: every transferred predictor is computable from observed ATL fields at forecast
time, with no synthetic carrier slots, destination-specific padding, or post-hoc imputation. It is not
transfer-complete because it necessarily drops the carrier-origin channels that require a comparable
multi-carrier panel. The transfer result therefore bounds portability under common observables rather
than proving that all graph-aware hub models fail to transfer.

The benchmark also has limitations. The raw panels were source-limited files and are not redistributed
with the manuscript; the controlled release focuses on derived benchmark artefacts and evaluation
evidence. The graph is inbound and hub-centred, not a national network. Delay causes are leakage-
prone and therefore excluded from predictive inputs, which removes one potentially informative but
operationally illegitimate signal. The external ATL transfer uses the schema-intersection transfer-safe
interface rather than the full JFK carrier-origin schema. Finally, the current paper uses gradient-boosted
baselines over relational features rather than a full heterogeneous graph neural network because the
benchmark must be defensible before more complex graph-native architectures are promoted.
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8. Conclusion

This paper introduced a leakage-audited origin-day benchmark for airport hub arrival-delay forecasting.
The benchmark is built from 130,606 inbound flights to JFK operated by AA and DL across 2022–2024,
with an ATL AA panel used for fixed-interface transfer control. Its central contribution is a trustworthy
AI evaluation design: target leakage is audited, the prediction unit is semantically defensible, temporal
validation is calendar-forward, rolling-origin robustness is measured, and transfer is restricted to features
observable at both destinations. Full graph-aware context does not establish a robust improvement
over the local baseline on the JFK 2024 support-filtered test set. The main WMAE contrast is effectively
zero and statistically unsupported; classification does not show robust AUPRC gain, rolling-origin
windows do not support temporal robustness, and the fixed-interface ATL control precludes a stronger
destination-transfer attribution. At the same time, the ablation evidence is scientifically useful: hub-
only context is harmful, carrier-origin context recovers much of that harm, and relational design
should therefore be audited at the feature-block level. The resulting origin-day benchmark provides a
reproducible basis for future heterogeneous graph learning, destination adaptation, transfer evaluation
and operational diagnostics in hub-centric arrival forecasting.
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