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Abstract
Bulk Refund Booking (BRB) is a system-level demand distortion
phenomenon in railway ticketing systems, where repeated strate-
gic booking–refund behaviors create artificial seat shortages and
revenue loss despite sufficient physical capacity. Unlike explicit
rule violations, BRB emerges through institutionally permitted ac-
tions, making its risk boundaries difficult to define and limiting
existing post-hoc threshold-based enforcement in supporting proac-
tive intervention. To address these challenges, we conduct the first
systematic empirical study of BRB using large-scale real-world
railway ticketing logs and show that BRB risk emerges as a cumu-
lative, sequential behavioral process rather than as isolated refund
events. We propose BulkShield, an end-to-end proactive framework
that combines unsupervised risk pseudo-labeling, booking-time
sequence modeling, and LLM-assisted explanations grounded in
model-identified behavioral evidence. Expert-in-the-loop evalua-
tion shows strong alignment between learned risk boundaries and
practitioner judgment (𝜅 = 0.8862), validating the data-driven BRB
risk structure. BulkShield achieves a Macro F1 score of 0.8909, out-
performing strong sequential baselines, while practitioner feedback
supports the usefulness of its natural-language explanations for op-
erational intervention. These results highlight how behavior-aware
and interpretable AI can uncover emerging demand distortionmech-
anisms and support proactive, evidence-based management in pub-
lic transportation systems.
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1 Introduction
In Korea’s Super Rapid Train (SRT) system [37], which serves over
26 million passengers annually [40], flexible refund policies and
mobile/web-based ticketing services [39] can enable Bulk Refund
Booking (BRB), where users strategically book tickets in bulk and
later refund them at scale. As illustrated in Fig. 1, BRB temporarily
holds seats through repeated booking–refund patterns, making ob-
served demand appear higher than actual seat use and leading to
artificial seat shortages and revenue loss despite sufficient physical
capacity. The resulting inefficiency is substantial: refunded seats
increased from 5.8 million in 2020 to 10.8 million in 2024 [5], 6.6%
of refunded seats remained unsold, and artificial seat shortages af-
fected nearly 20% of daily passenger demand [16], despite sufficient
physical capacity [29].

Despite these growing impacts, existing post-hoc and rule-based
detection approaches (e.g., monthly refunds exceeding 1 million
KRW, approximately USD 750, or refund rates above 90% [38])
remain inadequate for early BRB prevention because they rely on
static indicators observed only after large refund behaviors have
already accumulated [4]. These threshold-based criteria can also
be avoided through minor behavioral adjustments, limiting their
preventive effect in practice [9]. More fundamentally, they fail to
capture how BRB risk emerges from cumulative and sequential
booking–refund behaviors, leaving early-stage signals obscured.
This motivates proactive detection approaches that model how
BRB risk evolves over time rather than relying solely on post-hoc
violations [6].

However, detecting BRB in public transportation systems re-
mains challengingwith existing behavioral risk detection approaches,

https://creativecommons.org/licenses/by/4.0
https://creativecommons.org/licenses/by/4.0
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https://github.com/imc-hanyang/BulkShield


KDD 2026, August 9–13, 2026, Jeju Island, Republic of Korea. Seungyoung Shin et al.

which are typically trained on instances labeled using well-defined
risk criteria and produce coarse binary decisions [46] or risk scores [19].
Rather than constituting clear rule violations, BRB arises from the
strategic use of institutionally permitted booking and refund proce-
dures, placing it in a gray area where reliable labels are inherently
difficult to define. Moreover, in public-sector transportation sys-
tems, detection outcomesmust directly support passenger sanctions
and policy interventions, requiring explanations that go beyond
coarse risk scores to justify operational actions.

To address these challenges, we propose BulkShield, an end-to-
end proactive and interpretable framework for defining, detecting,
and explaining BRB risk in real-world railway operations. Bulk-
Shield derives unsupervised pseudo-labels to define data-driven
risk boundaries, models booking–refund histories as temporal se-
quences for booking-time detection, and generates LLM-assisted
explanations grounded in model-identified behavioral evidence.
Through quantitative experiments and expert evaluation with trans-
portation practitioners, we show that BulkShield achieves strong
proactive detection performance, produces practitioner-aligned risk
boundaries, and provides explanations that support operational
decision-making.

• We present the first systematic empirical study of Bulk Re-
fund Booking as a system-level demand distortion phenome-
non in a real-world railway ticketing system, showing that
BRB risk emerges through cumulative and sequential booking–
refund behaviors rather than isolated post-hoc violations.

• We propose BulkShield, an end-to-end framework that ad-
dresses label scarcity, booking-time detection, and inter-
pretability by integrating unsupervised data-driven risk la-
beling, sequence-based BRB detection, and evidence-grounded
natural-language explanations.

• We validate BulkShield through quantitative experiments
and expert evaluationwith transportation practitioners, demon-
strating strong proactive detection performance and practitioner-
aligned risk boundaries and explanations beyond predictive
accuracy alone.

2 Related Work
2.1 Fraud Detection
Most existing fraud detection studies formulate the task as a binary
decision problem, assuming that fraud is a clearly identifiable event
with a stable boundary [19, 27]—such as stolen card usage or ac-
count takeover—that enables labels to be directly used for detection
modeling in domains like finance [46] and e-commerce [47]. Based
on such boundary, prior studies have explored various detection
strategies, including supervised models trained on labeled normal
and fraudulent instances [14], unsupervised or weakly supervised
methods that learn the distribution of normal behavior and consider
deviations as potential fraud [22]. However, bulk refund booking
lacks an equivalent, externally verifiable criterion for defining fraud-
ulent behavior, which makes it difficult to directly apply existing
fraud detection approaches built on fixed normal–risk boundaries.
To bridge this gap, we construct data-driven pseudo-labels that
define intermediate risk levels and validate their practical relevance
through domain-expert assessment before using them for detection
modeling.

Figure 1: Overview of Bulk Refund Booking (BRB) as a
system-level demand distortion phenomenon in railway tick-
eting systems. Strategic booking–refund behaviors, detailed
in Sec. 3.1, temporarily withhold seats from passenger access
and distort observed demand signals, leading to artificial seat
shortages and operator revenue loss despite sufficient physi-
cal capacity.

2.2 Post-Hoc Explanation
To support the practical adoption of complex deep learning mod-
els, post-hoc explainability that interprets prediction processes
has become imperative. As a result, post-hoc explanation methods
have been extensively studied [11], including perturbation-based
(e.g., LIME [30], SHAP [20]) and gradient-based (e.g., Integrated
Gradients [41], Saliency Maps [34]) approaches which primarily
yield quantitative feature attributions. However, their reliance on
quantitative attributions often fails to provide sufficient semantic
interpretability in practical settings, limiting their usefulness for
practitioner decision-making [17, 25]. Recent studies address this
by leveraging the semantic reasoning of LLMs [13, 44] to translate
quantitative indicators—such as feature importance into seman-
tic explanations, which have been shown to improve practitioner
decision-making efficiency [15, 36]. Building on prior work, we
advance post-hoc explanation for bulk refund booking detection
by moving beyond feature-level attribution to sequence-level in-
terpretation, which is essential for capturing temporally accumu-
lated behaviors. Specifically, we identify prediction-critical events
from the sequence model’s inference process and incorporate them
into attention-guided prompting, enabling LLMs to generate inter-
pretable explanations grounded at the event-sequence level.

3 Preliminary
This section introduces the operational interpretation of BRB be-
havior and formalizes the proactive user-level detection task with
explanation generation.

3.1 Bulk Refund Booking Patterns and
Operational Interpretation

Beyond detecting whether a user is at BRB risk, effective operational
handling requires interpreting what the accumulated booking–
refund behavior represents. Through discussions with SR experts,
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Figure 2: Overview of BulkShield. For each booking event, BulkShield extracts booking–refund sequence features from a (W)-
day sliding window, predicts booking-time BRB risk, and generates expert-oriented explanations grounded in attention-guided
evidence events. The window is updated as new bookings occur, enabling continuous booking-time risk assessment.

we identify two complementary interpretation needs for practi-
tioner review: identifying the BRB-like risk pattern reflected in
the observed evidence and contextualizing the behavior within the
user’s booking history to assess whether it is more consistent with
strategic misuse or normal booking contexts.

We therefore define representative BRB pattern types observed
in practice: (i) Adjacent-Seat Booking with Selective Refund, in which
adjacent seats are reserved to secure personal space and selec-
tively refunded shortly before departure [5]; (ii) Automated Bulk
Booking for Resale with Partial Utilization, involving large-scale
bookings that are later partially used or refunded, often in con-
nection with resale attempts [12]; (iii) Multi-Time Booking Under
Uncertain-Schedule Booking, in which multiple candidate travel
times are reserved and most are later refunded [5]; and (iv) Credit-
Reward–Oriented Booking with Refund, in which non-travel-driven
bookings are made to accumulate card rewards or loyalty benefits
and later refunded without actual travel [28]. However, BRB pattern
identification alone is insufficient for operational interpretation,
because similar booking–refund sequences may arise from different
booking contexts.

To support booking-context interpretation, we further define rep-
resentative purpose-driven contexts through expert consultation:
(i) Routine Commuting, stable weekday travel between fixed origin–
destination pairs; (ii) Weekday Out-of-Region Stay with Weekend
Return Travel, Friday departures with Sunday or Monday returns,
often work-related; (iii) Leisure-Oriented Travel, irregular weekend-
centered trips across diverse routes; (iv) Medical Travel, periodic
visits to hospital-adjacent stations, often involving weekend travel
to metropolitan areas; (v) Occasional Use, sparse ad-hoc bookings
under schedule uncertainty; and (vi) Corporate Booking, tickets
reserved on behalf of multiple employees. These purpose-driven
contexts are not used as risk labels, model inputs, or enforcement
criteria; instead, they provide an interpretive reference frame for as-
sessing whether observed booking–refund behaviors are more con-
sistent with normal use or suggestive of strategic misuse, thereby
supporting explanation and operational judgment.

3.2 Problem Formulation
We formulate proactive Bulk Refund Booking detection as a user-
level binary classification problem triggered at each booking event.
For each user 𝑖 , given a booking event at time 𝑡 , we construct an

event sequence from the preceding𝑊 -day window:

s𝑖 = {e𝑖,1, e𝑖,2, . . . , e𝑖,𝑇𝑖 }, (1)

where each event e𝑖, 𝑗 corresponds to a booking or refund action,
and 𝑇𝑖 denotes the number of observed events within the window,
which varies across users.

The objective is to learn a detection model 𝐹𝜃 that predicts
whether the tickets booked within the𝑊 -day window will col-
lectively result in bulk refunds:

𝑦𝑖 = 𝐹𝜃 (s𝑖 ), (2)

where (𝑦𝑖 ∈ {0, 1}) indicates BRB risk (𝑦𝑖 = 1) or normal behavior
(𝑦𝑖 = 0). Beyond risk prediction, BulkShield identifies key behav-
ioral evidence from the sequence and generates natural-language
explanations using LLM that summarizes booking context and in-
ferred intent for operational decision-making. An overview of this
process is shown in Fig. 2.

4 Methodology
We introduce BulkShield, an end-to-end framework for proactive
and interpretable Bulk Refund Booking detection. The framework
consists of four components:

• Risk-AwareUnsupervisedBRBPseudo-Labeling (Sec. 4.1)
We derive BRB pseudo-labels without predefined risk crite-
ria by clustering the subsequent refund outcomes of tickets
booked within a𝑊 -day window, and use them as reference
supervision for booking-time risk prediction.

• Expert-Guided Sequence Feature Extraction (Sec. 4.2).
Guided by domain expert input, we extract structured se-
quential features from user actions observable before pre-
diction, capturing practical signals of booking context bulk-
refund misuse.

• Transformer-Based BRB Detection (Sec. 4.3). We model
booking–refund event sequences with a Transformer-based
classifier to capture long-range and recurring patterns for
booking-time BRB risk prediction.

• Attention-Guided LLM Explanation (Sec. 4.4).We select
high-attention events as behavioral evidence and prompt
an LLM to generate practitioner-oriented natural-language
explanations that support operational decision-making.
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4.1 Risk-Aware Unsupervised Pseudo-Labeling
We propose an unsupervised pseudo-labeling framework that se-
lects an observation window where refund risk is reliably distin-
guishable (Sec. 4.1.1) and then derives BRB risk groups from post-
hoc refund outcomes within that window (Sec. 4.1.2).

4.1.1 Optimal Observation Window Selection. For proactive BRB
detection, it is important to determine how far back a user’s book-
ing history should be observed. Bookings within this window are
later summarized by their refund outcomes, which provide the
basis for identifying whether meaningful BRB risk patterns have
emerged [21]. Too-short windows may miss accumulated refund
patterns, whereas overly long windows may mix outdated history
with current behavior, making pseudo-labels less representative of
the user’s booking-time risk state [7].

We therefore select the shortest window that yields both (i) clear
separation between potential BRB-risk and normal behavior and
(ii) stable discrimination across repeated sampling [21]. Given a
user setU = {1, . . . , 𝑁 }, we randomly sample an inference booking
date 𝑇𝑖 for each user 𝑖 . For each candidate window length𝑊 , we
collect tickets booked during the preceding𝑊 days and summarize
their subsequent refund outcomes as

r𝑖 (𝑊 ) = (count𝑖 (𝑊 ), rate𝑖 (𝑊 ), amount𝑖 (𝑊 )), (3)

where count is the number of subsequently refunded tickets, rate
is their ratio among tickets booked within (W), and amount is the
total corresponding refund amount.

For each window length𝑊 , the refund summaries {r𝑖 (𝑊 )}𝑁𝑖=1
are highly imbalanced: most users exhibit low refund activity, while
only a small subset shows elevated refund behavior. However, in-
termediate cases appear between clearly normal users and users
with consistently high refund counts, rates, and amounts, creating
uncertainty near the normal–risk boundary. This continuous and
overlapping structure makes fixed thresholds or hard clustering
methods (e.g., k-means [35], etc) unsuitable, as they force users into
rigid groups despite uncertainty near the boundary. We therefore
adopt a Gaussian Mixture Model (GMM) [1, 24],

𝑝 (r) =
𝐾∑︁
𝑘=1

𝜋𝑘N(r | 𝝁𝑘 , 𝚺𝑘 ), (4)

which captures latent refund-behavior groups through soft prob-
abilistic assignments, with the number of groups 𝐾 selected via
BIC [32]. Each sample is assigned to the component with the largest
posterior probability; the component with the largest median re-
fund amount is treated as the potential BRB risk group, and the
remaining components are aggregated as the normal group for
binary supervision.

For each (W), we quantify the separability between the risk and
normal groups using the Bhattacharyya distance [3],

𝐷𝐵 (𝑊 ) = 1
8
(𝝁𝑟 − 𝝁𝑛)⊤𝚺−1 (𝝁𝑟 − 𝝁𝑛) +

1
2
ln

|𝚺|√︁
|𝚺𝑟 | |𝚺𝑛 |

, (5)

which captures both mean separation and distributional overlap
between the two groups. To assess robustness, we repeat this pro-
cess𝑀 times with different randomly sampled booking times and
obtain a distribution of 𝐷𝐵 (𝑊 ) for each window length.

We select the optimal observation window as the shortest𝑊
that achieves both sufficiently large average separation and low
variability across repetition [21]:

𝑊opt = argmin
𝑊

𝑊 s.t. E[𝐷𝐵 (𝑊 )] ≥ 𝜏, Var[𝐷𝐵 (𝑊 )] ≤ 𝜖. (6)

This criterion ensures that the shortest window in which refund
behavior groups are both separable and stable, enabling reliable
BRB pseudo-label generation.

4.1.2 Bulk Refund Booking Pseudo-Label Generator. With 𝑊opt
fixed, we fit a GMM to the refund summary vectors r𝑖 (𝑊opt) and
define the component with the largest median refund amount as
the latent BRB risk group Crisk. Each booking-triggered user sample
is then assigned a binary pseudo-label:

𝑦
pseudo
𝑖

=

{
1, if r𝑖 (𝑊opt) ∈ Crisk,
0, otherwise.

(7)

These pseudo-labels serve as reference supervision for training and
evaluating proactive BRB detection models at booking time.

4.2 Expert-Guided Sequence Feature Extraction
To avoid future information leakage, we extract features only from
time-ordered booking and refund events observed before each pre-
diction point. These features are aligned with pseudo-labels derived
from the subsequent refund outcomes of tickets booked within the
𝑊opt-day window. Guided by domain experts, we focus on sequen-
tial patterns that reflect booking context and BRB-related suspicious
signals rather than isolated transactions.

We organize the extracted features into three complementary
categories: (1) Ticketing Attributes, covering transaction-level
context such as seat counts, monetary amounts, lead times, and
holding durations; (2) Usage Intention, capturing route repetition,
travel directionality, and temporal concentration that characterize
recurring travel behavior; and (3) Suspicious Signals, representing
expert-informed risk indicators such as overlapping active tickets,
repeated same-route bookings, and concentrated refund activity.
A complete list of the 32 extracted features, together with their
distributions (mean ± std), is provided in Appendix 4, Table B.

4.3 Transformer-Based BRB Detection
We employ a Transformer [42]-based sequence classifier for proac-
tive BRB risk detection. BRB risk emerges from long-range, repeti-
tive, and temporally concentrated booking–refund interactions that
are individually permissible but become risky when accumulated.
Thus, unlike anomaly detection methods [2, 31, 45] that model
risk as deviations from normal behavior, historical-statistics-based
classifiers that discard event order, or recurrent models that rely
on recursive state propagation, the Transformer is well suited for
directly modeling interactions among temporally distant events
through self-attention.

4.3.1 Input Representation. For each user 𝑖 , we construct a time-
ordered event sequence s𝑖 = {e𝑖,1, . . . , e𝑖,𝑇𝑖 }, where each event
corresponds to a booking or refund action observed before the
prediction time within a rolling window of𝑊 days. Each event
is represented by categorical or ordinal features c𝑖, 𝑗 , numerical or
binary features n𝑖, 𝑗 , and the inter-event time gap Δ𝑖, 𝑗 . Categorical
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and ordinal features are embedded, numerical and binary features
are log-transformed and linearly projected, and time gaps are dis-
cretized and embedded to capture temporal concentration patterns.
The final event embedding is defined as

z𝑖, 𝑗 = Embcat (𝑐𝑖, 𝑗 ) + Projnum (𝑛𝑖, 𝑗 ) + EmbΔ (Δ𝑖, 𝑗 ),

with padding and attention masks applied for variable-length se-
quences.

4.3.2 Sequence Modeling. We prepend a learnable [CLS] token
to each event sequence and add positional encodings to preserve
event order [8]. An 𝐿-layer Transformer encoder with masked self-
attention then produces the final [CLS] representation hcls𝑖 , which
summarizes the user’s accumulated booking–refund behavior by
integrating repeated and temporally distant events relevant to BRB
risk.

4.3.3 Output Layer. The [CLS] representation, hcls𝑖 , is passed to a
classification head to estimate BRB risk:

ŷ𝑖 = Head
(
hcls𝑖

)
∈ R2,

which is transformed via softmax into a BRB risk probability. This
enables BulkShield to proactively identify high-risk users from
sequential booking-time behavior, rather than relying on static
post-hoc refund thresholds.

4.3.4 The Optimization Process. We train the model using binary
cross-entropy loss [23], with pseudo-labels derived from post-hoc
refund outcomes serving as reference supervision. Since the input
sequence contains only events observed before prediction time, the
model learns early booking-time behavioral signals associated with
subsequent bulk-refund risk.

4.4 Attention-Guided LLM Explanation
We generate evidence-based operational explanations for users
flagged as BRB-risky. Given a trained Transformer classifier, Bulk-
Shield usesmodel attention to identify explanation-critical booking–
refund events and prompts an LLM to summarize BRB risk evidence
and inferred booking intent.

4.4.1 Attention-Guided Prompt Engineering. For each user sequence,
we extract attention weights from the final Transformer encoder
layer and compute head-averaged attention from the [CLS] to-
ken to each event token [33]. This identifies prediction-critical
booking–refund events that ground the subsequent explanation.
Let A ∈ R𝐻×𝑆×𝑆 denote the multi-head attention matrix, where
𝑆 =𝑇 + 1. The importance score of event 𝑗 is computed as

𝑠 𝑗 =
1
𝐻

𝐻∑︁
ℎ=1

Aℎ,CLS, 𝑗 , 𝑗 ∈ {1, . . . ,𝑇 }. (8)

Based on these scores, we first select the Top-𝐾 event indices and
then retrieve the corresponding booking–refund events as salient
evidence for explanation:

ITop-𝐾 = Top-𝑘 𝑗∈{1,...,𝑇 } (𝑠 𝑗 ), ETop-𝐾 = {e𝑖, 𝑗 | 𝑗 ∈ ITop-𝐾 }. (9)

Using this evidence, we construct a constrained prompt [43]
that guides the LLM to generate explanations grounded in selected
booking–refund behaviors:

𝑃𝐸→𝑋 = 𝑃Role + 𝑃Evidence + 𝑃Reason + 𝑃Explain . (10)

Here, 𝑃Role defines the LLM as a railway-domain analyst, 𝑃Evidence
provides the selected evidence events, 𝑃Reason guides evidence-
grounded reasoning, and 𝑃Explain enforces a fixed output structure.
Illustrative prompt examples are provided in Appendix C.

4.4.2 LLM-Assisted Explanation Generation. Given the constructed
prompt, we generate operational explanations using an open-source
LLM, such as Llama-3.1-70B-Instruct [10], to support privacy-preserving
deployment within controlled railway infrastructure. The gener-
ated explanation summarizes both BRB risk evidence and plausible
booking intent, enabling practitioners to review high-risk users
with concrete event-level support rather than risk scores alone.

5 Experiments
This section evaluates BulkShield by addressing the following re-
search questions:

• RQ1. Do unsupervised risk-aware pseudo-labels align with
domain experts’ practical boundaries between normal and
risky behavior? (Sec. 5.3)

• RQ2. How effectively does BulkShield proactively detect
BRB risk compared to baseline methods? (Sec. 5.4)

• RQ3. Do the generated explanations provide actionable
and trustworthy support for real-world decision-making?
(Sec. 5.5)

5.1 Dataset
5.1.1 Dataset Description. Weuse a large-scale SRT ticketing dataset
containing ticket-level booking and refund records from 6,756,549
customers. The dataset covers train journeys departing between Jan-
uary 1 and December 31, 2024, booked through mobile and online
platforms. Each record includes 148 attributes covering (1) customer
and booking information (e.g., anonymized customer IDs, booking
types, ticket status, and purchase timestamps), (2) train and journey
details (e.g., origin–destination station codes, travel times, and seat
attributes), and (3) payment, cancellation, and refund information
(e.g., fares, discounts, refund fees, and refund records).

5.1.2 Data Preprocessing. To ensure data reliability, we applied
two filtering steps. First, we retained users with at least one book-
ing and an observed usage period of at least 60 days, excluding
one-time or short-term users. Second, we removed records with
invalid departure or arrival timestamps (e.g., 00:00:00 or 23:59:59) or
implausible departure–arrival gaps exceeding two days. The final
dataset contains 1,697,500 users, with an average of 11.45 active
days and 33.56 events per user, and is randomly split into training
(1,357,991) and test (339,509) sets.

5.1.3 Sample Construction. We construct one individual-level sam-
ple for each passenger at an inference booking time 𝑡 . Input features
are extracted only from booking–refund events observed within the
past window [𝑡 −𝑊opt, 𝑡]. Pseudo-labels are assigned from the final
refund outcomes of tickets booked within this window, including
refunds already observable before 𝑡 and subsequent refunds within
[𝑡, 𝑡 + 𝛼]. To preserve the proactive detection setting, we retain



KDD 2026, August 9–13, 2026, Jeju Island, Republic of Korea. Seungyoung Shin et al.

only samples whose BRB pseudo-label is determined by refund out-
comes occurring after 𝑡 . Thus, future refund outcomes define the
window-level label but are never included as booking-time input
features.

The procedure consists of the following steps.
(1)Observationwindow selection:Using only training passen-

gers, we determine𝑊opt via Sec. 4.1.1 and fix it for all experiments.
(2) Inference date selection: For each passenger, we select one

booking time 𝑡 as the prediction point, with the preceding𝑊opt
days used for feature extraction.

(3) Pseudo-label generation: The unsupervised pseudo-label
generator is fitted on training samples to identify the risk group
𝐶risk, which is then fixed and applied to test samples.

(4) Feature extraction: Sequence features are extracted from
events within the observation window for both training and test
samples. In the training set, all numerical and binary features show
significant differences between risk and normal groups (𝑝 < 0.05)
in either mean or standard deviation [26].

5.2 Experimental Setups
5.2.1 Training Details. We use a Transformer classifier with 3 en-
coder layers and 4 attention heads, where𝑑model = 128 and𝑑ff = 256,
and apply a dropout rate of 0.1. The model is trained in PyTorch
on an NVIDIA H100 GPU with a batch size of 128, learning rate of
3×10−4, weight decay of 1×10−4, and a maximum of 20 epochs. For
consistency, baseline models use default library hyperparameters
unless otherwise specified. Each experiment is repeated 20 times
with different random seeds, and we report the mean and standard
deviation.

5.2.2 Evaluation Metric. We evaluate BulkShield using metrics
aligned with each research question.

• RQ1. Pseudo-label validity is measured by Cohen’s 𝜅 [18],
assessing agreement between learned risk labels and expert
judgments beyond chance.

• RQ2. Proactive BRB detection performance is evaluated us-
ing Macro-average Precision, Recall, and F1-score to account
for class imbalance.

• RQ3. Explanation usefulness is evaluated through expert-
based quantitative and qualitative assessments, focusing on
actionability and trustworthiness.

5.3 Pseudo-Label Validation by Experts (RQ1)
This section validates the BRB pseudo-labels by examining whether
the learned risk groups are separable and stable across observa-
tion windows (Sec. 5.3.1), and whether they align with practitioner
judgment in a structured human-in-the-loop study (Sec. 5.3.2).

5.3.1 Optimal Window Size Selection. Fig. 3 shows how the ob-
servation window length affects the separability and stability of
refund behavior groups. We evaluate window sizes up to𝑊max = 60
days to cover both short- and long-term behavioral patterns.

• Early regime (𝑊 < 20 days): Short windows provide in-
sufficient post-hoc refund information, resulting in low and
unstable separability between risk and normal groups.

• Transition to optimal regime (𝑊 ≈ 28 days): As𝑊 in-
creases, separability improves and variability decreases. At
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Figure 3: Effect of observation window length on the separa-
bility and stability of BRB pseudo-label groups. The expected
Bhattacharyya distance, 𝐸 [𝐷𝐵 (𝑊 )] (blue), captures the aver-
age separation between risk and normal group, while the
variance, 𝑉𝑎𝑟 [𝐷𝐵 (𝑊 )] (red), measures instability across re-
peated sampling. The optimal window (𝑊opt = 28) is selected
as the shortest window achieving stable and well-separated
pseudo-label groups.

𝑊 = 28 days (4 weeks), the mean Bhattacharyya distance sta-
bilizes and variance reaches its minimum, indicating robust
group separation.

• Saturation regime (𝑊 > 28 days): Longer windows pro-
vide little additional separability and slightly increase vari-
ability, suggesting the inclusion of redundant or noisy his-
torical information.

Based on these results, we set𝑊opt = 28 days as the final ob-
servation window, as it is the shortest window achieving stable
and well-separated refund behavior groups. This also aligns with
SR’s one-month advance reservation policy, reflecting the practical
temporal scope in which BRB behaviors emerge.

5.3.2 Pseudo-Labels validation from expert. After fixing𝑊opt, we
trained the unsupervised pseudo-label generator on the training
set and applied the learned risk-group definition to both training
and test sets. As shown in Table 1, the resulting pseudo-labels show
statistically significant separation between risk and normal groups
across refund-related patterns, with 𝑝 < 0.05 [26].

To assess practical validity, we conducted a human-in-the-loop
study with eight internally recruited SR practitioners, whose pro-
files are provided in Appendix A. Considering class imbalance, we
constructed a stratified set of 30 test cases: 5 extreme rule-violation
case that exceeded existing rule-based refund thresholds as atten-
tion checks, 15 pseudo-labeled BRB cases, and 10 normal cases.
Experts reviewed standardized post-hoc refund summaries for tick-
ets booked within𝑊opt, including booking count, refund count,
refund amount, and refund ratio, without access to model outputs
or clustering results. They independently labeled each case as Defi-
nite BRB (⃝), Suspected BRB (△), or Normal (×), with Definite and
Suspected BRB treated as positive for agreement analysis. Since all
experts passed the attention checks, all responses were retained.

The pseudo-labels show strong agreement with expert judg-
ments, with 𝜅 = 0.8862 [18], indicating that the unsupervised
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Figure 4: Survey interface for pseudo-label validation. Ex-
perts classified each case based on standardized post-hoc
refund statistics computed for tickets booked within𝑊opt,
while model outputs and clustering results were hidden to
ensure blinded judgment.

risk groups align with expert-recognized problematic refund pat-
terns and can serve as reference supervision for BulkShield. In con-
trast, the current fixed rule-based criteria (refund amount > KRW
1,000,000 and refund rate > 90%) produce sparse labels, 0.036%, and
much lower expert agreement, 𝜅 = 0.2824, suggesting that coarse
thresholds fail to capture heterogeneous and overlapping BRB risk
patterns for proactive detection.

5.4 Overall BRB Detection Performance (RQ2)
We evaluate the proactive BRB detection performance of BulkShield
against three groups of baselines: (i) anomaly detection methods
that model BRB as deviations from normal behavior (Deep SVDD,
LSTM Autoencoder, USAD), (ii) historical statistics-based classifiers
using aggregated refund features within the observation window
(Logistic Regression, SVR, MLP), and (iii) sequential models that
capture temporal dependencies in booking–refund sequences (RNN,
LSTM, GRU).

5.4.1 Performance Evaluation. Table 2 summarizes the detection re-
sults. Anomaly detection methods show limited performance, with
Macro F1 scores of 0.6021–0.6809, suggesting that BRB is not well
captured as a simple deviation from normal behavior. Historical
statistics-based classifiers improve performance by using aggre-
gated refund features, while sequential baselines perform better by
modeling temporal dependencies.

BulkShield achieves the best overall performance, with a Macro
F1 of 0.8909, outperforming the strongest sequential baseline, GRU,
with 0.8627. This indicates that BulkShield effectively captures long-
range and repetitive booking–refund patterns while maintaining
balanced precision and recall.

Table 1: Statistical comparison [26] of post-hoc refund out-
comes for bookings within 𝑊opt across risk and normal
groups. Train: 𝑛train = 1,357,991 (𝑛risk = 32,774; 2.41%), Test:
𝑛test = 339,509 (𝑛risk = 8,078; 2.38%).

Metric Training Set Test Set

Risk Normal 𝑝-value Risk Normal 𝑝-value

Refund rate 0.783 0.333 < 0.05 0.786 0.333 < 0.05
Refund amount (KRW) 492,100 22,700 < 0.05 499,650 22,700 < 0.05
Refund count 13 1 < 0.05 13 1 < 0.05

Table 2: BRB detection performance compared with baseline
models. The best results are highlighted in bold.

Model Macro F1 Precision Recall

Deep SVDD 0.6309 ± 0.018 0.6405 ± 0.021 0.6227 ± 0.019
LSTM Autoencoder 0.6809 ± 0.015 0.6703 ± 0.017 0.6930 ± 0.020
USAD 0.6021 ± 0.014 0.5775 ± 0.018 0.6648 ± 0.022

Logistic Regression 0.7890 ± 0.002 0.8507 ± 0.018 0.7753 ± 0.013
SVR 0.7537 ± 0.042 0.7996 ± 0.055 0.7369 ± 0.087
MLP 0.5032 ± 0.090 0.8596 ± 0.028 0.5046 ± 0.060

RNN 0.8597 ± 0.001 0.8736 ± 0.010 0.8472 ± 0.010
LSTM 0.8180 ± 0.009 0.8442 ± 0.013 0.8020 ± 0.019
GRU 0.8627 ± 0.002 0.8719 ± 0.009 0.8520 ± 0.008

BulkShield (Ours) 0.8909 ± 0.002 0.8852 ± 0.002 0.8985 ± 0.012

5.4.2 Ablation Study on Expert-Guided Features. To assess the con-
tribution of expert-guided feature design, we remove each feature
group introduced in Sec. 4.2. Removing Ticketing Attributes, Usage
Intention, and Suspicious Signals reduces Macro F1 from 0.8909 to
0.8692, 0.8818, and 0.8739, respectively. These results indicate that
the three feature groups provide complementary signals for BRB
detection.

5.4.3 Temporal Validation for Deployment Realism. To assess tem-
poral robustness, we train BulkShield on January–October 2024
data and test it on November–December 2024 data. The model
achieves a Macro F1 of 0.9036, comparable to the random split re-
sult of 0.8909. This suggests that BulkShield captures stable BRB
behavior patterns beyond a specific random split, supporting its
applicability in deployment-oriented settings.

5.5 Expert Validation of Explanations (RQ3)
To evaluate the practical value of LLM-assisted explanations, we
conducted an expert validation study with the SR practitioners who
participated in the pseudo-label validation study (Sec. 5.3.2). Ex-
perts reviewed true-positive test cases, where samples were pseudo-
labeled as BRB and correctly predicted as BRB by BulkShield before
the label-defining refund outcome occurred. Each case was pre-
sented with an LLM-generated explanation and visual summaries
of booking–refund behavior (Figs. 5 and 6).

The evaluation was designed to assess operational usefulness
rather than predictive accuracy. For the quantitative assessment,
experts rated the explanations in terms of interpretability (Q1),
relevance (Q2), trustworthiness (Q3), operational utility (Q4), mis-
interpretation risk (Q5), and adoption intention (Q6), as shown in
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Figure 5: Initial diagnostic view of the expert dashboard for
LLM-assisted BRB explanation validation. The top panel sum-
marizes the analysis period and predicted BRB pattern, the
left panel visualizes aggregated daily booking–refund trends
within𝑊opt, and the right panel provides structured LLM ex-
planations of BRB risk and booking intent. Experts can select
View Details in the left panel to inspect the attention-guided
evidence events shown in Fig. 6.

Fig. 7. We also collected qualitative feedback through open-ended
questions on how booking-intent explanations influenced expert
judgment and how visual risk presentation could be improved.

5.5.1 Quantitative Results. The explanations received consistently
high ratings for interpretability, relevance, trustworthiness, opera-
tional utility, and adoption intention (Q1–Q4, Q6), with all mean
scores above 4.5 on a five-point Likert scale. The reverse-coded item
on misinterpretation risk (Q5) showed a low mean score, indicat-
ing that experts generally did not find the explanations confusing
or misleading. These results suggest that the explanations were
perceived as useful for practitioner review.

5.5.2 Qualitative Results. Qualitative feedback further revealed
key strengths and limitations of the explanation framework.

Strengths. Experts (P3, P8) noted that the explanations helped
distinguish heterogeneous refund intentions rather than treating
bulk refunds as a single uniform behavior, supportingmore nuanced
operational judgment. Others (P1, P6) emphasized that time-series
and graphical summaries improved interpretability compared with
inspecting raw transaction logs.

Limitations and Improvement Suggestions. Experts high-
lighted the need for richer contextual cues. In particular, aggre-
gating events only by transaction date can obscure important in-
formation, such as the actual travel dates of refunded tickets (P4,
P6). P3 also suggested finer-grained intent categories to better cap-
ture diverse and less common refund behaviors. These findings

Figure 6: Detailed inspection view accessed through View De-
tails in Fig. 5. The view presents attention-guided Top-𝐾 evi-
dence events and corresponding transaction logs, highlight-
ing key risk indicators such as prolonged seat occupation,
repeated same-route refunds, and last-minute cancellations
to support evidence-grounded validation.

indicate that future explanation systems should incorporate richer
travel-date context and more detailed booking-context categories.

6 Discussion
6.1 BulkShield for Smart Railway Operations
When deployed in real-world SR booking systems, BulkShield can
help address structural inefficiencies by supporting proactive and
interpretable BRB risk management. We summarize its implications
from three stakeholder perspectives:

• User perspective: improved seat accessibility and fair-
ness. By identifying strategic bulk seat holding earlier, Bulk-
Shield alleviates artificial seat shortages, improving ticket
availability and perceived fairness, particularly during peak
travel periods.

• Operator perspective: timely intervention and seat re-
covery. Early BRB risk identification can support practi-
tioner review before refunds accumulate at scale, creating
opportunities for timely intervention, seat recovery, and
revenue-loss risk mitigation.

• System-level perspective: behavior-aware and sustain-
able mobility management. By linking BRB risk to under-
lying booking and mobility behaviors, BulkShield supports
proactive and behavior-aware management of shared seat ca-
pacity, aligning operational decisions with efficiency, equity,
and public trust.

Overall, these implications show how behavior-aware AI can
shift smart railway operations from reactive enforcement to proac-
tive, interpretable, and policy-aligned mobility management.
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Q1. Does the provided explanation clearly and easily convey the user's booking/refund behavior without requiring specialized knowledge?

 Q2. Do you feel that the booking/refund behavior patterns presented in the explanation are meaningful and relevant patterns for determining 
mass refund risk?

Q3. Do you feel overall confidence in the booking/refund behavior patterns presented in the explanation?

Q4. Do you consider this explanation and visualization to provide practical help in determining whether to classify the user as a monitoring 
target or a subject for further review?

Q5. Did you feel that this type of explanation method could cause confusion or unnecessary misunderstanding in the practical judgment 
process?

Q6. Do you intend to use such explanation-based analysis tools in your actual work environment as a means to complement or replace existing 
simple rule-based warning methods?

NeutralStrongly Disagree Strongly Agree

Figure 7: Expert ratings of LLM-assisted BRB explanations across six evaluation questions (Q1–Q6) on a five-point Likert scale.
Boxes indicate the interquartile range (IQR), and central lines indicate medians.

6.2 Limitations and Future Work
Despite its practical implications, this work has several limitations.

First, BulkShield relies on predefined BRB pattern types and
booking-context categories derived from domain-expert knowledge.
While these definitions support interpretable and operationally
meaningful explanations, booking and refund strategies may evolve
as users adapt to policy or monitoring practices, and emerging
behaviors may not be fully captured by the current categories.

Second, although expert feedback supports the usefulness of
LLM-generated explanations, the framework does not yet include
a formal mechanism for verifying their factual correctness, com-
pleteness, or objectivity. Without structured validation and human
oversight, explanations may remain incomplete or misleading in
operational settings.

To address these challenges, future work will focus on improving
both adaptability and governance. We plan to refine behavioral
definitions through continuous collaboration with domain experts
and explore adaptive, data-driven methods to identify previously
unseen BRB patterns. In parallel, we aim to incorporate human-in-
the-loop validation processes in which LLM-generated explanations
are systematically reviewed and contextualized before informing
enforcement or policy decisions.

6.3 Ethical Considerations
This study was conducted under strict ethical and legal safeguards
to protect passenger privacy and prevent misuse.

Legal basis and purpose limitation. All analyses were con-
ducted under a formal pseudonymized data processing agreement
between SR and the research institution, which defined the pur-
pose, scope, and duration of data use. The data were used solely for
research on ticketing behavior and BRB prevention, in compliance
with the Personal Information Protection Act of Korea and related
regulations.

Privacy protection and data security. Passenger identifiers
were pseudonymized and de-identified before analysis, and no
raw personal identifiers were accessible to the research team. All

datasets were encrypted using AES-256-CBC and stored on secure
servers with controlled access.

Governance and accountability. All researchers signed confi-
dentiality and data security agreements prohibiting unauthorized
disclosure, secondary use, re-identification, or third-party sharing.
Data processing activities were logged and subject to oversight
by the data provider, and all pseudonymized data are mandatorily
destroyed or returned upon contract completion.

IRB consideration. This study did not require IRB approval,
as it involved no direct interaction with human subjects and relied
exclusively on pseudonymized administrative records processed
under a formal data use agreement.

7 Conclusion
In this study, we characterize Bulk Refund Booking as a system-
level demand distortion phenomenon driven by cumulative and
sequential booking–refund behaviors, rather than static post-hoc
misuse. To study and address this phenomenon, we introduce Bulk-
Shield, an end-to-end framework that combines unsupervised risk
labeling, sequence-based BRB detection, and LLM-assisted explana-
tions to capture how behavioral risk accumulates over time. Expert
evaluations confirm that the inferred risk boundaries align with do-
main judgment, supporting their validity as reference supervision
for proactive detection. Furthermore, the generated explanations
enable intent-aware interpretation of booking behavior, providing
transparent evidence to inform policy interventions in public trans-
portation systems. Overall, this work shows that behavior-aware
and interpretable AI can uncover demand distortion mechanisms
in railway ticketing systems, informing proactive and equitable
capacity management.
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A Participant Demographics and Recruitment
As summarized in Table 3, we recruited eight SR practitioners
and divided them into two complementary groups to reflect both
institutional policy judgment and operational data validation.

• Group 1: Strategy & Policy (P1–P4). This group includes
managerial-level personnel, such as the General Manager of
Sales Planning and the Head of Marketing. They assessed
whether the observed behaviors could be interpreted as pol-
icy or regulatory violations from an institutional enforce-
ment perspective.

• Group 2: Data & Operations (P5–P8). This group includes
data analysts, membership managers, and administrative
practitioners. They evaluated whether the observed data
patterns were operationally anomalous and consistent with
known misuse behaviors.

Participant Age Degree Gender Job Role

P1 47 Bachelor’s Male Sales Planning (Overall Operations)
P2 47 Bachelor’s Male Marketing Operations
P3 39 Bachelor’s Male Passenger Policy Management
P4 35 Bachelor’s Male Headquarters Staff
P5 31 Bachelor’s Male Administrative Operations
P6 33 Bachelor’s Female Data Analysis
P7 28 Bachelor’s Female Membership Policy
P8 31 Bachelor’s Male Administrative Support

Table 3: Expert profiles for the human-in-the-loop evaluation

B Expert-Guided Feature Extraction
This section describes 32 expert-guided sequential features that
characterize ticketing behavior across booking and refund events.
As summarized in Table 4, the feature set comprises 16 Ticketing
Attributes, 8 Usage Intention features, and 8 Suspicious Signals. For
numerical and binary features, we additionally report their aggre-
gated distributions over the observation window to provide an
overall summary of feature behavior.

C Attention-Guided Prompt Structure
This section presents a structured prompting strategy for explaining
BRB risk from attention-selected evidence.

C.1 𝑃Role
You are an analyst supporting a railway operator’s

enforcement decisions for suspicious ticketing behavior.
Write an operationally useful, evidence-based explanation.

Rules:
- Think step-by-step internally; DO NOT reveal
chain-of-thought.
- Do NOT mention model internals
(attention/scores/features/embeddings).
- Do NOT claim confirmed fraud; use cautious language
(suggests/likely/consistent with).
- Ground every claim in the given numbers/events.
- Use concrete numbers and specific timestamps/dates.

C.2 𝑃Evidence
28-day ticketing window summary (up to final purchase).

INPUT

Numerical summary
- Purchase: Price T across 11
- Refund: Price R across 3

Key events (may be out of order; treat as evidence)

- [2024-09-14 10:26:00] (dep_date=2024-10-11) Station
A→Station C (Fri 12:00 departure) | REFUND | seats=1
| refunded Price A (fee Price F) | refunded 39,005
min before departure; held 68 min | usage-context:
same-route purchases in window: 3; unique routes in
window: 2 | anomaly-signals: adjacent-seat refund observed;
recent same-route refunds: 2; recent same-route refund
rate: 0.67; recent same-route refund amount: Price R
...

C.3 𝑃Reason
Choose exactly ONE user type and ONE bulk-refund

pattern label.

User types:
- Commuter (weekday commute, fixed route/time)
- Weekend home-and-return (Fri outbound, Sun/Mon return)
- Weekend/leisure traveler (Fri–Sun, diverse routes/times)
- Weekend hospital visitor (Sat/Sun or fixed day, hospital
area routes)
- One-time user (short-term, little repetition)
- Corporate booking agent (books/cancels for others)

Bulk-refund patterns:
- Adjacent-seat holding + last-minute refunds
- Card-spend targeting via bulk purchase/refund
- Macro-assisted booking for resale
- Bulk seat-holding + selective refunds

TASK (do NOT output steps):
1) Pick one user type + one pattern label.
2) Justify BRB risk using the strongest event facts.
3) Explain deviations from the chosen type; infer ONE
plausible intent (cautious).

C.4 𝑃Explain
OUTPUT :

=== NUMERICAL SUMMARY ===
- <purchase amount> across <purchase count>
- <refund amount> across <refund count>

=== BRB RISK JUSTIFICATION (<bulk-refund pattern label>)
===
4–6 sentences. Use concrete counts/amounts/timing; mention
last-minute/holding/adjacent seats if present.
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Major Category Minor Category Feature Name Description Type Mean ± Std

Ticketing Attributes Identifier dep_station_id Departure station code Categorical -
arr_station_id Arrival station code Categorical -
route_id Encoded identifier of a departure–arrival station pair Categorical -
train_id Train service identifier Categorical -

Transaction action_type Transaction type indicating booking (0) or refund (1) Binary 0.29 ± 0.45
seat_cnt Number of seats involved in a single transaction Numerical 1.00 ± 0.11
buy_amt Ticket purchase amount recorded at booking (KRW) Numerical 19830.97 ± 19267.36
refund_amt Amount refunded at cancellation (KRW) Numerical 8315.34 ± 16125.52
cancel_fee Total cancellation or refund fee charged (KRW) Numerical 87.51 ± 546.75
route_dist Travel distance of the route (km) Numerical 214.14 ± 115.13

Time Info travel_time Scheduled travel duration (min) Numerical 130.45 ± 1421.43
lead_time_buy Time interval between booking and departure (min) Numerical 10655.97 ± 15146.40
lead_time_ref Time interval between refund and departure (min) Numerical 1800.98 ± 6122.65
hold_time Duration between booking and refund timestamps (min) Numerical 3039.76 ± 8913.92
dep_dow Day of week of departure Categorical -
dep_hour Hour of day of departure Ordinal -

Usage Intention Forward History route_buy_cnt Cumulative number of bookings for the same route within the window Numerical 5.02 ± 22.34
fwd_dep_hour_median Median departure hour of active forward tickets Ordinal -
fwd_dep_dow_median Median departure weekday of active forward tickets Categorical -

Reverse Pattern rev_buy_cnt Cumulative number of bookings in the reverse direction Numerical 4.13 ± 21.86
rev_dep_hour_median Median departure hour of active reverse tickets Ordinal -
rev_dep_dow_median Median departure weekday of active reverse tickets Categorical -
rev_return_gap Minimum time gap between arrival and reverse-direction departure (min) Numerical 929.29 ± 3974.82

Diversity unique_route_cnt Number of distinct routes used by the customer Numerical 4.32 ± 15.06

Suspicious Signals Active Pattern overlap_cnt Count of simultaneously held tickets with overlapping schedules Numerical 0.54 ± 12.64
same_route_cnt Number of concurrently held tickets on the same route Numerical 2.40 ± 17.59
rev_route_cnt Number of concurrently held tickets in the reverse direction Numerical 2.17 ± 17.25
repeat_interval Median time interval between recent bookings on the same route (min) Numerical 1403.81 ± 3556.46
adj_seat_refund_flag Indicator of whether adjacent seats were refunded together Binary 0.04 ± 0.20

Same Route Refund recent_ref_cnt Number of refunds for the same route within the window Numerical 2.32 ± 6.51
recent_ref_amt Total refunded amount for the same route within the window (KRW) Numerical 66828.88 ± 232610.97
recent_ref_rate Proportion of refunded bookings for the same route within the window Numerical 0.30 ± 0.52

Table 4: Expert-guided sequential features for BRB detection.

=== BOOKING INTENT INTERPRETATION (<user type>) ===
3–5 sentences. Start: Selected user type: <...>. End:
A plausible intent is that ... (cautious).

=== DETAILED EVENT SUMMARY ===
Chronological (earliest→latest).
For EACH event:
- Describe the event factually (time, route, action,
amount).
- THEN select ONLY the most relevant 2–4 behavioral

signals that help interpret
(a) bulk-refund risk or (b) booking intent.
- Do NOT list all available features; include only those
that materially support interpretation.

Each line format (flexible, but concise):

YYYY-MM-DD HH:MM:SS ACTION
For YYYY-MM-DD (Dow HH:MM) Origin→Destination | seats=<n>
| amount=<...> | key signals: <signal A>; <signal B>;
<signal C>
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