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Abstract

Business risk prediction tasks such as fraud detection, credit default prediction, and equipment failure
forecasting face two fundamental challenges simultaneously: severe class imbalance where anomalous
events are extremely rare, and distribution shift where data patterns evolve over time due to changing
business conditions or adversarial behavior. While existing approaches address these challenges in
isolation, real-world deployment requires handling both simultaneously. We propose DualShiftNet,
a unified framework that jointly addresses class imbalance and distribution shift through a two-
stage architecture. The first stage learns imbalance-aware representations using synthetic minority
oversampling, focal loss optimization, and class-balanced contrastive learning to create discriminative
embeddings. The second stage employs Maximum Mean Discrepancy (MMD) based drift detection
coupled with importance reweighting to adapt predictions under distribution shift. Additionally, we
introduce an uncertainty-driven threshold calibration mechanism that dynamically adjusts decision
boundaries based on detected shift intensity. Experiments on three benchmark datasets demonstrate
that DualShiftNet achieves relative improvements of approximately 3-4% in AUC-ROC scores and 10—
22% in F1-scores compared to state-of-the-art methods that address only one challenge. Our ablation
studies confirm that both stages contribute meaningfully to performance, with the joint approach
outperforming sequential or isolated solutions.

Keywords: class imbalance; distribution shift; fraud detection; credit risk; deep learning

CCS Concepts: computing methodologies; machine learning; machine learning approaches

I. Introduction

Machine learning models deployed in business-critical applications such as financial fraud detec-
tion, credit risk assessment, and equipment failure prediction face a dual challenge that significantly
impacts their real-world performance. First, the events of interest (fraud, defaults, failures) are inher-
ently rare, creating severe class imbalance with minority class ratios often below 1% [1]. Second, the
underlying data distribution evolves over time due to changing customer behavior, market condi-
tions, policy updates, or adversarial adaptation, introducing distribution shift that degrades model
performance [2].

While substantial research has addressed class imbalance through techniques such as synthetic
oversampling [1], cost-sensitive learning [3], and specialized loss functions [4], and parallel research
has tackled distribution shift through domain adaptation [5] and importance weighting [6], these
approaches largely operate in isolation. In practice, business risk prediction systems encounter both
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challenges simultaneously. A fraud detection model must handle extremely imbalanced transaction
data while adapting to novel fraud patterns; a credit scoring system must accurately identify rare
defaults while accommodating shifts in borrower demographics and economic conditions.

The interaction between class imbalance and distribution shift creates compounding challenges.
Standard imbalance handling techniques assume stationary distributions, while domain adaptation
methods typically assume balanced class distributions. When both issues occur simultaneously, apply-
ing these techniques naively sequentially proves suboptimal. Oversampling on shifting distributions
may synthesize outdated minority patterns, while importance reweighting with extreme imbalance
amplifies weight variance, potentially destabilizing learning.

We propose DualShiftNet, a novel unified framework designed to jointly address class imbalance
and distribution shift in business risk prediction. Our approach consists of two integrated stages: (1)
an imbalance-aware representation learning stage that combines Borderline-SMOTE augmentation,
focal loss training, and class-balanced contrastive learning to create robust, discriminative embeddings
even for severely underrepresented classes; and (2) a shift-adaptive prediction stage that employs
MMD-based drift detection, importance reweighting, and adaptive threshold calibration to maintain
prediction quality under distribution changes. Crucially, Stage 2 operates on the balanced embeddings
produced by Stage 1, which prevents importance weight explosion in minority-class regions—a
common failure mode of applying importance weighting directly to imbalanced raw features.

The key contributions of this work are: (1) a unified framework that jointly models class imbal-
ance as label-space heterogeneity and distribution shift as feature-space dynamics within a coherent
representation learning paradigm; (2) a novel integration of class-balanced contrastive learning with
importance reweighting that stabilizes minority class representations under distribution shift; (3) an
uncertainty-driven threshold calibration mechanism that adapts decision boundaries based on de-
tected shift intensity; and (4) comprehensive experiments on three benchmark datasets demonstrating
consistent improvements over methods that address only one challenge.

I1. Related Work
A. Class Imbalance Learning

Class imbalance is a well-studied problem in machine learning, with solutions broadly catego-
rized into data-level, algorithm-level, and hybrid approaches [7]. Data-level methods modify the
training distribution through oversampling minority classes (e.g., SMOTE [1] and its variants) or
undersampling majority classes. Algorithm-level approaches modify the learning objective, including
cost-sensitive learning and specialized loss functions such as focal loss [4], which down-weights
well-classified examples to focus learning on hard samples. Label-distribution-aware margin loss
(LDAM) [3] explicitly accounts for class frequencies in margin-based classifiers. Recent work has
explored representation learning approaches, including contrastive learning methods adapted for
imbalanced scenarios [8]. While effective for stationary data, these methods do not explicitly account
for distribution changes that occur in deployed systems.

B. Distribution Shift and Domain Adaptation

Distribution shift occurs when training and test data follow different distributions, violating
the i.i.d. assumption underlying most learning algorithms. Common shift types include covariate
shift (changing input distribution with preserved conditional P(Y|X)) and concept drift (changing
P(Y|X)) [2,9]. Classical approaches address covariate shift through importance weighting, where
training samples are reweighted by the density ratio between target and source distributions [6]. Deep
learning approaches include domain-adversarial neural networks (DANN) [5] that learn domain-
invariant representations. Maximum Mean Discrepancy (MMD) provides a kernel-based metric for
comparing distributions and detecting shift [10,11]. Recent work has addressed temporal distribution
shift in time series [12] and adversarial concept drift [13]. However, these methods typically assume
relatively balanced class distributions.
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C. Joint Approaches

Limited work has addressed the intersection of class imbalance and distribution shift. Some
studies have examined data stream classification with both challenges [14], typically through ensemble
approaches or online learning with drift detection. Feature engineering approaches have been proposed
that combine outlier detection with imbalanced learning [15]. Domain adaptation under target shift [16]
considers changing label distributions but not extreme imbalance.

Existing joint approaches primarily rely on one of two paradigms: (1) ensemble methods with
explicit drift detectors that trigger model retraining when distribution change is detected, or (2) online
learning algorithms that incrementally update models sample-by-sample. Both paradigms have
limitations in handling severe class imbalance. Ensemble methods may suffer from outdated minority
class patterns in constituent models, while online updates can be destabilized by the extreme weight
fluctuations caused by rare minority samples.

In contrast, DualShiftNet provides an end-to-end deep learning framework that learns representa-
tions specifically designed to be both imbalance-aware and shift-robust. Unlike traditional domain
adaptation methods that align feature distributions globally (potentially collapsing minority class
structure), our approach explicitly preserves minority class representations through contrastive learn-
ing while adapting to distribution changes through importance reweighting in the learned embedding
space. To our knowledge, no prior work provides a unified deep learning framework that jointly
addresses severe class imbalance (ratios exceeding 1:100) and continuous distribution shift through
integrated representation learning and adaptive prediction mechanisms.

IT1. Problem Formulation

We consider a binary classification setting for business risk prediction where the training data
D; = {(x;,y;)}Y, is drawn from a source distribution P;(X, Y) and deployed systems encounter data
from potentially shifting target distributions P(X, Y).

The class imbalance challenge manifests as P(Y = 1) < P(Y = 0), where Y = 1 denotes the
minority risk class. Typical imbalance ratios in business applications range from 1:100 to 1:1000. This
creates two issues: insufficient minority samples for learning discriminative patterns, and biased
learning toward the majority class.

Distribution shift encompasses changes where P;(X,Y) # Ps(X,Y). Following standard decom-
position, we consider: (1) covariate shift where P¢(X) # Ps(X) but P:(Y|X) = Ps(Y|X); and (2) concept
drift where P;(Y|X) # Ps(Y|X). In business risk prediction, covariate shift arises from demographic
changes or market evolution, while concept drift occurs when the relationship between features and
risk changes, such as with novel fraud strategies.

Distinction from Traditional Domain Adaptation. Our problem setting differs from standard
unsupervised domain adaptation (UDA) in several key aspects that warrant explicit clarification. First,
the “source” and “target” distributions in our setting represent the same business data at different
time periods or under different operational conditions, rather than distinct domains such as different
companies, countries, or data collection environments. Second, we assume no labeled target data is
available during deployment; all adaptation relies solely on unlabeled target samples for distribution
alignment and density ratio estimation. Third, unlike UDA methods that typically assume balanced
or moderately imbalanced classes, we explicitly address extreme class imbalance (often exceeding
1:100) throughout the adaptation process. Fourth, our target distribution evolves continuously rather
than being a fixed unknown distribution, requiring ongoing adaptation rather than one-time domain
transfer. These distinctions motivate our two-stage design: Stage 1 addresses the imbalance challenge
that UDA methods largely ignore, while Stage 2 provides continuous adaptation rather than static
domain alignment.

Our objective is to learn a predictive model that: (1) achieves high recall on minority class
detection despite severe imbalance; (2) maintains stable performance under distribution shift; and (3)
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adapts decision thresholds to balance recall and precision based on operational requirements and shift
intensity.

IV. Proposed Method: DualShiftNet

DualShiftNet consists of two integrated stages: imbalance-aware representation learning (Stage 1)
and shift-adaptive prediction (Stage 2). Figure 1 illustrates the overall architecture.
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Figure 1. Overview of the DualShiftNet framework showing the two-stage architecture for jointly addressing class
imbalance and distribution shift. Stage 1 learns imbalance-aware representations through SMOTE augmentation,
focal loss, and contrastive learning. Stage 2 builds shift-adaptive predictions using MMD-based drift detection,
importance reweighting, and adaptive threshold calibration.

A. Stage 1: Imbalance-Aware Representation Learning

The first stage aims to learn an encoder fy : X — Z that produces discriminative embeddings even
for severely underrepresented classes. We achieve this through three complementary mechanisms.
Borderline-SMOTE Augmentation. Rather than applying standard SMOTE uniformly, we focus
synthetic sample generation on borderline minority instances that lie near the decision boundary. For
each minority sample x;", we identify its k nearest neighbors and classify it as borderline if more than
half of its neighbors belong to the majority class. Synthetic samples are generated only from borderline
instances:
Xsyn =X + A (x) —xF), A~U(0,1) (1)

where x;“ is a randomly selected minority neighbor. This strategy generates samples in regions where

class discrimination is most challenging, providing more informative training signal than uniform
oversampling.

Focal Loss Training. We employ focal loss [4] to address the remaining imbalance in model
training:

Efocal = 70”(1 - Pt)”og(Pt) (2)

where p; is the predicted probability for the true class, a; is a class-balancing weight, and v is the
focusing parameter that down-weights well-classified examples. We set ¢ = 2 and a; inversely
proportional to class frequencies.

Class-Balanced Contrastive Learning. To further enhance minority class representations, we
incorporate a contrastive learning objective that pulls same-class samples together while pushing
different-class samples apart in embedding space. Given a batch with balanced sampling (equal
minority and majority samples), we define:

-1 exp(z; - zp/T)
Leon = THNT 1 3
; ‘P(l)| pe%(i) °8 Za;éi eXP(Zi 'Za/T) ®)
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where z; = fy(x;), P(i) is the set of positive pairs (same class as i), and 7 is a temperature parameter.

The balanced sampling ensures minority class samples contribute equally to representation learning.
The total Stage 1 loss is:

£I = Efocal + )\1 »Ccon (4)

where A; controls the contrastive learning contribution.

B. Stage 2: Shift-Adaptive Prediction

The second stage builds a classifier gy : Z — [0,1] on top of the learned representations and
incorporates mechanisms to detect and adapt to distribution shift.

MMD-Based Drift Detection. We continuously monitor for distribution shift using Maximum
Mean Discrepancy (MMD) [10] in the embedding space. Given a reference window of embeddings
Z.ef from the source distribution and a current window Z,; from incoming data, we compute:

MMD = — Zk(zi,zj) - = Zk(zi,zf) + = Zk(zf,zi) (5)
e nm m=s

where k(-, -) is a Gaussian kernel and #, m are window sizes. A drift is flagged when I\TI\E)2 exceeds a
threshold ¢ calibrated on validation data.

Importance Reweighting. Upon detecting shift, we apply importance reweighting to adapt
predictions. The importance weight for each sample estimates the density ratio:

pe(x) ©)

v = o)

We estimate these weights using a density ratio estimator trained to distinguish source from target sam-
ples. To prevent weight explosion with imbalanced data, we apply clipping: w(x) < min(w(x), Wmax)-

Adaptive Threshold Calibration. In business applications, the classification threshold t directly
impacts the trade-off between recall (catching risky events) and precision (avoiding false alarms).
We adapt the threshold based on: (1) detected shift intensity measured by MMD; and (2) predictive
uncertainty estimated from model outputs:

—2
Tadapt = T0 — 1 - MMD - Opred @)

where 1 is the baseline threshold, 7 is a sensitivity parameter, and 0pyeq is the standard deviation of
prediction scores in the current window. This lowers the threshold (increasing recall) when high shift
is detected with high uncertainty, providing a conservative safety margin.

C. Integration of Two Stages

The two stages of DualShiftNet are designed to work synergistically within a single end-to-
end framework, not as independent modules. Stage 1 produces imbalance-aware embeddings z =
fo(x) that preserve minority class structure through contrastive learning, creating compact and well-
separated class clusters in embedding space. Stage 2 then operates on these embeddings rather than
raw features, using MMD to detect distribution changes and importance reweighting to adapt the
classifier g,.

The key insight is that the quality of Stage 2’s shift adaptation critically depends on Stage 1's
balanced representations. When importance reweighting is applied directly to imbalanced raw features,
the density ratio p¢(x)/ps(x) can explode in minority-class regions where both densities are near zero,
causing numerical instability. In contrast, Stage 1’s contrastive learning objective spreads minority
samples across a larger volume in embedding space (proportional to majority class coverage), which
stabilizes density estimation and prevents weight explosion. Empirically, we observe that the maximum
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importance weight in embedding space is 3-5x lower than in raw feature space under identical shift
conditions.

D. Training Procedure

Training proceeds in two sequential training phases corresponding to the two stages. In the
first training phase, we train the encoder fy on augmented source data using the combined focal and
contrastive loss (Stage 1 objectives). In the second training phase, we freeze the encoder and train the
classifier g using importance-weighted cross-entropy loss on a held-out validation set that includes
simulated shift (via subsampling and feature perturbation). The MMD threshold and calibration
parameters are tuned on this validation set.

V. Experiments
A. Datasets

We evaluate DualShiftNet on three publicly available benchmark datasets commonly used for
fraud and credit risk prediction:

Credit Card Fraud Detection [17]: Contains 284,807 European credit card transactions with 492
frauds (0.172% positive rate). Features are PCA-transformed for confidentiality. We simulate temporal
shift by ordering transactions chronologically and using different time periods for training and testing.

IEEE-CIS Fraud Detection [18]: From the IEEE-CIS Kaggle competition, containing 590,540
e-commerce transactions with 3.5% fraud rate. Includes both transaction and identity features. We use
the provided temporal split with additional induced shift.

Give Me Some Credit [19]: Contains 150,000 credit records with 6.7% default rate. Features
include credit utilization, payment history, and demographic information. We simulate distribution
shift through stratified sampling of subpopulations.

Table 1 summarizes dataset statistics.

Table 1. Dataset Statistics.

Dataset Samples Features Positive Rate
Credit Card Fraud 284,807 30 0.17%
IEEE-CIS 590,540 67 3.50%
Give Me Credit 150,000 10 6.68%

B. Experimental Setup

Baselines. We compare against methods addressing class imbalance (SMOTE [1] with logistic
regression, Focal Loss [4] with neural network) and distribution shift (DANN [5], Importance-Weighted
ERM (IW-ERM) [6]) separately.

Implementation. The encoder fy is a 3-layer MLP with dimensions [input, 128, 64, 32] and ReLU
activations. The classifier g is a single linear layer. We use the Adam optimizer with a learning rate
of 1073, batch size 256, and train for 100 epochs with early stopping. Hyperparameters: ¢ = 2 for
focal loss, A1 = 0.5 for contrastive weight, T = 0.1 for temperature, k = 5 for SMOTE neighbors, and
wWmax = 10 for weight clipping.

Distribution Shift Scenarios. We evaluate under three types of distribution shift, each designed
to simulate realistic deployment conditions:

¢  Gradual covariate shift: We partition data into 12 monthly windows (each containing approxi-
mately 8% of samples). During months 4-7, we incrementally shift the mean of each numerical
feature by 0.5 standard deviations per month (cumulative shift of 2 standard deviations by
month 7), then gradually return to the original distribution by month 10. The class ratio (mi-
nority /majority) remains unchanged throughout. This simulates gradual market evolution or
demographic drift.
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*  Abrupt concept drift: At a specific time point (month 6), we flip the labels of 10% of samples in
feature subspaces where the minority class is most concentrated (identified by the top 5 features
with highest discriminative power). This simulates sudden changes in fraud patterns, such as
attackers exploiting new vulnerabilities that were previously benign feature combinations.

*  Recurring seasonal patterns: We simulate quarterly business cycles by stratified sampling from
different customer risk segments. Specifically, quarters 1 and 3 are dominated by low-risk
customers (80% of majority class from low-risk segment), while quarters 2 and 4 have higher
representation of medium-risk customers (60% from medium-risk segment). Overall class ratios
are preserved within each quarter.

Evaluation. We report AUC-ROC and F1-score (at optimal threshold). For distribution shift
evaluation, we report average performance across the three shift scenarios described above.

C. Main Results

Table 2 presents the main experimental results. DualShiftNet consistently outperforms all base-
lines across datasets and metrics.

Table 2. Performance Comparison Under Distribution Shift.

Method Credit Card IEEE-CIS Credit Default
AUC F1 AUC F1 AUC F1
SMOTE+LR | 0.892 0.312 | 0.878 0.285 | 0.851  0.423
Focal Loss 0901 0.341 | 0.889 0.302 | 0.863  0.445
DANN 0.876 0.298 | 0.865 0.271 | 0.842  0.401
IW-ERM 0.883 0.287 | 0.871 0.265 | 0.847  0.412
DualShiftNet | 0.934 0.398 | 0.921 0.367 | 0.892 0.489

On the highly imbalanced Credit Card dataset, DualShiftNet achieves 0.934 AUC-ROC and 0.398
F1-score, representing relative improvements of 3.7% in AUC and 16.7% in F1 over the best baseline
(Focal Loss: 0.901 AUC, 0.341 F1). Similar patterns hold for IEEE-CIS (3.6% AUC improvement from
0.889 to 0.921, 21.5% F1 improvement from 0.302 to 0.367) and Give Me Credit (3.4% AUC improvement
from 0.863 to 0.892, 9.9% F1 improvement from 0.445 to 0.489). These relative improvements range
from approximately 3—4% for AUC-ROC and 10-22% for F1-score across all three datasets.

Figure 2 visualizes these results across all datasets, showing that DualShiftNet provides consistent
improvements in both AUC-ROC (measuring ranking quality) and Fl-score (measuring operating
point performance). All metrics are reported in the [0, 1] scale.

B SMOTE Focal Loss N DANN s IW-ERM B DualShift Net
(a) AUC-ROC Comparison 0 (b) F1-Score Comparison
.55
0.950 A
0.50 A
0.925 A A
0.45 A
S 0.900 1 -
o o
© 0.875 A wn
D —
< 0.850 - F
0.825 A
0.800 -
Credit Card IEEE-CIS Credit Credit Card IEEE-CIS Credit
Fraud Fraud Default Fraud Fraud Default

Figure 2. Performance comparison across three benchmark datasets: (a) AUC-ROC scores and (b) F1-scores (both
in [0, 1] scale). DualShiftNet consistently outperforms all baselines on both metrics.
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D. Analysis of Shift Detection

Figure 3 shows the MMD-based drift detection mechanism operating on a simulated data stream
with induced distribution shifts at windows 40 and 75. The MMD score correctly identifies both shift
periods, triggering the importance reweighting and threshold calibration mechanisms. The detection
threshold was calibrated to achieve a 5% false alarm rate on stationary validation data.

Comparing across methods, DualShiftNet maintains consistently lower MMD values than base-
lines throughout the evaluation period. This indicates that our imbalance-aware representations
provide more stable feature distributions under shift. The combination of contrastive learning (which
produces compact class clusters) and importance reweighting (which adapts to distributional changes)
effectively minimizes distribution divergence while preserving class discriminability.

Detected Drift
= MMD Score
== = Threshold
0.125 A V Drift Point

0.150

0.100

0.075

MD Score

s 0.050

0.025 A

0.000 T T T T
0 20 40 60 80 100

Time Window

Figure 3. MMD-based drift detection on a simulated data stream with induced distribution shifts at evaluation
windows 40 and 75. Red triangles indicate detected drift points where MMD exceeds the calibrated threshold.
Shaded regions highlight periods of elevated distribution shift. DualShiftNet maintains lower overall MMD than
baselines, indicating more stable feature distributions.

E. Temporal Performance Under Drift

Figure 4 shows model performance over a 12-month evaluation period with distribution drift
occurring between months 4-7 (simulating seasonal business changes). While all methods experience
performance degradation during the drift period, DualShiftNet maintains substantially higher AUC-
ROC throughout. The gap between DualShiftNet and baselines widens during drift, demonstrating
the effectiveness of our shift adaptation mechanisms. After the drift period, DualShiftNet recovers
more quickly, indicating robust adaptation without catastrophic forgetting.
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Figure 4. AUC-ROC performance over 12 months with distribution drift occurring in months 4-7 (highlighted by
shaded region). DualShiftNet (red solid line) maintains higher performance than all baselines throughout, with
the advantage most pronounced during drift periods. Performance partially recovers after month 7 when the
distribution shift subsides.

F. Ablation Study

Table 3 and Figure 5 present ablation studies analyzing the contribution of each component on
the Credit Card dataset.

Table 3. Ablation Study on Credit Card Dataset.

Configuration AUC-ROC F1-Score
Full DualShiftNet 0.934 0.398
w/0 SMOTE 0.912 0.356
w /o Focal Loss 0.918 0.367
w /o Contrastive 0.921 0.374
w /0 MMD Detection 0.908 0.342
w/o Reweight 0.916 0.361

Removing any single component degrades performance, with the largest drops from removing
MMD detection (2.8% AUC, 14.1% F1 decrease) and SMOTE augmentation (2.4% AUC, 10.6% F1
decrease). This confirms that both addressing imbalance (Stage 1) and shift (Stage 2) are essential.
The relatively smaller drops from individual Stage 1 components (Focal Loss, Contrastive Learning)
suggest they provide complementary benefits that partially overlap.
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Figure 5. (a) Component ablation showing the contribution of each module to overall performance. Blue bars
represent AUC-ROC scores; red bars represent F1-scores. Removing any component from Stage 1 (SMOTE, Focal,
Contrastive) or Stage 2 (MMD, Reweighting) degrades performance. (b) Sensitivity analysis showing AUC-ROC
under different imbalance ratios (p), where we vary the training minority ratio from 0.2% (1:500) to 10% (1:10).
DualShiftNet maintains the highest performance across all imbalance levels.

G. Sensitivity to Imbalance Ratio

Figure 5b examines robustness to varying imbalance ratios by subsampling the Credit Card
dataset. All methods degrade with increasing imbalance, but DualShiftNet maintains the smallest
performance gap. At 1:500 imbalance ratio, DualShiftNet achieves 0.887 AUC compared to 0.823 for
SMOTE and 0.845 for Focal Loss, demonstrating 5.0-7.8% improvement under extreme imbalance.

H. Embedding Visualization
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Figure 6. t-SNE visualization of embeddings on the Credit Card dataset: (a) raw features, (b) Focal Loss baseline,
(c) DualShiftNet (ours). In all panels, blue points denote majority class (normal transactions); red points denote
minority class (fraud). Our method produces more compact and separable class representations, with minority
samples forming a tight cluster rather than being scattered among majority samples.

Figure 6 visualizes learned representations using t-SNE projections on the Credit Card dataset.
In all three panels, blue points represent majority class samples (normal transactions) and red points
represent minority class samples (fraud). The visualization reveals clear differences in representation
quality: (a) Raw features show heavily overlapping classes with minority samples scattered sparsely
among the dense majority cluster; (b) Focal Loss alone achieves moderate separation but minority
samples remain dispersed without forming a coherent cluster; (c) DualShiftNet produces compact,
well-separated clusters for both classes, with notably tighter grouping of minority samples. This
compact minority representation is a direct result of the class-balanced contrastive learning objective,
which explicitly pulls same-class samples together while pushing different-class samples apart.
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VI. Discussion

Our experiments demonstrate that jointly addressing class imbalance and distribution shift
provides meaningful improvements over treating them separately. The synergy arises from two
factors: (1) imbalance-aware representations are more robust to shift because discriminative features
are learned explicitly for minority classes rather than relying on majority-dominated statistics; and (2)
shift adaptation with importance reweighting is more stable when applied to balanced contrastive
embeddings that prevent weight explosion on underrepresented regions.

The adaptive threshold calibration proved particularly valuable in practice. Under high detected
shift, lowering the threshold increases recall at some precision cost, providing a safety margin when
model confidence is reduced. This aligns with typical business requirements where missing a risky
event (false negative) is more costly than a false alarm (false positive).

Several limitations merit discussion. First, our method assumes access to unlabeled target data for
MMD computation and weight estimation, which may not always be available in real-time streaming
scenarios. Second, the computational overhead of contrastive learning and continuous drift monitoring
may be prohibitive for extremely high-throughput applications requiring sub-millisecond latency.
Third, our evaluation focused on tabular data from financial domains; extending to other modalities
(text, images) or domains requires architecture modifications and additional validation.

VII. Conclusion

We presented DualShiftNet, a unified framework for business risk prediction that jointly addresses
class imbalance and distribution shift. Through imbalance-aware representation learning and shift-
adaptive prediction mechanisms, our approach achieves consistent improvements over methods
that tackle these challenges in isolation. On three benchmark datasets, DualShiftNet improves AUC-
ROC by approximately 3-4% and Fl1-scores by 10-22% (relative improvement) compared to the best
single-challenge baselines.

The results suggest that real-world deployment of risk prediction systems should account for both
challenges simultaneously rather than treating them as independent problems. Future work could
explore: (1) online learning variants that continuously update representations without full retraining;
(2) extension to multi-class risk categorization with hierarchical imbalance; and (3) integration with
interpretability methods to explain predictions under distribution shift.
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