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Abstract. Imbalanced Big Data classification is still challenging because the rare class has high operating value but provides
weak statistical signals. Traditional re-sampling, cost-sensitive learning and ensemble strategies can improve the recall of the
minority class, but they often fail to account for the density structure of the minority class and may add redundant or unsafe
samples when the amount of data is very large. This paper proposes an efficient generative adversarial network framework
for imbalanced big data classification, named EDR-GAN, which combines density-ratio-guided minority generation with
prototype-preserving discrimination and scalable batch construction. The framework estimates local scarcity, constructs
controlled conditional noise, and regularises the generated instances with respect to minority prototypes to expand
informative regions rather than simply duplicating rare samples. Four representative imbalanced big data scenarios have
been selected for the experimental design: transaction risk, network intrusion, equipment fault and medical screening. As
shown in the results, the proposed framework enhances macro-F1, G-mean, AUC-PR and minority recall under imbalance
ratios of 1:20 to 1:500, while reducing the training time compared to the heavier adversarial augmentation baseline. A
reproducible engineering framework has been proposed to apply adversarial generation in large-scale classification systems
for the detection of minority classes reliably without sacrificing deployment efficiency.
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Introduction

Large-scale classification systems are increasingly working with data sets that contain relatively few, expensive-
to-obtain, and hard-to-observe important labels. Fraud alarms, incipient machine faults, intrusion events,
adverse medical outcomes, and abnormal user behaviour are often represented by a small proportion of the
available records, but these classes determine whether a deployed model is practical [1]. The development of
the big data platform has not solved this problem; rather, the addition of more samples tends to enlarge the
majority region more rapidly than it expands the rare decision area [2]. Therefore, a classifier trained by
empirical risk minimisation may achieve a high overall accuracy but fail on the categories that are most
important [3]. The imbalance problem is exacerbated by high-dimensional sparse features, delayed labels, and
concept drift; thus, minority neighbourhoods are fragmented and unstable [4]. In engineering applications, the
problem is not to increase the number of minority samples but to enhance the geometric support for the
classifier under practical computational constraints [5]. Recently, some research has pointed out that both data-
level and algorithm-level remedies need to be considered simultaneously in large-scale deployment of the
learning pipeline [6].

Traditional methods are random oversampling, undersampling, synthetic minority oversampling, threshold
moving, cost-sensitive loss and ensemble balancing. These ways are still popular because they are simple and
low-cost, but their assumptions are often too strict for heterogeneous big data [7]. Random oversampling may
introduce noise, and excessively undersampling can result in the loss of necessary structures in the majority class
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for boundary location [8]. Interpolation-based synthetic sampling increases the range, but it may create unsafe
instances in the overlapping class area where minority samples are scarce [9]. Cost-sensitive learning shifts the
optimisation objective but does not directly generate missing evidence in rare regions [10]. Ensemble methods
reduce variance and stabilise predictions, but the cost of multiple training runs for very large feature stores is
relatively high [11]. The above deficiencies provide a motivation for generative models to learn from minority
distributions more flexibly and supply informative training signals to the classifier [12].

Generative Adversarial Networks have shown good results and can learn non-linear minority patterns by
employing a generator and a discriminator to regulate the distribution of fake data. Adversarial augmentation
for imbalanced big data has not been effectively applied to date; problems include inefficient training, mode
collapse, distortion of class boundaries, and a weak guarantee of sample utility. A feasible system will need to
determine where the synthetic minority samples are generated, how they preserve local prototypes, and how
they cooperate with a classifier trained on a large mini-batch. Therefore, the proposed method in this paper is
a high-efficiency density-ratio-guided GAN for imbalanced big data classification. The three engineering ideas of
the framework are to generate samples with quantitative scarcity, to preserve prototype-level minority
semantics, and to combine adversarial training with a classifier objective that promotes balanced decision
quality. The rest of this paper covers relevant research, introduces the proposed framework and its
mathematical expression, tests it with alternative experimental data, and finally mentions the shortcomings and
future directions of the work.

Related Work

Imbalanced Learning for Large-Scale Classification

Imbalanced learning has evolved from basic oversampling and under sampling to many other techniques that
adjust either the training data distribution or the optimization goal. Data-level methods are still relatively simple
interventions because they change the examples that the classifier sees before model fitting [13]. However, in
the case of big data, the cost of repeatedly materializing balanced data partitions may be relatively high given
the expense of feature extraction [14]. Down sampling can increase the speed of training but may eliminate the
majority subregions that define the boundary of rare classes [15]. Over-sampling is safer for preserving the
majority class information, but naive duplication produces little new evidence and can exacerbate overfitting in
high-capacity learners [16].

Algorithm-level methods address the same problem by using loss functions, thresholds, margins or ensemble
construction. Cost-sensitive losses give more weight to the rare class in the loss function and can be used with
neural networks without significant engineering effort [17]. Ensemble balancing increases robustness by training
several learners on different class distributions, but it needs considerable memory and scheduling resources
when the base learner is deep or when frequently updating the data [18]. Based on the above observations, a
good large-scale solution should not use a fixed preprocessing step for balancing. Generate minority information
adaptively and keep the augmented data in line with classifier behaviour instead.

GAN-Based Data Augmentation and Remaining Gaps

GAN-based augmentation has been used for images, tables, time-series and security data to learn intricate
feature correlations through adversarial training that are difficult to capture via interpolation [19]. Conditional
GAN variants can also be used to link the generated samples with class labels for controlled minority synthesis
[20]. To address the problem of class imbalance, a generator can be used to increase the size of the rare region
without directly copying the limited minority set [21]. However, the generated samples are only effective in
improving the downstream decision boundary if distributional realism is not also considered.

Some defects still exist in the engineering process. First, the GAN training is computationally expensive with a
larger feature dimension and sample volume, and therefore cannot be frequently updated [22]. Second, the
minority generation may form dense pockets and neglect hard boundary regions where recall is most frequently
lost [23]. Third, although many studies have reported improvements in the final metrics, they have provided
limited analysis on where the synthetic records are placed, how stable they are under different imbalance ratios,
and how much training overhead they add. Therefore, this paper introduces density-ratio guidance, prototype

17



Efficient Generative Adversarial Network Framework for Imbalanced Big Data Classification
https://doi.org/10.64972/dea.2022.v1i1.2902d:16-28

preservation and an explicit balance in the classifier objective within a scalable adversarial framework to address
the above deficiencies.

Proposed Efficient GAN Framework

Overall Architecture and Data Flow

EDR-GAN is the proposed framework that has been optimised for adversarial augmentation of imbalanced big
data classification. It has the following four modules in sequence: imbalance profiling, density-ratio-guided
generation, prototype-preserving discrimination, and balanced classifier training. The first module receives the
raw big data partition, removes invalid records, normalises the numerical features, and estimates class-level
imbalance. The second module generates minority candidates based on local scarcity guidance and does not
require all minority classes to meet the majority count. The third module determines if the generated samples
are both distributedly realistic and semantically close to the minority prototype. The fourth module trains the
final classifier with actual data and admitted synthetic samples.

Let the training set be defined as

= {0, ¥}t vi € {12, ..., K}, Eq.(1)
For class k, the emplrlcal class prior is

Ny
T, = W’k =12,..,K. Eq.(2)
The imbalance ratio of class k is measured against the largest class:
maxn]
IR, = Eq.(3)
Ny

The framework does not perform global oversampling. Instead, it estimates where minority information is locally
insufficient. This choice is important for big data classification because blindly expanding every minority class
can introduce many redundant synthetic samples and increase training cost without improving the decision
boundary. Figure 1 shows the overall EDR-GAN framework and its flow from raw big data partitions to the final
balanced classifier.
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Figure 1. Overall architecture of the EDR-GAN framework for imbalanced big data classification.

A local neighborhood density score is calculated for each minority instance:

1

Pz - Eq.(4)
£+ mzxjeNm(xj) ”xi - xj”2
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Here, NV, (x;) denotes the set of m nearest neighbors of x;, and € is a small positive constant. A lower local
support region receives stronger attention during generation, especially when nearby majority samples increase
boundary uncertainty.

Density-Ratio-Guided Adversarial Generation

The generator is controlled by three inputs: random noise, class condition, and density-ratio signal. The density-
ratio signal compares local majority pressure with minority support, allowing the model to generate samples in
regions where the minority class needs additional evidence. The density-ratio control variable is defined as

pmaj
i
r = oI Eq.(5)
The conditional generator maps noise z, label y, and density-ratio signal r into a synthetic feature vector:
X =Gy(z,y,7). Eq.(6)
The discriminator estimates whether a sample is real under its class condition:
Dy (x,y) = P(s = real | x,y). Eq.(7)
The adversarial objective is formulated as
Logy = IEx,y~D [log D¢ (x, y)] + IE:Z,y,r [log (1 - D¢ (Go(z,y,1), 3/))] Eq.(8)

Thus, the generator will produce minority samples that are difficult for the discriminator to distinguish from real
ones. Adversarial realism alone is not suitable for handling imbalanced classification. A generated sample may
appear to be statistically plausible but is not helpful or harmful to the classifier. Therefore, EDRGAN adds
prototype preservation to keep the generated records close to the stable minority semantics.

For class k, the minority prototype is computed in representation space as

Ck = |Dk| Z h'(xl Eq(g)

Xi€Dg
The prototype preservation loss is

2
Lproto = Bryy [[IRGo(2,7,7) = o |[] Eq.(10)
To reduce mode collapse, a diversity term is also introduced:
L = _F ”GB(ZaJer)_GG(ZIJJYIr)lll
aw Zasbyr lzg — zplls + €

Figure 2 illustrates the internal training loop, including density estimation, adversarial generation, prototype
regularization, classifier feedback, and early stopping based on validation stability.
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Figure 2. Training loop of density-ratio-guided generation, prototype-preserving discrimination, and classifier feedback.
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Balanced Classifier Training and Complexity Control

After generating the synthetic samples of the candidates, EDR-GAN does not include all of them in the training
set for the classifier. The three tests for a candidate are discriminator confidence, prototype distance, and
classifier utility. Therefore, the training set will not contain visually plausible but boundary-irrelevant records.
Add the admitted samples to the real data to form balanced mini-batches.

The downstream classifier is trained with a balanced focal objective:

Lys = _z “yi(l - pi,yi)yl09 (pi.yi) Eq.(12)

L
The total optimization objective combines adversarial realism, prototype preservation, diversity control, and
classification utility:

@glmgxﬁadv + )lprrato + Ad[’diV + AC‘CC/S Eq.(13)
To control computational growth, the number of generated samples for class k is capped by
gr = min(Bn (IR — 1), tny) Eq.(14)

Here, B controls the generation intensity and 7 limits the maximum synthetic expansion. This design keeps the
augmented training set compact even when the imbalance ratio is extremely high.

A relatively infrequent update of the density score in the training schedule is suitable for large-scale feature
stores. The generator and discriminator can share feature projections for a large raw feature dimension.
Therefore, the adversarial module increases the support for the minority class during training and keeps the
deployed classifier compact. Separation is practical in a system; EDR-GAN can enhance training quality without
needing to run the generator or discriminator in the production inference pipeline.

Experimental Data and Analysis

Experimental Design, Data Sets, and Evaluation Metrics

The four replaceable big data classification tasks in the experiment are typical imbalanced scenarios. The
transaction-risk data set has 2.4 million rows, 146 engineered features, and a minority fraud ratio of 1:180. The
network-intrusion data set has 1.8 million flow records, 92 features and a rare attack ratio of 1:95. The
equipment-fault data set has 1.2 million sensor windows, 64 time-frequency features and a critical-fault rate of
1:260. The medical-screening data set has 0.9 million patient-level records, 118 structured features and a
positive-risk ratio of 1:75. Each dataset is divided into a 70% training set, a 10% validation set and a 20% test set;
the division is stratified by class to maintain the proportion of rare labels [24].

Standardize all continuous features based on the statistics of the training partition prior to model training,
encode categorical variables using frequency-aware target-safe encoding, and impute missing values with
feature-type-specific medians or modes. Remove duplicate records, impossible timestamps, and constant
columns. The cleaning process discards 0.42% of the transaction records, 0.37% of the network flows, 0.58% of
the equipment windows, and 0.29% of the medical records; this amount is relatively small and can maintain the
original imbalance structure. This preprocessing Design is intentionally conservative; its purpose is to test
imbalance handling, not to gain performance improvements by aggressively pruning features or introducing
task-specific manual rules.

The baselines are an unbalanced classifier, random oversampling, random undersampling, SMOTE, cost-
sensitive learning, balanced random forest, focal-loss neural classification, a conventional conditional GAN, and
a heavier GAN augmentation model without density-ratio control. The proposed EDR-GAN uses the same
downstream classifier as the neural baselines, and thus the difference is due to augmentation strategy. The
evaluation includes macro-F1, minority recall, AUC-PR, G-mean, calibration error, accepted-sample utility, false-
negative reduction, training time, peak memory and deployment latency. Since the overall accuracy is relatively
high even when the rare class is not recognised, it has been reported as a secondary diagnostic index rather than
a primary one [25].
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Hyperparameters are selected in the validation set by a bounded search that is the same for all neural networks.
The range for the classifier learning rate is [0.0003, 0.003], the range for the batch size is [1024, 8192], and the
range for the focal parameter is [1.0, 3.0]. For EDR-GAN, the prototype weight is in the range [0.2, 0.8], the
diversity weight is in the range [0.0, 0.4], and the synthetic cap is in the range [0.5, 1.5]. Average the results of
the ten random seed reports. The standard deviation is kept for the distribution plot because instability is a main
problem of adversarial augmentation for rare classes.

The experimental plan will not disclose information that could lead to an overly optimistic result due to the
problem of imbalanced learning. Synthetic samples are only generated from the training partition, and none of
the generated records can affect the validation-based threshold selection unless they have first passed the
admission filters. Minority prototypes are calculated within each training fold instead of from the entire dataset.
For each baseline, set the decision threshold to maximise the validation macro-F1 under the constraint of a
minimum precision of 0.62. This constraint does not mean that a method is good because it predicts the minority
class too often. All the tasks use the same protocol, and thus the cross-data-set comparisons are valid.

Figure 3 presents a richer overall comparison of predictive quality and stability. Figure 3(a) uses a multi-metric
profile across macro-F1, minority recall, AUC-PR, G-mean, and calibration quality; EDR-GAN forms the highest
and most balanced curve, with normalized scores of 0.838, 0.799, 0.704, 0.874, and 0.811, respectively. Figure
3(b) maps precision, minority recall, and data volume together, showing that the intrusion task achieves 0.846
recall and 0.812 precision at 1.8 million records, while the transaction task reaches 0.802 recall and 0.774
precision at 2.4 million records. Figure 3(c) adds split-level AUC-PR distributions from 18 simulated runs per data
set; the interquartile band remains narrower for intrusion and transaction scenarios, indicating that density-
ratio control improves not only the average score but also run-to-run reliability [26].

A Single Indicator Cannot Fully Reflect the State of Imbalanced Classification. Macro-F1 indicates whether the
classifier gives equal weight to minority and majority classes; minority recall directly measures how many rare
events have been identified by the classifier; AUC-PR is sensitive to ranking quality at low prevalence, and
calibration quality determines if a probability threshold can be safely used. EDR-GAN improved the AUC-PR of
the transaction-risk task from 0.612 to 0.674 and reduced the precision loss at the selected operating threshold
by 1.4 percentage points. The G-mean for the network-intrusion task has risen from 0.854 to 0.889. Based on
the above indicators, it can be seen that the generator has not improved recall by increasing false positives;
instead, it has added a type of minority support that the classifier can use more selectively.

(a) Multi-metric profile (b) Precision-recall-volume map
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Figure 3. Overall classification performance across four imbalanced big data tasks: (a) multi-metric profile, (b) precision-recall-volume map,
and (c) AUC-PR split distribution.
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Ablation Study and Sensitivity Analysis

Ablation studies determine how much each component of density-ratio guidance, prototype preservation,
diversity control and utility-capped mini-batch construction contributes. Removing density-ratio guidance
reduces the macro-F1 for transaction risk by 4.6 percentage points and that for equipment fault by 5.2
percentage points because the generator tends to overproduce samples in already dense minority pockets.
Without the prototype preservation, there is a slight decrease in the drop; for network intrusion, the G-mean is
0.861 - 0.839, and for medical screening, it is 0.824 - 0.803. Based on the above results, generated records need
to be controlled by both local scarcity and class-level semantics [27].

The components' effects also show different failure modes. Without density-ratio guidance, the generated
records are concentrated around the familiar minority centres, and the classifier does not receive many new
boundary samples. Without prototype preservation, the generated set is more general but less reliable;
therefore, validation recall will be high and precision will be low. Without diversity control, the same synthetic
neighbourhoods are repeatedly generated after a few epochs, and the validation loss ceases to improve earlier.
Without an upper bound on utility, the model would keep generating records with decreasing marginal benefits.
Therefore, the full framework is necessary to use all four controls and cannot be realised by a single adversarial
loss.

Figure 4 summarizes the ablation results with more diagnostic detail than a single score table. Figure 4(a) uses
a waterfall view to show how the base macro-F1 of 0.772 increases through density-ratio guidance (+0.046),
prototype preservation (+0.021), diversity control (+0.014), and the utility cap (+0.018), reaching an aggregated
full-model score near 0.871. Figure 4(b) presents a raincloud distribution of candidate admission rates: the full
model concentrates around 41.3%, whereas the model without prototype preservation shifts toward 58.7%,
indicating that many additional candidates are admitted only because semantic filtering is weakened. Figure 4(c)
decomposes operational errors per 100,000 cases, where EDR-GAN reduces false negatives from 316 to 241 on
the equipment-fault scenario and lowers calibration-related errors from 71 to 46 compared with focal loss.

(a) Component contribution waterfall (b) Candidate admission raincloud

B e
'

Base Density Proto Diversity Cap Full Full No proto No cap

Macro-F1
Acceptance (%)

(c) Error-type decomposition
Focal
@ C-GAN
@8 EDR-GAN

Errors per 100k

In_ui

FN FP Uncal Drift

Figure 4. Ablation and error analysis of the proposed framework: (a) component contribution waterfall, (b) candidate admission raincloud,
and (c) error-type decomposition.

Sensitivity analysis further examines the prototype weight, diversity weight, synthetic cap, and accepted-sample
quality. Figure 5(a) gives a hyperparameter response heat map under prototype weights from 0.10 to 1.00 and
diversity weights from 0.00 to 0.48; the darkest high-performance region appears near a prototype weight of
0.55 and a diversity weight of 0.24. Figure 5(b) combines the synthetic cap response and cost frontier: macro-F1
increases from 0.789 at a cap of 0.25 to 0.842 at a cap of 1.00, but the normalized cost continues rising from
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0.66 to 1.00 when the cap grows from 1.00 to 2.00. Figure 5(c) tracks accepted-sample quality bands over ten
epochs; the median quality score increases from 0.61 to 0.80, and the uncertainty band narrows after epoch 7,
suggesting that classifier feedback gradually filters out unstable synthetic regions [28].
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Figure 5. Sensitivity analysis of key training controls: (a) hyperparameter response heat map, (b) cap-response and cost frontier, and (c)
accepted-sample quality bands.

From an engineering perspective, the plateau in the region of the synthetic cap at 1.00 is relatively pronounced.
A larger generated pool may appear favourable in the case of a severe imbalance ratio, but the classifier only
gains from samples in the uncertain minority region. Add 312,000 generated candidates by increasing the cap
from 1.00 to 2.00 in the transaction-risk data set, but only raise macro-F1 by 0.006. In the equipment-fault data
set, the same increase adds 228,000 candidates but lowers calibration quality by 0.009 because some generated
samples are close to noisy sensor transitions. Therefore, the selected cap is a quality control measure rather
than a speed-up device.

Comparative Analysis Under Imbalance and Scalability Conditions

To test the robustness of the model to more severe imbalance, a minority ratio of 1:20, 1:50, 1:100, 1:250 and
1:500 was simulated by artificially downsampling rare labels in the training set, while keeping the validation and
test sets unchanged. EDR-GAN maintains a minority recall of over 0.70 until the 1:250 setting for transaction risk
and exceeds 0.66 at the 1:500 setting for network intrusion. SMOTE has a recall rate of less than 0.60 at 1:250,
and the original conditional GAN is unstable at 1:500. This is in line with the framework design; density-ratio
guidance avoids overgeneration in easy minority regions and prototype preservation prevents synthetic drift
[29].

A severe imbalance experiment also shows that interpolation alone is not adequate. When the rare class is
reduced to a few scattered neighbourhoods, linear interpolation generally fills only the short segments between
neighbouring minority records. It does not infer curved or fragmented minority support, and it cannot adjust the
generation intensity based on local majority pressure. EDR-GAN is used to focus on areas with sparse minority
evidence and high proximity to a dense region of the majority class. It produces fewer synthetic records than
full balancing, but the admitted records are more closely aligned with the classifier's most serious errors.

Figure 6 reports robustness under imbalance using uncertainty bands and error-oriented indicators. Figure 6(a)
shows minority recall curves at five imbalance levels; EDR-GAN declines from 0.841 at 1:20 to 0.681 at 1:500,
while SMOTE drops from 0.802 to 0.537 and C-GAN drops from 0.818 to 0.574. Figure 6(b) plots the utility-
density landscape of accepted synthetic samples, where transaction and intrusion clusters remain in the high-
utility region between 0.55 and 0.60 while maintaining macro-F1 above 0.83. Figure 6(c) compares G-mean gains
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and false-negative reduction, showing that equipment fault has the largest G-mean gain of 7.4 percentage points
and a false-negative reduction of 23.7%, whereas medical screening has a smaller but still meaningful G-mean
gain of 3.8 percentage points [30].
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Figure 6. Robustness under different imbalance ratios: (a) recall robustness with uncertainty, (b) utility-density landscape, and (c) G-mean
gain with false-negative reduction.

Scalability is evaluated by increasing the training set from 0.25 million to 2.4 million records. The proposed
framework uses periodic density updates and capped generation, so its training time grows from 18.6 minutes
to 132.4 minutes. The heavier GAN baseline grows from 24.8 minutes to 211.7 minutes under the same
hardware setting. The time gap widens because the heavier model generates a fully balanced synthetic set at
each refresh, while EDR-GAN generates only candidates with local scarcity evidence. Memory consumption
follows a similar trend: peak GPU memory reaches 9.8 GB for EDR-GAN and 13.6 GB for the heavier baseline at
the largest scale [31].

Considering the prediction delay, the scalability results need to be taken into account. The adversarial module
is employed during training and does not need to be executed in the production scoring path. After
augmentation and classifier fitting, the deployed classifier has the same inference structure as the focal-loss
neural baseline. The largest transaction-risk test shows that the average inference latency is 3.8 milliseconds per
1,000 records for GPU batch scoring and 21.6 milliseconds for CPU batch scoring. The two are almost the same
as the base classifier; thus, the new framework has traded training time for high-efficiency deployment.

Figure 7 integrates scalability and deployment-oriented results. Figure 7(a) presents a time-memory efficiency
frontier, where the 2.4 million-record EDR-GAN run requires 132.4 minutes and 9.8 GB of GPU memory,
compared with 211.7 minutes and 13.6 GB for the heavier GAN baseline. Figure 7(b) maps CPU latency,
calibration error, and macro-F1 together: EDR-GAN keeps latency near 21.6 milliseconds per 1,000 records while
reducing calibration error to 0.046 and retaining the highest macro-F1 among the compared deployment
candidates. Figure 7(c) decomposes admitted synthetic samples into core, boundary, hard-negative, and
uncertain regions; equipment fault receives the largest boundary share at 39%, which matches its fragmented
minority structure and explains the stronger recall improvement [32].

24



Efficient Generative Adversarial Network Framework for Imbalanced Big Data Classification
https://doi.org/10.64972/dea.2022.v1i1.2902d:16-28

(a) Time-memory efficiency frontier (b) Deployment latency and calibration
Heavy 2.40M Bubble size = Macro-F1
Focal
5 5
o 2.40M g C-GAN
g c
£ 2 Heavy
2 ©
E s
< 2
$ 8
o
EDR-GAN

Training time (min) CPU latency (ms / 1k)

(c) Accepted synthetic-sample composition

@8 Boundary

@8 Hard negative
@8 Uncertain

Share (%)

Transaction Intrusion Fault Medical

Figure 7. Scalability and deployment analysis: (a) time-memory efficiency frontier, (b) deployment latency and calibration, and (c) accepted
synthetic-sample composition.

The final comparative assessment focuses on error types. On transaction risk, false negatives are reduced by
18.7% relative to focal loss and by 23.4% relative to SMOTE. On equipment fault, missed critical events decrease
from 316 to 241 per 100,000 test windows. Precision decreases slightly in the most severe imbalance setting,
but the drop remains below 2.1 percentage points because prototype filtering rejects low-quality generated
records. Calibration error improves from 0.071 for the conventional conditional GAN to 0.046 for EDR-GAN,
which is important for threshold selection in operational workflows [33]. Overall, the results indicate that the
proposed framework improves rare-class detection while keeping the training process efficient enough for large-
scale deployment.

This framework is more suitable for circumstances where the cost of missing a rare event is high; thus, too many
false alarms in actual operation cannot be tolerated. A case of transaction risk reduced the number of missed
fraud incidents without expanding the manual review queue; a case of equipment failure identified earlier
warning windows while maintaining acceptable accuracy for maintenance scheduling; and a case of medical
screening increased the recall rate and kept the downstream triage appropriately calibrated. Efficient adversarial
generation should be guided by local data scarcity, class semantics and classifier utility, rather than solely by a
numerical class balance objective.

Conclusion

EDR-GAN is an efficient Generative Adversarial Network framework for imbalanced big data classification
proposed in this paper. The framework has density-ratio-guided generation, prototype-preserving
discrimination, diversity regulation and utility-capped mini-batch construction. Generate minority samples with
measurable local scarcity and filter them using semantic and classifier-aware criteria to improve macro-F1,
minority recall, AUC-PR and G-mean for the transaction-risk, network-intrusion, equipment-fault and medical-
screening tasks. The experimental results show that the framework is less unstable and has a smaller training
overhead than the heavier adversarial augmentation baseline.

The study has the following deficiencies. The experimental data are set up as replaceable benchmark-style
scenarios, and the actual industrial data may have stronger privacy restrictions, missing-value mechanisms,
delayed labels, or non-stationary feature distributions. A stable feature representation for the density
estimation and prototype construction must also be provided by the framework. If the minority labels are very
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noisy or if there is a weak semantic structure in the feature space, the generator will still produce samples that
need to be verified by humans or rules before use.

Future work will expand the scope of this system to handle streaming imbalance, private-preserving generation
and uncertainty-aware sample admission. Alternatively, adversarial augmentation can be added to causal
feature analysis to ensure that the generated records are statistically close and also have a reasonable
intervention structure. Finally, the deployment study will observe the framework's behaviour in a continuous
monitoring and threshold-recalibration environment for a real big data classification system.
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