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Abstract—Machine learning models in high-stake domains
can inherit and amplify historical biases from training data,
deepening social inequality. We compare the Improved Disparate
Impact Remover (IDIR) with adversarial learning (AL) for com-
prehensive bias mitigations. IDIR enhances bias detection using
a dual-metric combination of KL divergence and Total Variation
distance. KL divergence captures local distributional anomalies
while TV distance measures macroscopic probability deviations,
enabling robust identification of indirect bias across structural
differences and population shifts. We apply controlled data repair
with a tunable strength coefficient that selectively adjusts non-
sensitive group distributions toward sensitive groups through
targeted augmentation, preserving model discriminability while
achieving effective mitigation. Adversarial learning addresses
biases that emerge during training through an encoder-predictor-
adversary architecture, which uses gradient reversal layers to
learn representations that minimize the correlation between
predictions and sensitive attributes. IDIR is a preprocessing
technique that reduces historical biases before training, whilst
in-processing AL maintains fairness constraints during opti-
mization. Experiments on three datasets demonstrate consistent
reductions in group-level disparities by both methods while
maintaining predictive accuracy.

Index Terms—TFairness, Bias Mitigation, Data Augmentation,
Adversarial Learning

I. INTRODUCTION

With the rapid development of machine learning technology
in various fields, ML algorithm have played a key role in
decision-making in medical care [1], [2], education [3], finance
[4], [5] and other fields [6], [7]. However, there is a general
bias problem in the existing training data, which may lead to
the trained machine learning model aggravating existing social
discrimination, resulting in a more unbalanced social structure
[8], [9]. Existing bias mitigation methods can be categorized
into three temporal stages: pre-processing methods that modify
training data, in-processing techniques that incorporate fair-
ness constraints during model training, and post-processing
approaches that adjust model outputs. Compared with post-
processing, pre-processing and in-processing methods address
bias closer to its origins, offering more principled solutions
with better theoretical guarantees.

Among pre-processing methods, the Disparate Impact Re-
mover [10] addresses differential treatment by modifying fea-
ture distributions. However, existing methods face challenges
in accurately detecting which features contain indirect bias
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and determining optimal repair strategies. Moreover, standard
DIR does not explicitly specify how to identify indirectly
biased features in a robust way, and overly aggressive repair
can hurt utility; therefore, a principled detection rule and
a tunable repair strength are required. We propose an Im-
proved Disparate Impact Remover (IDIR) that enhances bias
detection through a novel combination of Kullback-Leibler
(KL) divergence and Total Variation (TV) distance metrics.
While KL divergence captures sensitivity to local distributional
anomalies and small probability events, TV distance measures
macroscopic probability deviations between groups. This dual-
metric approach enables more comprehensive detection of both
structural differences and population shifts between sensitive
and non-sensitive groups, significantly improving detection
accuracy while maintaining robustness. Our data repair strat-
egy introduces a controlled augmentation approach [11] that
selectively adjusts non-sensitive group distributions toward
sensitive group distributions through targeted sample gener-
ation. Rather than complete distributional alignment which
could harm model discriminability, we apply a repair strength
coefficient that controls the degree of distributional fusion,
preserving model performance while achieving effective bias
mitigation.

Considering that pre-processing alone may not capture all
sources of bias that emerge during model training, we further
consider a bias mitigation method based on adversarial learn-
ing (AL) during the in-process training stage. The adversar-
ial learning model includes an Encoder—Predictor—-Adversary
framework [12] [13], and it predicts the target variable while
minimizing the correlation between the target variable and
sensitive attributes. AL can force the Encoder to learn from
features that do not contain information about sensitive at-
tributes, thereby alleviating the bias introduced into the model
by the original data. By comparing bias mitigation at both
the data preparation and model training stages, we provide a
complementary analysis of both methods and find that pre-
processing ensures that historical biases in the training data
are reduced before model training begins, while in-processing
maintains fairness constraints throughout the learning process.

The mitigation methods are evaluated across three datasets
and three different models, and we assess the fairness im-
provement with five metrics. The experiments show that many
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Fig. 1: The Pipeline of Improved Disparate Impact Remover

tabular datasets exhibit inherent bias, and both methods consis-
tently reduce group-level disparities on biased datasets while
preserving overall predictive performance. Across settings, we
observe lower gaps in demographic parity and equalized odds,
improved equal opportunity, better calibration across groups,
and higher disparate-impact ratios, with negligible sacrifices in
prediction accuracy. While extreme sparsity in minority groups
can still limit improvements, the results indicate that IDIR and
AL provide the effective and broadly applicable mitigation
strategy for biased tabular data.

II. RELATED WORK

Fairness improvement methods in machine learning have
evolved from foundational bias frameworks into sophisti-
cated intervention methods at different model learning stages.
[14] established systematic frameworks for understanding bias
in computer systems, empirical studies like Gender Shades
project [15] demonstrated severe accuracy disparities across
demographic groups in commercial systems. These findings
have led to advocacy organizations like the Algorithmic Justice
League' and Data for Black Lives®> promoting algorithmic
fairness in real-world applications. Methodologically, bias
mitigation methods can be broadly categorized into three
families: pre-processing, in-processing and post-processing
stage approaches. Pre-processing methods aim to make the
training data fairer prior to the training [16], [17]. The common
strategies include re-weighting, resampling, fair learning and
others. [14] introduced the Disparate Impact Remover, a geo-
metric repair approach that edits feature values to reduce group
disparities while preserving rank-ordering within groups. In-
processing approaches integrate fairness constraints directly
into model optimization, offering more targeted control over
the fairness-accuracy trade-off. [18] introduced joint predic-
tor—adversary training to maximize task accuracy while min-
imizing predictability of protected attributes; [13] generalized
this to transferable fair representations; [19] used minimax
training to make cross-group representations statistically in-
distinguishable while preserving utility.

III. METHODS

This section presents the pre-processing method Improved
Disparate Impact Remover, an in-processing method based on
adversarial learning.

Thttps://www.ajl.org/
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Notations Given a dataset D for a classification task. Each
data d € D is represented as d = (X,Y, S), where X denotes
the input features, Y represents the task label, and S denotes
a set of sensitive features such as gender or race. For each
sensitive feature f, we define S(f,) = 0 as the n-th non-
sensitive (majority) group and S(f) = 1 as the sensitive
(minority) group. Y is the model’s predicted label.

A. Improved Disparate Impact Remover (IDIR)

The proposed Improved Disparate Impact Remover(IDIR) is
a data augmentation technique that combined Kullback-Leibler
(KL) divergence and Total Variation (TV) distance to validate
sensitive groups and also to mitigate bias through identifying
indirect bias from non-sensitive features.

KL divergence measures the difference between two prob-
ability distributions, and for categorical distributions P and Q,
it is formulated as Dk (P || Q) = >, P(i)log %, where
P(i) and Q(i) represent the probabilities of the i-th class in the
non-sensitive and sensitive groups, respectively. A larger KL
divergence indicates greater distributional differences between
the two groups, suggesting the feature requires repair. Total
Variation distance captures the overall probability deviation
between two distributions Drv(P,Q) = 3 Y, |P(i) — Q(3)].
KL divergence is sensitive to small probability events but
cannot reflect population shifts, TV captures macroscopic
differences between distributions. The combination of both
metrics enables detection of both local structural anomalies
and overall shifts, significantly improving mitigation solution
while maintaining robustness against minor disturbances. In
order to validate the sensitive group out of multiple groups of
a feature, we do pair-wise KL calculations. The group that has
the cumulated largest value is regarded as the sensitive group.

After identifying features with indirect bias using KL and
Dry, our data repair strategy is to adjust the distribution of
non-sensitive groups to approximate that of sensitive groups
through targeted sample augmentation. For example, if the
probability distribution over Education Levels for the sensitive
group (women) differs significantly from that of the non-
sensitive group (men) by the values of Dy and Dry, a
sample argumentation repair strategy will be applied to turn
the probability distribution of men’s group towards that of
women’s group. This approach selectively adds samples to the
non-sensitive group to increase the proportion of high-quality
instances while ensuring minimal sample modification—only
one feature value is changed per augmented sample to preserve
the target variable Y.



To maintain model discriminability and prevent accuracy
degradation, complete distributional alignment is avoided.
Inspired by the Mixup idea [20], [21], a repair strength
coefficient «v is introduced to control the fusion degree.

Given non-sensitive population distribution P and sensitive
population distribution (), the new distribution of the non-
sensitive group for a specific categorical value is calculated
as P'(j) = a- P(j) + (1 — ) - Q(j). Here j represents j-
th non-sensitive group within a specific categorical feature,
where j € {1,...,C — 1} and C is the total number of
feature values. The repair process iteratively samples from
the original non-sensitive population without replacement until
the dataset distribution reaches the specified target degree,
effectively completing the bias mitigation while preserving
model performance.

B. Adversarial Learning (AL)

Adversarial learning (AL) [18] aims to learn a represen-
tation Z = fp(X) that maximally preserves task-relevant
information while minimizing sensitive attribute informa-
tion. This approach addresses systematic bias by decoupling
the learned representation from protected attributes at the
source level. The optimization objective can be formulated as:
maxg e I(Z;Y) subjectto ming I(Z;S), where I(-;-)
denotes mutual information between two variables. The ad-
versarial learning framework consists of three interconnected
modules that work in concert to achieve fair representation
learning:

Encoder (fy) with parameter 6 that maps X to a com-
pressed representation Z, acting as an information bottleneck
that selectively retains task-relevant information while filtering
out sensitive attribute information.

Predictor (g4) with parameter ¢ that takes representation Z
as input to generate task predictions § = g4(Z), optimizing for
high accuracy on the main task through binary cross-entropy
loss minimization.

Adversary (h,) with parameter ) that attempts to predict
sensitive attributes § = h,,(Z) from the learned representation,
serving as a detector for sensitive information leakage. High
adversary accuracy indicates insufficient protection of sensi-
tive information, while low accuracy suggests successful bias
mitigation.

The AL training process operates through two competing
pathways. In the predictor pathway, the representation Z flows
to the predictor to minimize task prediction loss: Lpreq =
“Ex.y) [Y log(ij) + (1 —Y) log(1 — g)l‘. Simultaneously, the
adversary pathway processes Z through a gradient reversal

layer (GRL) before attempting to predict sensitive attributes,
with loss function:

Lado = —E(x,s)|Slog(3) + (1 — ) log(1 — g)]

The GRL reverses gradient signs during backpropagation,
forcing the encoder to learn representations that confound the
adversary’s ability to predict sensitive attributes.

The complete objective function integrates both pathways
through min-max optimization:

Iél};l £p7'ed(g¢(f9(X))7Y) - /\mgx Ladv (h¢(f9(X))7S)

where \ balances prediction performance against fairness con-
straints. To address potential training instability from simul-
taneous optimization, we employ an alternating strategy: the
adversary is updated k times with fixed encoder and predictor
to maximize L,q4,, followed by a single update of the encoder
and predictor with fixed adversary to minimize Lpreq —ALqdo-
This alternating approach ensures robust convergence while
maintaining both task performance and fairness objectives.

Algorithm 1 Pseudocode of Fair Adversarial Learning

Require: Labeled dataset D = {(X;,Y;, S;)} X ;; encoder fy;
predictor gg; adversary hy; trade-off A > 0; adversary
steps k; learning rates g, 14, 7)y; epochs T'; batch size B;
binary cross-entropy BCE

1: Initialize parameters 6, ¢, 1.

2: function GRL(z, \) > Gradient Reversal Layer

3: forward: return z

4: backward: multiply the gradient w.r.t. z by —A

5. end function

6: for epoch =1 to T do

7: for each mini-batch B = {(X,Y,S)} C D of size B
do

8: Update adversary k times with
encoder/predictor frozen

9: for t=1to k do

10: Z fg(X), 5 hw(GRL(Z, )\))

11: Loadv < % Zz BCE(‘%7 S7)

12: gradient ascent on v: ¢ <— ¢ + 10y, Vy Laaw

13: end for

14: Update encoder/predictor once with adversary
frozen

15: Z + fo(X), § < 94(Z), § < hy(GRL(Z, \))

16: Lyred — % >, BCE(9;,Y:)

17: Lado < % Zz BCE(§1, Sz)

18: combined objective: £ < Lreq — A Lady

19: gradient descent on 0,¢: 0 < 0 —ny Vo L, ¢ <
=1y VgL

20: end for

21: end for

22: Output: trained parameters (6*,¢*,*); representation
Z = fo-(X)

C. The Comparison of IDIR and AL

To ensure minimal bias at the initial and intermediate
stages while maximizing mitigation in the final results, each
bias mitigation method is applied at its corresponding stage.
IDIR adopts 7 = 0.1 as the standard threshold for both KL
divergence and TV distance. A feature is repaired only if both
Dy > 7 and Dpy > 7, indicating perceptible distributional
differences between sensitive and non-sensitive groups.



We set BCEWithLogitsLoss in the adversarial training pro-
cess as the loss function. BCEWithLogitsLoss integrates the
sigmoid activation and binary cross-entropy calculation into
a single, numerically stable operation that directly processes
model logits, avoiding the logarithm of zero issues that plague
standard BCE implementations. This modification eliminates
the need for manual sigmoid activation and clamping opera-
tions, resulting in more robust adversarial training.

1V. EXPERIMENTS AND RESULTS
A. Experiment Settings

Datasets and Models. The experiments are under three se-
lected datasets: Adult Income [22], Bank Marketing [23] and
COMPAS [24]. We consider bias mitigation methods of IDIR
and AL. All bias mitigation methods are applied on three
machine learning models: logistic regression, random forest
and SVM.

TABLE I: Statistics of Three Datasets

Adult Income Bank Marketing COMPAS
#Features | X| 14 20 12
#Target Y Income > 50K | Subscribe a term deposit | Recidivism within 2 years
#Sens. S Gender, Race Age Gender, Race

Evaluation Metrics. We evaluate predictive and fairness
performance [25]-[27] using Accuracy, Demographic Parity
difference (ADP), Average Odds difference (AAO), Equal
Opportunity difference (ATPR), FPR difference (AFPR) and
Max Equalized Odds difference (AEOmax). Higher accuracy
indicates better predictive performance, while lower fairness
metrics indicate fairer performance. Here we denote SR, =
P(Y =1|S = s) as the selection rate, and TPR,, FPR, are
the True Positive and False Positive Rates for group s, where
s € {0,1}. Specifically, TPRg—, = P(Y =1|Y =1,8 =
s), FPRg—y = P(Y =1|Y = 0,8 = s). The calculation
equations of these evaluation metrics are defined as below.

Accuracy = P(}Af =Y),ADP = SRg—o — SRg_1,
AFPR = FPRg_y — FPRg_;, ATPR = TPRg_y — TPRs_,,

AEO = max(|TPRS:0 — TPRg—1 |,

FPRy_o — FPRg_; |).

B. Datasets Explorations

As Figure 2 shows, we first examine the biases present
in the datasets. The Adult Income Dataset reveals that the
male group has a higher probability of earning an annual
income exceeding 50K compared to the female group. In the
Bank Marketing Dataset, older demographics (over 60 years
old) exhibit higher subscription response rates. The COMPAS
Dataset shows that African Americans and Native Americans
receive higher decile scores than other ethnic groups such as
Caucasians. The inherent biases present in these datasets may
cause models to perpetuate discriminatory patterns, such as
predicting with higher probability that individuals of certain
genders and ethnicities will have lower incomes and higher
crime rates.

C. Bias Mitigation with IDIR and Adversarial Learning

Figure 3 presents the age-group distribution within each job
category in the repaired dataset. It can be seen that the repaired
data has a more uniform distribution on each occupation
category, the number of all age groups is basically the same,
and the correlation between job category and sensitive attribute
age is low, which alleviates the indirect bias. Now we apply
the proposed methods to all datasets and Table II reports the
fairness metrics before and after Improved Disparate Impact
Remover and Adversarial Learning mitigation.

In Adult dataset, the experiments demonstrate improvements
in both accuracy and fairness metrics as repair intensity
increases. In the Bank dataset, models applying IDIR maintain
stable predictive accuracy (> 0.91). In contrast, for the COM-
PAS dataset, the accuracy remains consistent while achieving
meaningful fairness improvements. For gender bias mitigation,
adversarial learning achieved substantial improvements across
both datasets. In the COMPAS dataset, logistic regression
demonstrated the largest improvement, with AD P decreasing
from 0.3102 to 0.2674 and AT PR from 0.3412 to 0.2695.
SVM achieved optimal performance with all fairness metrics
approaching zero. Table 3 reports AL’s performance in mitigat-
ing racial disparities for the COMPAS and Adult datasets, and
results demonstrate that mitigation generalizes across sensitive
features. Nevertheless, racial bias mitigation presented greater
challenges. In the COMPAS dataset, performed best with
ATPR decreasing from 0.8099 to 0.3798 and AEOdds diff
from 0.7632 to 0.3798, while logistic regression maintained
elevated bias levels with ADP diff remaining at 0.4253.
For the Adult dataset, logistic regression and SVM achieved
significant improvements, whereas Random Forest exhibited
bias deterioration with AT PR increasing from 0.1011 to
0.1509. SVM consistently outperformed other models across
both datasets and sensitive attributes. Compared with the
COMPAS dataset, whose inherent historical bias remains resis-
tant to adversarial methods, the Adult dataset’s more uniform
distribution enabled more effective bias mitigation.

These findings indicate that IDIR is superior for smaller
datasets or those with high-cardinality categorical variables,
as targeted augmentation provides interpretable bias reduc-
tion without requiring massive training overhead. With small
sample sizes, a limited number of IDIR-generated samples
can effectively alleviate category-specific bias, while AL suf-
fers from overfitting due to insufficient samples for stable
convergence of both the adversary and predictor, making
the debiasing process inefficient. However, as sample size
increases, IDIR-generated samples grow exponentially and
may exceed the original dataset volume, whereas AL becomes
more effective with abundant training data, achieving better
debiasing through stable optimization of competing pathways.

V. DISCUSSION

The experimental results show that bias mitigation effective-
ness varies across datasets, models, and sensitive attributes.
The Adult Income dataset, with balanced feature distributions
and moderate historical bias, benefits consistently from both
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Fig. 2: The imbalanced distributions in datasets.

TABLE II: Models Performance under Improved Disparate Impact Remover and Adversarial Learning. Gender is used as the
sensitive feature in COMPAS and Adult datasets, and Age is set as the sensitive feature in Bank dataset.

COMPAS Dataset Adult Income Datset Bank Marketing Dataset
Models Acc.  ADP  ATPR AFPR  AFEOmwx | Acc.  ADP  ATPR AFPR  AEOmax | Acc.  ADP  ATPR AFPR  AEOmax
Logistic Regression | 0.6951 0.3015 0.2928 02194 02928 | 0.8258 0.1755 0.2856 00727  0.2856 | 09104 0.1293 0.0523 0.0784  0.0784
a=1 Random Forest | 0.6748  0.2417  0.195  0.1989  0.1989 | 0.8584 0.1811 0.1100 0.0691  0.1100 | 0.9183 0.1043 0.0043 0.0381  0.0381
SVM 0.6894 03485 03515 02619 03515 | 0.8145 00805 0.1365 00165  0.1365 | 09112 00737 0.0539 00429  0.0539
Logistic Regression | 0.6842  0.2515 02181 0.1965 02181 | 0.8336 0.1726 0.2473 0.0766 02473 | 09105 0.1225 0.1082 0.0626 _ 0.1082
a=05 Random Forest | 0.7149 02000 02304 0077 02304 | 0.8754 0.1797 0.0268 0.0793  0.0793 | 09209 0.1284 02600 0.0082  0.2600
SVM 0.6897 02765 02572 02087 02572 | 0.8212 0.058 0.0578 0.0082  0.0578 | 0.9097 0.0988 0.1263 0.0313  0.1263
Logistic Regression | 0.6834  0.2378 02336 0.1559 02336 | 0.8492 0.1694 0.2237 00768 02237 | 09072 0.1059 0.1024  0.058  0.1024
a=0 Random Forest | 07359  0.1851 02546 0.0192 02546 | 0.8960 0.1712 0.0662 0.0774  0.0774 | 09172 0.1045 02965 0.0067  0.2965
SVM 0.6923  0.2405 02223  0.165 02223 | 0.8387 00511 00285 00062 0.0285 | 0.9081 00812 0.1138 0.0263  0.1138
Logistic Regression | 0.6765  0.2674 02695 02077  0.2695 | 0.8695 0.1315 0.0462 00421  0.0496 | 09092 0.0824 00104 0.0436  0.0436
AL Random Forest | 0.6514 0.1365 0.0972 0.1165  0.1165 | 0.8703 0.1276 0.0346 0.0537  0.0357 | 09074 0.0728 0.0363 0.0347  0.0363
SVM 0.6687 0.1612  0.1569 0.1145  0.1569 | 0.8864 0.1367 0.0157 00369  0.0219 | 0.9075 0.1015 0.0621 0.0498  0.0621
TABLE III: Model Performance under Adversarial Learning with Race as the Sensitive Feature
COMPAS Dataset Adult Income Dataset
ADP ATPR AFPR  AEOdds(max) ADP ATPR AFPR  AEOdds(max)

Logistic Regression ~ 0.5302  0.7500  0.3453 0.7500 0.2557  0.2936  0.1510 0.2936

Before Random Forest 0.3214  0.6628  0.3867 0.6628 0.1850 0.1011  0.0689 0.1011

SVM 0.6308 0.8099 0.4478 0.7632 0.1755 0.1789  0.0802 0.1789

Logistic Regression ~ 0.4253  0.5862  0.3008 0.6003 0.2007  0.2308  0.1057 0.2246

After Random Forest 0.2924  0.4648  0.3509 0.4124 0.1389  0.1209  0.0605 0.1509

SVM 0.3609 0.3798 0.2918 0.3798 0.1107  0.1004  0.0578 0.1053
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Fig. 3: Job Distribution by Age Group after IDIR

IDIR and adversarial learning. The COMPAS dataset, with
stronger historical bias and sparser minority groups, poses
greater challenges, and residual disparities remain after inter-
vention. IDIR reduces historical and structural distributional
bias by repairing the indirectly biased features prior to training,

while adversarial learning suppresses emergent bias introduced
during model optimization. When used in isolation, IDIR can-
not address bias arising in the training stage, and Adversarial
Learning can suffer from instability when trained on heavily
biased data. Future work could sequentially combine these
two stages to allow adversarial learning to operate on a less
biased data distribution, potentially leading to more stable
convergence and improved fairness—accuracy trade-offs across
datasets and models.

Method selection depends on dataset characteristics. IDIR
is effective when sample sizes are limited and categorical
variables are numerous, as targeted augmentation can reduce
indirect bias while maintaining interpretability. However, when
datasets are large, augmented samples may exceed the original
data scale, and adversarial learning becomes more suitable
given sufficient samples for stable optimization. Model choice
also affects outcomes. Support Vector Machines achieved
stronger fairness improvements with minimal accuracy loss.
Logistic Regression showed limited ability to suppress com-
plex bias patterns, especially for racial attributes. Random
forests exhibited mixed results, sometimes with fairness deteri-



oration, suggesting unfavorable interactions between ensemble
decision boundaries and certain mitigation strategies. Despite
their effectiveness, hyperparameters such as the repair strength
coefficient o and the adversarial trade-off parameter A require
careful tuning, and sparse minority groups further constrain
both data-level repair and adversarial learning.

VI. CONCLUSION

This paper compares two improved bias-mitigation methods,
improved disparate impact remover (IDIR) and adversarial
learning (AL). Both methods demonstrate effective debias-
ing performance. IDIR is a dual-metric detector and repair
framework that combines KL divergence and total variation
(TV) distance with controlled data repair. AL applies an en-
coder—predictor—adversary architecture to reduce dependence
between predictions and sensitive features. Future work can
extend IDIR and AL to intersecting sensitive features [28],
[29] and develop adaptive repair strategies [30], [31] that
automatically adjust to dataset-specific bias patterns.
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