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Figure 5. Performance comparison via BA vs. AOD before and after reweighting samples on COMPAS
dataset with respect to the protected attribute Race.

Table 3. Performance comparison between before and after reweighting samples through one
classification metric, BA, and fairness metrics including SPD, AOD, DI, EOD, and TT on COMPAS
dataset regarding the protected attribute Race.

Performance before reweighting samples

Model BA SPD AOD DI EOD TI
DT 0.6586 —0.1516 —0.0970 0.7791 —0.1212 0.1835
GNB 0.6553 —0.2483 —0.1994 0.6155 —0.1980 0.2382
KNN 0.6414 —0.2139 —0.1727 0.7282 —0.1131 0.1607
LR 0.6774 —0.2494 —0.1927 0.6600 —0.1877 0.1774
RF 0.6432 —0.1539 —0.1057 0.6873 —0.1166 0.3003

Performance after reweighting samples

DT 1.0 —0.1769 0.0 0.7060 0.0 0.0
GNN 0.6437 —0.1782 —0.1318 0.6926 —0.1251 0.2594
KNN 0.6311 —0.3432 —0.3105 0.5945 —0.2391 0.1762
LR 0.6342 0.0546 0.1042 1.1062 0.1215 0.2257
RF 0.6234 0.1459 0.1953 1.4012 0.1977 0.2867




Appl. Sci. 2024, 14, 3826 12 of 16

10
0675
0.66 0.64
o650 06e
Lo 08 052 0s
2 & 062 5 ]
Zo62s
g g z 11 Zoso H
8 oe00 o6y 5 060 06 E g 0sE
g ] H H
H 8 g 2 Soss ]
3 § Loss & < 8
8oss el 3 i 3 g
£ 2 H a3 8oss 043
k] 2 5oss 3 5 b
8 o550 3 2 a 2 3
2 - I3 @ 0.54 1
lo2® 028 0278
0525
o052 0s2
0500 Loo
050 00 050 00
oo o % o o8 o
Classification Thresholds oo 02 o1 a6 To 00 02 o4 06 10
Classification Thresholds Classification Thresholds
(a) LR BA vs DI Before (b) DT BA vs DI Before (c) KNN BA vs DI Before
066 0310
0675 10
064 10 108
T z o8
_os B N 2 C | -
g 2 T 102 0300 § > 0.625 K
£ o060 E g g Z S
3 s i 3 g J 0sf
] 2 £
Loss [ 0e% < 0295 % g os00 u
bl | 5 3 100 g 4 §
H g g
£ o5 | I3 § 3 Boss g
K] | 04T H 0290%F ¥ 048
2 1 o9 o = :
a I @ v -
054 rﬁ H 3 Eosso 2
102 0.285 I} = 2
052 | oz
096 0525
050 00 0.280 1
. . . 0500 00
oo o2 on o6 08 o o o o o o8 N
Classification Thresholds Classification Thresholds 00 04 06 10
Classification Thresholds
(f) LR BA vs DI After
(9) DT BA vs DI After (h) KNN BA vs DI After
066 o6/ 10
064 08 064
T 08z
062 g 062 g
z H z H
g 06 E g E
§oe0 “L\ H 5 060 067y
< 2 § H
Sose | g Loss! £
i T8 g .
5056 3 £ o561 043
8 g g 3
054 L H 034 ]
yore2d 028
0s2 \ 052
050 00 030 00
oo o o 05 o o 02 o 06 o
Classification Thresholds Classification Thresholds
(d) GNB BA vs DI Before (e) RF BA vs DI Before
066 14
064 r,J 4 ’_\\
L ~/ o8 064 \
062 - f o 12_
g g
> 2 062 g
3
£ 060 06 g g 0
H o 5 060 =
g Fl g ]
<os8 5 4 r 08
° 0.58 H
3 loa 3 H
£ oss & 8 068
5 3 £ os6 3
] =] T -
@ osq | 7 & } 04F
lo28 054 2
[ ®
0s2 . 02
050 Loo 030 00
0%

oo 02 o8 1o o0 FE]

04 06 04 06
Classification Thresholds Classification Thresholds

(i) GNB BA vs DI After (i) RF BA vs DI After

Figure 6. Performance comparison via BA vs. DI before and after reweighting samples on COMPAS
dataset with respect to the protected attribute Race.

Moreover, Figures 7 and 8 present comparison results for the protected attribute
Sex. Similar observations are made, where reweighting samples are effective primarily
for DT but less so for KNN. Notably, LR, GNB, and RF exhibit more significant effects
after reweighting. Table 4 reveals similar trends, with DT showing bias in SPD and DI
but less bias overall. All other models bias was reduced while retaining bias against the
unpriveleged group. LR showed bias in favor of the unprivileged group for EOD.

In summary, the figures and tables illustrate the impact of reweighting samples on bias
mitigation in traditional machine-learning models for both the Adult Income and COMPAS
datasets. Notably, DT models showcase effective bias reduction, while KNN exhibits more
resistance to debiasing for the Adult Income dataset but work well with the COMPAS
dataset. The trade-off between BA and fairness is evident. Results differ across protected
attributes, emphasizing the nuanced effectiveness of reweighting. Comprehensive assess-
ments, including additional fairness metrics, reveal the complexity of bias dynamics. This
study highlights the model-specific nature of reweighting sample effectiveness in achieving fairness
in traditional machine-learning models.
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Table 4. Performance comparison between before and after reweighting samples through one
classification metric, BA, and fairness metrics including SPD, AOD, DI, EOD, and TI on COMPAS
dataset regarding the protected attribute Sex.

Performance before reweighting samples

Model BA SPD AOD DI EOD TI
DT 0.6586 —0.1637 —0.1340 0.7759 —0.0597 0.1835
GNB 0.6553 —0.4129 —0.3877 0.5066 —0.3090 0.2382
KNN 0.6414 —0.2336 —0.2095 0.7256 —0.1350 0.1607
LR 0.6774 —0.2724 —0.2439 0.6631 —0.1392 0.1774
RF 0.6432 —0.3759 —0.3484 0.4700 —0.3002 0.3003
Performance after reweighting samples
DT 1.0 —0.1383 0.0 0.7732 0.0 0.0
GNB 0.6581 —0.1998 —0.1720 0.7154 —0.0899 0.2146
KNN 0.6311 —0.2551 —0.2318 0.7003 —0.1708 0.1762
LR 0.6562 —0.1188 —0.0946 0.8342 0.0111 0.1730
RF 0.6585 —0.1615 —0.1279 0.7081 —0.0760 0.2776
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Figure 7. Performance comparison via BA vs. AOD before and after reweighting samples on COMPAS
dataset with respect to the protected attribute Sex.
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Figure 8. Performance comparison via BA vs. DI before and after reweighting samples on COMPAS
dataset with respect to the protected attribute Sex.

4. Related Work

ML fairness has become one of the most pivotal challenges of the decade [19]. In-
tended to intelligently prevent errors and biases in decision-making, ML models sometimes
unintentionally become sources of bias and discrimination in society. Concerns have been
raised about various forms of unfairness in ML, including racial biases in criminal justice
systems, disparities in employment, and biases in loan approval processes [20]. The entire
life cycle of an ML model, covering input data, modeling, evaluation, and feedback, is
susceptible to both external and inherent biases, potentially resulting in unjust outcomes.

Techniques for mitigating bias in ML models can be categorized into pre-processing,
in-processing, and post-processing methods [21]. Pre-processing acknowledges that data
itself often introduces bias, with distributions of sensitive or protected variables being
discriminatory or imbalanced. This approach modifies sample distributions or transforms
data to eliminate discrimination during training [5]. It is considered the most flexible part
of the data-science pipeline, making no assumptions about subsequent modeling tech-
niques [22]. In-processing adjusts modeling techniques to counter biases and incorporates
fairness metrics into model optimization [23]. Post-processing addresses unfair model
outputs, applying transformations to enhance prediction fairness [24].
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Pre-processing assumes that the disparate impact of the trained classifier mirrors that
of the training data. Techniques include massaging the dataset by adjusting mislabeled class
labels due to bias [15,25] and reweighting training samples to assign greater importance to
sensitive ones [5,26].

5. Conclusions

Understanding the impact of the biases of machine-learning techniques becomes
crucial to prevent unintended behaviors towards specific groups. Fairness Al techniques,
such as reweighting samples, have proven effective across various fields This study presents
a comprehensive validation of reweighting samples’ application to address bias in binary
classification using traditional ML models. The comparative analysis involves assessing
model performance on original and new datasets, respectively, based on metrics like
balanced accuracy and fairness metrics. It offers systematic insights into the effectiveness
of different traditional classification algorithms concerning various protected attributes,
contributing to the advancement of fairness-enhanced Al Experimental results underscore
the model-specific nature of reweighting sample effectiveness in achieving fairness in
traditional ML models, while also revealing the complexity of bias dynamics.

Future research will expand upon this exploration by integrating more advanced
machine-learning algorithms, such as generative Al models. For example, generative
Al can be utilized for data augmentation with original data to bolster the fairness of Al
techniques. Furthermore, the study will integrate new datasets and investigate a wider
array of protected attributes to deepen the validation process.
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