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Abstract

The increased reliance on Machine Learning (ML) based algorithmic decisions has given rise to some critical issues
such as fairness and bias because the machine learning models, if trained on biased data, tend to make discriminatory
predictions. Therefore, to counter these problems, this study puts forth an innovative Fairness-Aware Grouping
Learning Framework (FAGLF). To improve the quality of the datasets, missing value imputation is utilized to replace
incomplete data points, while the Synthetic Minority Over-sampling Technique (SMOTE) addresses the problem of
class imbalance. Furthermore, Independent Component Analysis (ICA) based feature extraction is employed to
enhance data quality and enable more equitable predictive learning. The approach embeds data instances into a
feature space and organizes them into homogeneous subgroups based on similarity patterns. For each subgroup, a
specialized predictive model is trained, allowing more precise learning while maintaining overall consistency. The
framework is formulated as a three-level optimization problem, solved using Dynamic Transient Search Optimized
Extreme Gradient Boosting (DTSO-XGBoost), which balances exploration and exploitation during optimization. For
better performance on the smaller and class-imbalanced datasets, techniques for domain adaptation have been used.
Fairness is ensured by keeping equal distribution among sensitive variables such as gender and socio-economic
status. The developed model is tested on the dataset "Fairness Decision Records" using fairness metrics implemented
in Python. It achieves a precision of 0.972, a recall of 0.948, and an F1 score of 0.960. Results demonstrate significant
improvement in fairness-accuracy trade-offs while maintaining strong predictive performance, highlighting the
effectiveness of the proposed framework.

Keywords: Fairness-aware, Machine Learning, Algorithmic decision systems, Group-based learning, Discriminatory
bias detection, Domain adaptation

1. Introduction
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Big data and ML at academic and institutional level, have become an important component for educational
systems supporting decision-making, individualized learning, performance assessment, and administration [1].
The use of enhanced ML algorithms within Al and proper methodologies within software engineering practices
have lead to a ubiquitous application of ML in several industries assisting with decision-making processes [2].
Al is changing a variety of businesses with its classification and forecasting capabilities from given data. For
instance, banks leverage Al to improve their credit scoring decision-making process [3]. Digitally accessible
collective data have enabled algorithmic decision-making but they may raise a concern on fairness,
transparency, human interference, and social damage [4]. Edge-Based Social Network (EBSN) recommendation
system, suffers from failure to balance the users' interest since individual preferences compete, cold-start issue
further aggravates suggestion dependability, user engagement, and it causes a drop in the accuracy of the
recommendations [5]. Some specific challenges involve lacking methods to realize fairness for sequential
recommendation algorithms, address interaction fairness issue, filter bubble and fairness issue across user
attribute groups [6]. FL approach to realize fairness are implemented through optimizing global objectives and
by sharing client data bias thus compromising for poor scalability and threatening users' privacy and the cause
for lack of efficiency is due to non-1ID data distribution [7]. The traditional methods are credit scoring processes
using logistic regression, scorecards, and rule-based models constructed on historical financial data. Such
methods are usually opaque, have a historical bias and do not hold a sense of fairness [8].

Research Aim: The objective of the research is to create the FAGLF framework. It can be useful in combating
the problems of discrimination caused by the decision-making algorithms in the process. The proposed
methodology leverages the benefits of dynamic subgroup organizing, representation learning, and proper
DTSO0-XGBoost model training techniques. Besides, it ensures equitable results and treatment for all genders
and economic backgrounds without any compromise on accuracy in prediction.

Research Organization: Background and rationale for bias mitigation in algorithmic decision-making systems
are provided in Section 1. Literature survey related to techniques of group-based learning, approaches of bias
mitigation, and fairness-aware ML is carried out in Section 2. The proposed FAGLF is introduced in Section 3
concerning optimization, subgroup learning, and dynamic grouping. Section 4 discusses results and
experimental findings. Conclusions of this research are discussed in Section 5.

2. Related Works

Earlier research that looks at the fairness of Al algorithms within finance and decision-making processes has
been compared in Table 1. In this case, factors like the objective of the research, use of approaches including
XAl the measurements used for fairness, and ways of reducing bias, and others, have been considered. However,
some limitations remain even with many advances made.

Table 1: Comparison of Fairness-Aware Al Methods and Limitations

Ref Objective Methods Result Limitation
Transparent and fair Al- Explamable_z Al Q(AI) ImprO\./ed 1nterpretak_>1}1ty, High complexity and
[9] . } - techniques with fairness- compliance, and decision o . e
driven trading decisions - limited real-time scalability
aware ML reliability
. , Audits, inclusive data, Complex implementation
Ensure fairness and ethics ; . Improved transparency, .
[10] o i regulations, and ethical . ) and evolving regulatory
in financial Al . fairness, and trust in Al
design challenges
Develop a fair and. Bias-aware data, fairness Improved fairness with C"“?plf”‘ integration and
[11] transparent Al banking . c limited real-world
models, XAl techniques minimal accuracy loss o
framework scalability
Ensure ethical, fair, and XAl method, bias analysis, Improved interpretability, Complex models and
[12] ! ; fairness, and regulatory evolving global regulatory
transparent financial Al and regulatory frameworks .
compliance challenges
Analyze bias in Al-based Fairness .metrlc.s, erlasmg Improved fairness awareness Data bias perswtence ar.ld
[13] - model, interdisciplinary . - . regulatory implementation
credit risk models and ethical decision-making
approach challenges
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Evaluate bias across

Fairness metrics, threshold

Reduced bias versus

Limited generalization

[14] . comparison, quantitative traditional Fair Isaac beyond specific case study
multiple protected classes . . . .
evaluation heuristic Corporation (FICO) scoring data
Improve fairness in neural Fairness-aware loss Enhanced fairness with . .
: C L. Slight decrease in overall
[15] network image prioritizing the worst- minimal performance
P . i : model accuracy
classification performing sensitive groups reduction
. . . . . . . o Performance loss
Assess fairness in credit ML fairness method and bias Reduced bias with minimal . o
[16] complexity, and limited

scoring systems

mitigation approaches

accuracy trade-offs

real-world generalization

Research gap: Previous research, including Fair Banking Framework [11] and Credit Scoring Fairness Model
[16], exhibits improvements in terms of fairness through bias-aware algorithms; but they suffer from problems
like difficulty in integration, poor performance, and lack of scalability in reality. Also, current approaches
employ global models, which cannot identify the discrepancy of subgroups. Therefore, the introduced FAGLF
utilizes dynamic grouping along with DTSO-XGBoost optimization to address the above-mentioned problems.

3. Proposed Fairness-Aware Grouping Learning Framework (FAGLF)

The procedures involved in creating the FAGLF framework are depicted in Figure 1. Data about the fairness
decision-making process is collected in the first step, which is followed by SMOTE balance and missing value
imputation. To make the procedure more scalable and compatible with parallel computing, dynamic problem
decomposition is incorporated. Predictive accuracy is improved by hyperparameter adjustment with DTSO-
XGBoost optimization. When it comes to addressing the problems caused by group heterogeneity in decision-
making, group-based predictive learning is crucial.

Figure 1: Intelligent Bias Reduction Framework for Predictive Learning

3.1 Data collection

The Fairness Decision Records dataset would be a valuable resource to analyze bias and fairness in the
algorithmic decision system since it provides fairly predictable results. This dataset consists of 11,000
observations having properties related to demographics, financial, behavioral, socioeconomic and fairness,
income dynamics, credit behavior, debt level, geographical factors, and risk parameters conditional upon the
considered populations are amongst the key variables explored with the dataset while including groups such
as socio-economic status and gender. The dataset's goal variable is Decision Outcome, which has three classes:
Approved, Manual Review, and Rejected. The dataset is divided into 25% for testing and 75% for training.
Kaggle Source: https://www.kaggle.com/datasets/colabsss/fairness-decision-records
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3.2 Data Preprocessing
The preprocessing of data through taking care of missing values, normalization of data, and balancing of the
data ensures that the data for the decision of the fairness is dependable, and accuracy enables fair decision-
making.
Missing value imputation: Data imputation techniques are used in data preprocessing to improve the
accuracy and reliability of the datasets for fairness-conscious learning. Missing values in the data are estimated
through different methods that include statistical and model-based approaches. This process is aimed at
increasing data quality and minimizing the influence of bias on the data analysis.
css = G4 (1)
Nzl * 11211
In Equation (1), Cosine Similarity Score CSS) evaluates the degree to which the two feature vectors resemble
each other in terms of their orientation. z; original feature vector of the jth data record. This is the true vector
of the dataset before any process of filling in the missing information. Z; imputed feature vector of the same
data record. z;, 2j inner product of the two vectors. Indicates the closeness between the two in terms of the
directions they take. ||z;|| L2 norm of the original feature vector. ||Z;|L2 norm of the imputed vector. ||z;]] *
[1Z;|| normalization factor that ensures the similarity score is independent of vector magnitude and depends
only on direction.
SMOTE: Generating artificial data through SMOTE in the minority group, rather than repeating existing ones,
the SMOTE technique is a data generation strategy and can be employed to handle class imbalance problems.
This ensures that the model is generalized, the balance of data is improved, and there is minimal bias toward
the majority group. SMOTE has been applied in the present research to ensure fairness in learning despite class
disparity.
0j; = wj + rand(0,1) X (wﬁ - wj) (2)
In this Equation (2), the optimized feature o;; improves representation of data quality and prediction fairness
using imputed and observed dataset values. Here, i denotes the feature index in the dataset, and j indicates the
sample index. w; represents the current feature weight, while w;; reflects alternative feature values generated
through imputation or neighboring data patterns. rand refers to the randomization factor used to enhance
exploration of feature space.

3.3 Feature extraction: Independent Component Analysis (ICA)
ICA is a feature extraction method which utilizes statistical independence and non-Gaussian nature of the
multivariate
data to identify statistically independent components. ICA aids in revealing complex relationships between
variables,
which cannot be revealed using only correlation analysis. In the context of this study, ICA will be used to remove
noise and redundancies in order to improve feature quality.

w = At 3
Equation (3), w is the output vector that is the set of independent components, making it the noise-free version
of the original data. 4 is the transformation matrix that is learnt to transform the observed vector into
independent components. t is the observed vector that includes different financial features in the form of mixed
and correlated financial data.

v =Xw = XAt 4)
In Equation (4), v stands for the predictive signal generated after transforming the output signals of ICA
decomposition through the weight matrix of the prediction model. X represents the projection matrix of the
financial predictive model, such as a classifier.

e,(v) = IT; e, (1)) (5)

In Equation (5), e,(v) refers to the joint probability of the vector v. In the expression, v; refers to the jth
independent component of vector v, while e,,].(v]-) refers to the marginal probability of that particular

independent component. The joint distribution of v is equal to the product of its marginal distributions
represented by I1;.

3.4 Dynamic Problem Decomposition (DPD)
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DPD is an adaptive method that decomposes a large and complicated problem in optimization or ML into many
small, dynamically changing problems according to distribution or similarity. This method is used in this study
to mitigate data heterogeneity, decrease bias, and promote fairness among different classes of sensitive
attributes in algorithmic decision-making systems.
Sy =Nzi—ZzjI? (6)

In Equation (6), S;; is the Euclidean distance (L2 norm), which determines the degree of dissimilarity between
two instances in the embedding space. || denotes the norm in mathematics, which is used to measure the
magnitude or distance of a vector Zi and Zj are embeddings of two data samples i and j. The lower the value of
Sij the more similar the two instances, while the higher the value, the more dissimilar the two instances, which
helps in clustering.

3.5 Group-Specific Predictive Learning
Group-Specific Models is a learning method whereby a predictive model is learned in an individualized or
adaptive manner with respect to specific subgroups in a given set of data, as opposed to having one model for
the entire population. It is utilized to solve concerns related to bias and unfairness associated with algorithmic
decision-making systems.

Ve = 9x(Zi) (7)
In Equation (7), ¥, is the prediction of output corresponding to k-th subgroup, the resultant output from model
prediction for this particular subgroup. g, subgroup-dependent model function that is independently trained
to predict output for k-th subgroup. Z, input feature space belonging to k-th subgroup, obtained from a specific
distribution of this subgroup's data.

3.6 Three-Level Optimization Framework

The three-level optimization approach is a hierarchical learning methodology that works towards enhancing
the performance, fairness, and feature selection capabilities at each level of the process, is shown in Table 2.
This includes global optimization, group optimization, and local optimization processes.

Table 2: Fairness-Aware Multi-Level Optimization Framework

Levels | Title Description

Level | Representation Transforms raw data into meaningful features by reducing

1 Optimization noise, bias, and redundancy

Level | Grouping Clusters data into fair groups to enhance learning and reduce
2 Optimization bias

Level | Predictive Builds accurate models using optimized features, ensuring

3 Optimization fairness and generalization

min Lygear = ALprea + .BLfair + ngroup (8)
In Equation (8), min is the minimum that, L;,,; loss function to optimize, which comprises model accuracy,
fairness, and clustering loss. Ly,..4 prediction loss that captures the difference between predictions and true
labels. Lsq;, fairness loss that penalizes any bias in the model predictions across various sensitive subgroups.
Lgroup grouping loss that ensures samples from the same cluster/subgroup are treated similarly by the model.
a importance of prediction loss in the overall optimization process. § importance of fairness loss. y weight
controlling the importance of grouping consistency.

3.7 DTSO-XGBoost to improve fairness and accuracy

The use of DTSO-XGBoost optimization involves applying the XGBoost algorithm of ML along with that of DTSO
Optimization with the view to gaining high levels of accuracy and bias in the process of algorithmic decision-
making. To enhance predictive performance, reduce bias, improve generalization, and ensure robust, fair, and
efficient decision-making across diverse data distributions. Using the technique of dynamic solution space
exploration, the dynamic two-stage optimization is employed in the first stage with regard to feature selection
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and improvement. This implies the deletion of redundant and noisy features along with the selection of only
significant features.

e XGBoost Optimization for classification and regression
The XGBoost model is a supervised ML algorithm that can be employed for solving both classification and
regression problems. Within the context of this study, it serves as the main prediction model for socio-economic
and financial data while considering issues of fairness. As an extension of gradient boosting, it builds an
ensemble of decision trees where subsequent trees learn from mistakes made by their predecessors.

MO = 5 d (p 5,770 + £(x)) + 20F) 9)
In Equation (9), M™denotes objective value at iteration, ¥ represents accumulation of total losses, j indicates
index of data sample, u denotes total training samples, d(-) represents prediction error measurement, p;
denotes actual target output, p; =1 jndicates previous prediction output, f, represents current tree prediction,
X; denotes input feature vector, r indicates boosting iteration number, 2 denotes model complexity
regularization, + represents addition operation.
e Dynamic Transient Search Optimization (DTSO) for adaptive optimization strategy

DTSO is a recently developed population-based metaheuristic designed to solve complex, high-dimensional
optimization problems. It effectively avoids local optima by dynamically balancing exploration and exploitation
through adaptive tuning of its search characteristics. In this study, DTSO is applied for both feature selection
and hyperparameter optimization of the predictive model. A multi-objective fitness function is employed,
incorporating both prediction accuracy and fairness (bias reduction) to evaluate candidate solutions. Due to its
transient search strategy, DTSO is highly effective in handling noisy, high-dimensional, and biased datasets. Its
capacity for avoiding premature convergence while retaining the ability for global search makes it a useful tool
in optimizing for robustness and fairness-conscious decisions.

Algorithm 1: Fairness-Aware Grouping Learning Framework (FAGLF)

Input:
D— Fairness-aware dataset,
MaxIter— Maximum DTSO iterations,
P— Population size,
T— Total boosting rounds
Output:
M*— Optimized fairness-aware predictive model
Begin
1. Load dataset D
2. Data Preprocessing using Missing Value Imputation:
3. For each data sample z;:
Compute similarity score: CSS(z;, Z;)
Estimate imputation error: MSE (z;, Z;)
Replace missing values and normalize data
3. Data Balancing using SMOTE:
o Identify minority class samples
o Generate synthetic samples: oj; (w;, wj;)
e Construct a balanced dataset Dg
4. Feature Extraction using ICA:
o Transform observed data: w = At
e Select optimized feature subset F,
5. Dynamic Problem Decomposition (DPD):
o Partition the dataset into homogeneous groups Gy
6. Group-Specific Predictive Learning:
7. For each subgroup Gy:
o Train subgroup predictor gy
o Predict subgroup output y;
8. Three-Level Optimization Framework:
o Perform representation optimization
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o Execute grouping optimization
o Conduct predictive optimization
9. DTSO-XGBoost Optimization:
o Initialize DTSO population
o Optimize feature selection and XGBoost parameters
o Evaluate fairness and prediction accuracy
10. Predictive Modeling using XGBoost:
11. Fort =1to T:
o Train weak learner F,(x)
o Update ensemble prediction
12. Return optimized predictive model M*
End

Algorithm 1 represents FAGLF, which achieves improved fairness-aware predictions using techniques such as
missing value imputation, SMOTE, ICA feature extraction, dynamic subgroup decomposition, and learning with
subgroups. The optimization technique of DTSO-XGBoost provides better feature selection, fairness, and
improved predictions.

4. Result and Discussion

FAGLF is an effective way to guarantee fairness reduction in algorithmic decision-making processes by
combining dynamic grouping, fairness-aware learning, and optimization using DTSO-XGBoost. It maintains
outstanding classification performance while achieving enhanced fairness features, decision stability, and
accuracy. Python on Windows is used to address this issue, by using Scikit-learn and XGBoost.

Data feature exploration analysis: The density distributions of bias risk scores with regard to the decision
output of approval, review, and rejection are the primary focus of the comparison of bias risk and fairness-
adjusted scores across numerous categories. The Group Bias Risk distributions, where approved decisions peak
at 1-4, manual review at 5-8, and rejected at 10-13, extending to 25, indicate increasing bias influence of Figure
2(a). Figure 2(b) shows the distribution of density for fairness-adjusted score in terms of regions, where urban
regions have their peak values at 65-70, semi-urban at 60-65, and rural at 55-60, with ranges of 30-90.

e B A M P At taa

(a) (b)

Figure 2: Comparative Analysis of Bias Risk and Fairness Scores (a) Distribution of Group Bias Risk
Across Decisions (b) Fairness Adjusted Score Distribution Across Region Types

Metrics explanation: Detection Precision: Determines the proportion of accurate identification of the fair
decisions among all those that have been identified as positive, representing the extent of correctness of the
algorithm while identifying unbiased decisions without any errors. Detection Recall: The ability of the
algorithm to detect all fair decisions in reality, indicating how well the algorithm is working at recognizing all
unbiased decisions without any omissions. F1 Score: The harmonic mean of both these parameters, acting as
an indicator of how effectively the algorithm detects fair decisions.
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Performance evaluation using the credit scoring dataset [16]: The proposed FAGLF were trained using
credit scoring dataset [16], along with some baselines, including Fair Detect (Adversarial Networks), Bias Audit
(Ensemble Methods), Fair Sight (Representation Learning), and Credit Fair (Causal Modeling) [16]. As a result,
it has been found that this suggested model has shown better results with respect to the Detection Precision,
Recall, and F1 score metrics represented in Table 3. This means that the FAGLF model is more effective in
determining fairness and unbiasedness than others.

Table 3: Performance Analysis of Fairness-Aware Detection Models using the existing dataset
Framework Dete.ct.lon Detection Recall F1 Score
Precision
Fair Detect [16] 0.884 0.912 0.898
Bias Audit [16] 0.921 0.876 0.898
Fair Sight [16] 0.856 0.934 0.893
Credit Fair [16] 0.945 0.887 0.915
FAGLF [proposed] 0.949 0.924 0.935

Performance evaluation using the fairness decision records dataset: Both existing and proposed trained
models using the trained using decision records dataset, the detection performance of cutting-edge techniques,
such as Fair Detect, Bias Audit, Fair Sight, and Credit Fair, works well; nevertheless, FAGLF outperforms the
others in terms of precision, recall, and F1-score, as shown in Table 4 and Figure 3. This implies that the
suggested FAGLF provides improved forecast fairness and accuracy. On the suggested dataset, it can be inferred
that the FAGLF performs better than the most advanced techniques.

Table 4: Comparison of Detection Metrics Across Frameworks using the fairness decision records
dataset

o T —

Faie bt TR Wl
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Detection Reasll
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Framework Dete.ct.lon Detection Recall F1 Score
Precision
Fair Detect 0.901 0.926 0913
Bias Audit 0.934 0.892 0.913
Fair Sight 0.873 0.947 0.909
Credit Fair 0.956 0.901 0.928
FAGLF [proposed] 0.972 0.948 0.960
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Figure 3: Presentation of the proposed and existing models trained using the fairness decision records
dataset

Existing research efforts on a fair banking framework [11] and a credit scoring fairness model [16] attempted
to solve the problem of bias through bias-aware approaches; however, they encountered challenges related to
scalability and subgroup-specific biases. These problems can be solved using the proposed FAGLF framework
by introducing dynamic grouping, allowing for detailed identification of subgroup bias problems. In addition,
DTSO-XGBoost can optimize the model and further improve its flexibility and computing capability.

5. Conclusion

By imposing constraints of fairness, creating group equality, performing better than traditional techniques, and
using reliable and scalable techniques for decision-making using Al algorithms, the FAGLF is capable of solving
biases to make accurate predictions. Although there are methods that attempt to solve issues with bias in their
predictions, they fail to incorporate solutions related to fairness, scale poorly, and negatively affect their
accuracy. To achieve high levels of generalization without losing accuracy, the FAGLF approach tries to balance
learning and scalability along with fairness constraints and adaptability to reduce bias. The FAGLF model has
the best Precision of 0.972, recall of 0.948, and F1 score of 0.960 compared to other conventional models that
serve as baselines. However, in most cases, such an approach is hard to implement owing to significant resource
consumption and moderate adjustments of parameters. When expanding this method to the Deep Learning
(DL) algorithms, implementing present fairness assessment techniques, studying dynamic environments,
solving the scale issues, and designing reliable bias handling systems become the objectives for future research.
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