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Abstract. As machine learning (ML) algorithms are extensively adopted
in various fields to make decisions of importance to human beings and
our society, the fairness issue in algorithm decision-making has been
widely studied. To mitigate unfairness in ML, many techniques have been
proposed, including pre-processing, in-processing, and post-processing
approaches. In this work, we propose an explainable feature selection
(ExFS) method to improve the fairness of ML by recursively eliminating
features that contribute to unfairness based on the feature attribution ex-
planations of the model’s predictions. To validate the effectiveness of our
proposed ExFS method, we compare our approach with other fairness-
aware feature selection methods on several commonly used datasets. The
experimental results show that ExFS can effectively improve fairness by
recursively dropping some features that contribute to unfairness. The
ExFS method generally outperforms the compared filter-based feature
selection methods in terms of fairness and achieves comparable results
to the compared wrapper-based feature selection methods. In addition,
our method can provide explanations for the rationale underlying this
fairness-aware feature selection mechanism.

Keywords: Fairness in machine learning · Group fairness · Feature se-
lection · Feature attribution explanation · Ethics of AI.

1 Introduction

Machine learning (ML) algorithms are increasingly adopted in more and more
fields and have brought significant impact on our daily lives and society. However,
despite the advantages brought by adopting ML models, there is plenty of evi-
dence of discriminatory behavior in algorithmic decision-making. For instance,
the software product COMPAS used to predict future criminals was found to
be biased against blacks [1]. Many other similar behaviors and findings have
also been exposed in other areas and applications [15]. Thus, fairness in ML has
received considerable attention and discussions in the last decades [9].
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The widespread concerns about algorithmic fairness have led to growing in-
terest in fairness-aware ML. Hence, many different measurements of fairness have
been formalized [5], and different approaches have been proposed to mitigate the
unfairness of ML models. According to the model development stage in which
the mitigation techniques are adopted, the existing approaches are usually cat-
egorized into pre-processing, in-processing, and post-processing methods. Pre-
processing approaches try to adjust or transform the training data for removing
the underlying bias in the data before feeding it to an ML algorithm [15]. In-
processing methods directly account for fairness during the model design stage
usually by modifying ML algorithms to address discrimination during the model
training phase [22]. Post-processing techniques dedicate to calibrating the pre-
dictions of a model after model training to make decisions fairer [17].

Although there are many different fairness-enhancing techniques, each type
of method shows its advantages and limitations and there was no conclusively
dominating method [17]. The existing pre-processing methods usually either do
not consider the fairness measurements explicitly or are limited to the type of
bias they can handle. In-processing mechanisms need to modify the downstream
ML algorithms, which is nontrivial and requires rich knowledge and experience.
Since post-processing approaches are applied to the relatively late stage of the
ML process, these methods typically obtain inferior results [23]. Additionally, the
existing methods lack explainability for their fairness enhancement mechanisms.

This work focuses on fairness-aware feature selection (FS), which is a type of
pre-processing method that aims at mitigating unfairness by selecting a suitable
subset of features to train models. We proposed an explainable feature selec-
tion (ExFS) approach to mitigate the unfairness by dropping or eliminating the
features that contribute most to the unfairness of the model’s prediction in an
iterative manner, based on an explainable artificial intelligence (XAI) approach.
The experiments on several commonly used datasets and ML models show that
our proposed method can enhance the fairness of the used model effectively and
efficiently. The main contributions of this work are: 1) We implement a method
to explain the prediction of the black-box model by constructing an explainable
boosting machine (EBM) surrogate model; 2) We propose an approach to ex-
plain which features contribute to the unfairness of a model; 3) We design an
explainable feature selection (ExFS) method for mitigating unfairness.

The remainder of this paper is organized as follows. Section 2 introduces the
commonly used fairness measurements and some related approaches for miti-
gating unfairness. The proposed explainable feature selection (ExFS) method is
described in Section 3. Section 4 presents the experimental studies. Finally, the
paper is briefly concluded in Section 5.

2 Related Work

In this section, we first give the problem setting investigated in this work. Then,
some commonly used group fairness measurements and fairness-aware feature
selection approaches are introduced under this setting.
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2.1 Problem Setting

We consider the most commonly investigated problem in fairness-aware ML liter-
ature [11], that is, the binary classification problem that aims to learn a mapping
function between user feature vectors x ∈ Rd and class labels y ∈ {0, 1}. This
task is often achieved by finding a model or classifier f : Rd 7→ R based on the

training set D = {(x(i), y(i))}Ni=1 (where x(i) = [x
(i)
1 , · · · , x(i)

d ] ∈ Rd are feature
vectors and y(i) ∈ {0, 1} are the corresponding labels) such that given a feature
vector x with unknown label y, the classifier can predict its label ŷ = f (x). In the
context of fairness-aware ML, each x also has an associated sensitive attribute
s ∈ S (e.g., sex, race) that indicates the group membership of a user and the
model f also needs to be fair with respect to the sensitive attribute. Actually,
there can be multiple sensitive attributes. Here we consider a single sensitive
attribute case (e.g., the gender of each user s = {male, female}) and use sa and
sb to denote two different groups associated with the sensitive attribute. That
is, each training data instance

(
x(i), y(i)

)
∈ D has an associate sensitive feature

value s(i) ∈ {sa, sb}. The goal of fairness-ware ML is to learn a model f that can
provide accurate predictions while satisfying fairness requirements.

We introduce some additional notations used in work. The subsets of training
dataset D with values s = sa and s = sb are denoted as Da = {(x(i), y(i)) ∈
D|s(i) = sa} and Db = {(x(i), y(i)) ∈ D|s(i) = sb}, respectively. Let Xk =

[x
(1)
k , · · · , x(N)

k ]T (k = 1, · · · , d) be the k-th feature of the training dataset D,
and S = [s(1), · · · , s(N)]T denotes the sensitive attribute associated with D.

2.2 Fairness Measurements

Generally, fairness means the absence of any bias towards individuals or groups
based on their inherent or acquired characteristics [15]. Different types of mea-
sures for fairness have been proposed, including group and individual fairness [15].
Below, we introduce some widely used group fairness measures.

• Demographic Parity (DP) [4] requires the positive prediction rates across
different sensitive groups should be the same, which is evaluated as:

mDP = |P (ŷ = 1|s = sa)− P (ŷ = 1|s = sb)| . (1)

• Equal Opportunity (EOp) [8] requires the true-positive rates across different
groups should be the same, which is computed as:

mEOp = |P (ŷ = 1|s = sa, y = 1)− P (ŷ = 1|s = sb, y = 1)| . (2)

• Equalized Odds (EOd) [8] requires both the false-positive and true-positive
rates across different groups should be the same, which is assessed as:

mEOd = |P (ŷ = 1|s = sa, y = 0)− P (ŷ = 1|s = sb, y = 0)|
+ |P (ŷ = 1|s = sa, y = 1)− P (ŷ = 1|s = sb, y = 1)| .

(3)
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2.3 Fairness-Aware Feature Selection (FS)

Feature selection (FS) is an important method to optimize the performance of
ML by selecting a suitable feature subset. FS methods are usually categorized
into filter, wrapper, and embedded approaches [24]. Recently, there is a growing
body of work that uses FS to improve the fairness of ML [6, 18], which is referred
to as fairness-aware FS [10]. Both filter and wrapper methods have been adopted
for mitigating unfairness in ML.

Fairness-Aware Filter FS It is well known that bias caused by proxy features
of the sensitive attribute is one of the main causes of unfairness in ML [17]. Hence,
fairness-aware filter approaches intend to identify features that are highly related
to the sensitive attribute (i.e., the proxy features) and then drop these features
before training a model. Based on this idea, the Pearson correlation coefficient
(PCC) and mutual information (MI) [7] can be used to measure the correlation
between each feature Xk (k = 1, · · · , d) and the sensitive attribute S.

Fairness-Aware Wrapper FS This category of methods directly incorporates
fairness measures into its objective when evaluating the goodness of the selected
subset features. According to the number of objectives, fairness-aware wrapper
approaches can be divided into single and multiple objective methods. In single-
objective wrapper approaches, the performance (e.g., accuracy, F1-score) and
fairness measures (e.g., DP, EOp) of the model are combined to form a single
objective that guides the FS process [3], or only the fairness measure is taken as
the objective to be optimized [18]. As for multi-objective wrapper methods, both
fairness measures and performance metrics are considered as different objectives
to be optimized during the FS [18] so as to obtain a set of Pareto optimal so-
lutions. In [18], both single and multi-objective wrapper approaches have been
investigated.

However, the above-described fairness-aware filter and wrapper FS approaches
both suffer from their drawbacks. On the one hand, a filter method is computa-
tionally efficient but its performance may be inferior to a wrapper method due
to not considering the adopted model. On the other hand, wrapper methods usu-
ally can provide good results but involve high computational costs. Furthermore,
neither filter nor wrapper fairness-aware FS approaches can offer the rationale
or cause why removing some features can lead to fairness enhancement.

This has motivated us to design the ExFS method which eliminates fea-
tures based on the feature attribution explanations to the fairness measure. Our
proposed method not only utilize the information or knowledge learned by the
model but also provides explanations for the underlying reason why dropping
the identified features can improve the fairness of the model.
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3 Explainable Feature Selection for Mitigating Unfairness

In this section, we propose an explainable feature selection (ExFS) method for
mitigating unfairness. Firstly, the used feature attribution explanation method
is introduced. Then, we describe the procedure of the ExFS method.

3.1 Feature Attribution Explanation Method

Explainable artificial intelligence (XAI) is an attractive and rapidly developing
research area since AI models are increasingly applied in high-stake domains [9].
During the past decades, numerous XAI methods have been proposed to explain
the decisions of ML models [2]. With the goal of explaining which feature(s)
contribute to the unfairness, we focus on a kind of XAI techniques known as
feature attribution explanation (FAE) methods. FAE methods are popular XAI
approaches that compute the attribution of input features to the model’s output
and provide a per-feature attribution score to represent its importance [25].

There are many popular FAE methods, including SHAP [14], LIME [19],
EBM [16], etc. SHAP [14] is a post-hoc approach that can provide both global
and local explanations. SHAP computes feature importances by removing fea-
tures in a game-theoretic framework which leads to expensive computational
costs. LIME [19] is also a post-hoc approach. It provides local explanations
through the perturbation method to identify the importance of each input fea-
ture. While EBM [16] is an intrinsic approach that can provide both global and
local explanations, it requires a cheap computational cost than others. Thus, we
choose EBM as the FAE method used in this work.

EBM belongs to the family of generalized additive models (GAMs) and can
be formulated in the following form [16]:

g(x) = β0 +
∑

fk (xk) , (4)

where fk is the shape function of k-th feature that EBM learns through modern
ML techniques such as bagging and gradient boosting. EBM is highly intelligible
and explainable because the contribution of each feature to a prediction can be
revealed by fk (xk) and the term contribution of each feature can be sorted and
visualized to show which features had the most impact on the prediction [12].

3.2 Explainable Feature Selection (ExFS) Method

Using EBM to Explain Black-box Model’s Predictions : To leverage
the explainability of EBM, we use an EBM as a surrogate model to explain
the predictions of other black-box models, such as random forest and neural
network models. The goal is to use an EBM g to simulate or mimic the input-
output mapping of the trained model f . The procedure for constructing an EBM
surrogate model is illustrated in Fig. 1. The only difference between building an
EBM surrogate and training an EBM directly on the training dataset is that the
output (the predicted probability) Ŷ of the trained black-box model f are taken
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as targets rather than the ground-truth labels Y in the dataset when constructing
the EBM surrogate. Then, the EBM surrogate model g can be used to provide
explanations for the prediction of model f at any input.

12

Training Data 𝑋, 𝑌 Model 𝑓 Prediction ෠𝑌

EBM Model 𝑔 Explanation 𝐸

𝑋 ෠𝑌

Fig. 1. Illustration of constructing an EBM surrogate model to explain another model.

Calculating the Feature Attributions for Fairness Measurement : Let
e (x) ∈ Rd denotes the explanation of prediction provided by EBM, which is
a vector of contribution score or importance score of each input feature, at
input vector x. We use Ea = {e

(
x(i)

)
| x(i) ∈ Da}, Eb = {e

(
x(j

)
| x(j) ∈

Db} represent the explanation sets for the two subsets (or groups) Da and Db

of dataset D associated with the sensitive attribute. Based on the individual
prediction’s explanations, we can attribute DP fairness measurement mDP (in
Eq. 1) back to each of the input features [13, 21]. We calculate how each feature
contribute to the mDP by,

FADP = mean (Ea)−mean (Eb) =

∑
x(i)∈Da

e
(
x(i)

)
|Da|

−
∑

x(j)∈Db
e
(
x(j)

)
|Db|

. (5)

The feature attribution for other group fairness measurements (EOp and EOd)
can be derived in a similar way as that for DP described above.

Eliminating Features based on Explanations : The achieved FADP is a
vector that includes the contributions of each feature to the DP measure, and
ΣFADP indicates the DP value. The larger value of items in FADP vector in-
dicates the corresponding features contribute more to the fairness measure, i.e.,
causing unfairness. Hence, we can eliminate features that have large contribution
scores to fairness measure for reducing unfairness. In our ExFS method, we re-
cursively eliminate the feature that contributes mostly to the computed fairness
measure. The procedure of the ExFS approach is described in Algorithm 1.

4 Experimental Study

In this section, we first present the setup of our experiments and then demon-
strate the effectiveness of our method by comparing it with four state-of-the-art
methods on three datasets with three different ML models.

4.1 Experimental Setting

Compared Approaches : We compare our approach with four fairness-aware
FS methods, as described in Section 2.3, namely FS based on Mutual Informa-
tion (FS-MI), FS based on Pearson Correlation Coefficient (FS-PCC), FS using
Genetic Algorithm (FS-GA) [18], and FS using NSGA-II (FS-NSGA-II) [18].
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Algorithm 1 The Procedure of Explainable Feature Selection (ExFS) Method

Input: Training dataset D = {(x(i), y(i))}Ni=1, Classification model f , fairness measure
m (e.g., mDP , mEOp, or mEOd), Unfairness tolerance ϵ.

Output: Trained model f that satisfying the fairness requirement.
1: Train the initial model f on dataset D with the initial set of features.
2: Evaluate the fairness measure m of the trained model f on dataset D.
3: while m > ϵ and #Features > 1 do
4: Construct an EBM surrogate model g for explaining the predictions of model f .
5: Calculate the feature attributions FAm for fairness measure m.
6: Eliminate the feature that has largest contribution to m according to FAm.
7: Retrain the model f on the dataset with remaining features.
8: Evaluate the fairness measure m of the retrained model f .
9: end while
10: Return the model f .

Datasets : We validate the proposed method on three commonly used datasets
of binary classification tasks [11]: Adult, Dutch, and Compas, whose sensitive
attributes are sex, sex, and race, respectively.

Models : Experiments were performed on three models: Logistic Regression
(LR) with maximum number of iterations of 1000, Random Forest (RF) with 10
estimators and max-depth of 20 [21], and Multi-layer Perceptron (MLP) with two
hidden layers of size 64 and 32 and maximum number of iterations of 200 [20].

Evaluation Metrics : We used three widely used group fairness metrics as
evaluation criteria, which have been described in Section 2.2. We randomly split
each dataset into training and test sets with a ratio of 7:3. All reported results
are the average results on the test set obtained from 15 different random splits.

4.2 Experimental Results

Firstly, we conduct a comparative analysis between our approach and the other
two filter-based methods, as they all gradually drop features until the fairness
measure reaches the threshold. Due to space limitation, we only present the
comparison results of FS process for improving the DP metric in Fig. 2. To
standardize the comparison, all methods drop the sensitive attribute at the be-
ginning and we set the unfairness tolerance ϵ = 0.0. From Fig. 2, we can see that
all methods are effective in reducing the DP value. However, the ExFS method
tends to be the most efficient method for improving the DP metric, especially
on the Adult dataset. In addition, the ExFS method is ultimately capable of
achieving extremely low DP values, which makes it capable of satisfying diverse
fairness requirements, including more stringent ones.

Then, we provide explanations to demonstrate the operational mechanism
of our method and to explain the reason of fairness measure changes during
the ExFS procedure. The FAE graphs from the ExFS method for each step
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(i) MLP - Compas.

Fig. 2. The comparison results of three filter approaches to enhance DP fairness metric
on different datasets using different models.
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(d) 3 removed features.

Fig. 3. Feature attribution explanations for DP on Compas dataset using MLP model.
(Firstly, the sensitive attribute ‘race’ is eliminated, then ‘priors count’ is removed, and
‘score text’ is eliminated subsequently.)
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of the recursive deletion of the first 3 features for the case of Fig. 2 (i) are
presented in Fig. 3, showcasing part of the attribution process of the ExFS
method. As can be seen in Fig. 3 (b), when removing the second feature, we
selected the ‘priors count’ feature that contributed the most to the DP based on
the attribution scores provided by FADP . However, after removing this feature,
we can see from Fig. 3 (c) that there is no significant change in ΣFADP . This
is due to the sudden increase in the contribution score of the feature ‘score text’
(see Fig. 3 (c)) following the removal of ‘priors count’. After eliminating the
feature ‘score text’, the DP value decrease significantly. This demonstrates that
FAE of fairness measure can explain why DP value decreases or not during the
feature elimination process. Apparently, the ExFS method not only makes the
selection process transparent and understandable but also helps us to analyze
the reasons for the results generated by this selection. Furthermore, it can be
observed from Fig. 3 that the feature ranking based on FAE is not constant.
Hence, depending on the ML model used and other hyperparameter settings,
the ranking of features that lead to model unfairness may vary. As mentioned
in Section 2.3, the existing filter-based methods are limited to analyzing the
relationship between features in the dataset and are unable to observe or adapt to
such changes. Fortunately, the proposed ExFS method can improve the fairness
of the model by gaining insight into the features that cause unfairness in the
model through FAE and removing the corresponding features purposefully.

Lastly, we conduct a comprehensive comparison between the ExFS method
and all the compared methods on DP, EOp, and EOd metrics, respectively, and
the results are listed in Tab. 1. Specifically, for FS-MI and FS-PCC methods,
we trained the models and gradually removed the feature with the largest score
with sensitive attribute calculated by MI or PCC, and report the corresponding
results of the models with the best DP, EOp and EOd metrics obtained in this
process, respectively. For FS-GA, FS-NSGA-II, and ExFS methods, we optimize
or attribute DP, EOp, and EOd metrics, respectively. Based on the results pre-
sented in Tab. 1, it can be observed that our ExFS approach generally performs
better (achieves smaller fairness measurement values) than the two filter-based
methods (FS-MI and FS-PCC) on three fairness measurements. At the same
time, ExFS achieves comparable results to the two wrapper-based approaches
(FS-GA and FS-NSGA-II).

In summary, it can be concluded that our ExFS method generally outper-
forms the compared filter-based methods in terms of fairness enhancement, and
achieves comparable results to the wrapper-based methods. But the wrapper-
based methods are somewhat brute-force and black-box approaches. While our
ExFs method is transparent and able to provide explanations for the rationale
behind removing certain features to achieve fairness enhancement. Furthermore,
our method is computationally efficient, which involves a lower computational
cost compared to the wrapper-based methods. Since a wrapper-based approach
usually requires to evaluate a large number of feature subsets by training a model
on each feature subset, while our ExFS method only needs to retrain the model
after each feature elimination.
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Table 1. The comparison results of all investigated fairness-aware feature selection
approaches to enhance different fairness measurements. The number in bold face means
the corresponding method achieves the best fairness result.

Dataset Model Method
Fairness Measurement

DP EOp EOd

Adult

LR

FS-MI 0.010 ± 0.011 0.012 ± 0.011 0.015 ± 0.008
FS-PCC 0.020 ± 0.004 0.015 ± 0.013 0.017 ± 0.014
FS-GA 0.000 ± 0.000 0.000 ± 0.000 0.021 ± 0.012
FS-NSGA-II 0.000 ± 0.000 0.000 ± 0.000 0.000 ± 0.000
ExFS 0.000 ± 0.000 0.000 ± 0.000 0.000 ± 0.000

RF

FS-MI 0.018 ± 0.007 0.019 ± 0.016 0.024 ± 0.019
FS-PCC 0.021 ± 0.003 0.014 ± 0.011 0.019 ± 0.008
FS-GA 0.000 ± 0.000 0.054 ± 0.021 0.022 ± 0.016
FS-NSGA-II 0.000 ± 0.000 0.121 ± 0.027 0.000 ± 0.000
ExFS 0.008 ± 0.003 0.012 ± 0.008 0.017 ± 0.007

MLP

FS-MI 0.019 ± 0.008 0.022 ± 0.015 0.021 ± 0.013
FS-PCC 0.020 ± 0.005 0.016 ± 0.009 0.020 ± 0.010
FS-GA 0.000 ± 0.000 0.000 ± 0.000 0.022 ± 0.013
FS-NSGA-II 0.000 ± 0.000 0.111 ± 0.221 0.023 ± 0.011
ExFS 0.000 ± 0.000 0.000 ± 0.000 0.000 ± 0.000

Dutch

LR

FS-MI 0.011 ± 0.019 0.001 ± 0.002 0.001 ± 0.003
FS-PCC 0.001 ± 0.001 0.006 ± 0.004 0.009 ± 0.004
FS-GA 0.003 ± 0.001 0.000 ± 0.000 0.000 ± 0.000
FS-NSGA-II 0.000 ± 0.000 0.010 ± 0.014 0.000 ± 0.000
ExFS 0.001 ± 0.002 0.002 ± 0.005 0.011 ± 0.005

RF

FS-MI 0.015 ± 0.015 0.023 ± 0.024 0.043 ± 0.032
FS-PCC 0.001 ± 0.001 0.008 ± 0.004 0.009 ± 0..004
FS-GA 0.000 ± 0.000 0.000 ± 0.000 0.001 ± 0.001
FS-NSGA-II 0.000 ± 0.000 0.000 ± 0.000 0.000 ± 0.000
ExFS 0.001 ± 0.001 0.002 ± 0.004 0.010 ± 0.004

MLP

FS-MI 0.002 ± 0.004 0.018 ± 0.025 0.039 ± 0.028
FS-PCC 0.001 ± 0.001 0.003 ± 0.003 0.004 ± 0.006
FS-GA 0.001 ± 0.002 0.025 ± 0.034 0.046 ± 0.025
FS-NSGA-II 0.001 ± 0.002 0.045 ± 0.017 0.044 ± 0.026
ExFS 0.001 ± 0.001 0.003 ± 0.004 0.005 ± 0.005

Compas

LR

FS-MI 0.058 ± 0.047 0.044 ± 0.051 0.104 ± 0.075
FS-PCC 0.038 ± 0.049 0.038 ± 0.029 0.063 ± 0.055
FS-GA 0.000 ± 0.000 0.030 ± 0.042 0.000 ± 0.000
FS-NSGA-II 0.000 ± 0.000 0.053 ± 0.033 0.070 ± 0.087
ExFS 0.033 ± 0.047 0.018 ± 0.037 0.018 ± 0.045

RF

FS-MI 0.053 ± 0.043 0.053 ± 0.038 0.082 ± 0.085
FS-PCC 0.084 ± 0.014 0.102 ± 0.028 0.153 ± 0.030
FS-GA 0.005 ± 0.013 0.077 ± 0.023 0.023 ± 0.042
FS-NSGA-II 0.014 ± 0.029 0.074 ± 0.037 0.055 ± 0.064
ExFS 0.028 ± 0.036 0.047 ± 0.046 0.074 ± 0.066

MLP

FS-MI 0.032 ± 0.044 0.035 ± 0.039 0.090 ± 0.083
FS-PCC 0.098 ± 0.022 0.093 ± 0.017 0.159 ± 0.042
FS-GA 0.005 ± 0.017 0.020 ± 0.035 0.048 ± 0.061
FS-NSGA-II 0.029 ± 0.029 0.056 ± 0.035 0.024 ± 0.040
ExFS 0.036 ± 0.041 0.036 ± 0.044 0.062 ± 0.082
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5 Conclusion

In this paper, we proposed an explainable feature selection (ExFS) approach that
is capable of explaining and mitigating unfairness in ML models. The results of
our experiments demonstrate the effectiveness of our approach in improving the
fairness of ML models. Our proposed ExFS method is transparent and is able
to provide explanations for the rationale of why removing some features can
lead to fairness enhancement. Furthermore, ExFS is computationally efficient,
which requires a lower computational cost compared to wrapper-based methods.
The ExFS method fills the gap of the lack of explainability in the investigated
fairness-aware feature selection approaches. But, it should be noted that there are
still challenges and limitations to the trade-off between fairness and performance
of the ML models. In future work, we will focus on how to achieve a trade-off
between performance and fairness based on the explanations of the predictions
and the fairness measures.
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