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Abstract

Machine learning systems are increasingly being used in critical
decision-making, such as healthcare, finance, and criminal jus-
tice. Concerns around system fairness have resulted in several
mitigation techniques that emphasize the need for high-quality
data to ensure fairer decisions. However, the role of earlier stages
in machine learning pipelines in addressing model unfairness
remains underexplored. We focus on the task of selective data
expansion— carefully selecting additional data points from a data
pool to add to the training data— to rapidly improve the fairness
of a model learned on the modified data while also preserving
model accuracy. Since not all points in the pool are equally bene-
ficial, we propose DATASIFT, a data expansion framework that
combines data valuation with multi-armed bandits to identify the
most valuable data points for including into training data. Unlike
prior methods that mitigate unfairness through data transfor-
mation or post-/in-processing, DATASIFT addresses the problem
directly by selecting the right data. Over successive iterations,
DATASIFT selects a partition, samples a batch of points lever-
aging influence functions, evaluates their impact, and updates
partition utilities accordingly. Empirical evaluation of DATASIFT
on multiple real-world and synthetic datasets shows that model
unfairness is mostly resolved by including as few as 4% of addi-
tional data with at most 2.6% reduction (and as much as 27.4%
increase) in accuracy.
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1 Introduction

With the increasingly widespread use of machine learning (ML)
in consequential decision-making domains, such as criminal jus-
tice, healthcare, and housing, there is an ever-growing need to
ensure that ML-based systems do not have adverse implications
on society. Designed carefully, these systems can potentially
eliminate the unwanted aspects of human decision-making (e.g.,
biased decisions). However, irresponsible uses of artificial in-
telligence (AI) can lead to and reinforce systemic biases, dis-
crimination and other abuses often reflected in the underlying
training data [2, 10, 30]. A number of fairness metrics have been
introduced over the past decade to quantify the discrimination
exhibited by the ML-based systems [41, 61]. Simultaneously, the
need to debias these systems has given rise to several bias miti-
gation techniques (see [14, 41] for recent surveys on fairness and
bias in machine learning).

The focus on data-centric Al has spotlighted the importance of
data quality in improving machine learning performance [51, 65—
67]. In a recent survey, data science practitioners have reported
feeling the most control over their data during earlier stages
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in the data science pipeline such as data collection and cura-
tion [32]. Several recent works have particularly recognized the
significance of augmenting the training data from accessible
data sources, termed as data expansion, for improving machine
learning model performance [21, 39]. Data expansion differs
from the task of data acquisition which focuses on identify-
ing additional data that should be acquired from existing/new
sources [15, 37, 38, 59]. Most of the existing works on data acqui-
sition to enhance machine learning models focus on traditional
performance metrics (e.g., model accuracy, loss) [15, 37, 59] or
model confidence [38]. Each of these solutions is tailored to the
specific performance metric (e.g., distance-based clustering for
accuracy, sampling by decision boundary distance for confidence,
power-law region [42] observing for loss) and is therefore not
directly applicable to the equally important metric of model fair-
ness where recent research has highlighted the importance of
different stages of data science pipelines in combating fairness
violations [8, 9].

The following example illustrates the need for adding useful
additional data to mitigate unfairness in model decisions.

Example 1.1. Consider an organization that deploys an auto-
mated algorithm to predict whether an individual qualifies as
high income—a critical step for determining eligibility for so-
cial benefits reserved for higher-income groups. Although the
model demonstrates high predictive accuracy on historical data,
it systematically underestimates the likelihood of high income
for female applicants, despite qualifications comparable to those
of male applicants. This results in a documented demographic
disparity of nearly 17% in outcomes [41], raising serious con-
cerns about fairness and equity in resource allocation. To address
these inequities, a data scientist working in the organization con-
siders expanding the training set with additional samples from
the AdultIncome dataset [24] (see Table 2 and Section 4.1.1 for
more details) with the same schema. However, the pool itself is
demographically skewed: women are underrepresented overall,
and especially so in the high-income category. As shown in Fig-
ure 1, simply adding the entire data pool perpetuates the same
disparity. This behavior persists when the initial training dataset
is expanded with 20% of data chosen randomly from the data
pool. With an equal selection of data from the two demographic
groups (Uniform), we observe a modest improvement in fairness
but at the cost of accuracy. However, an even deliberate selec-
tion of data that enforces demographic balance in the training
set (Waterfilling) results in a 65% improvement in fairness (but
causes a sharp 6% decline in accuracy). These results highlight
the inherent trade-off between fairness and accuracy, and the
importance of selective data expansion that preserves both. (In-
deed, Figure 3a shows that through strategic reordering of data
selection, DATASIFT achieves substantial fairness improvements
over the baselines while preserving accuracy, using only 8% of
the data pool. Further details are provided in Section 4).

Disparate representation rates of demographic groups in train-
ing data are a primary source of fairness violations [3, 44, 53, 54].
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Figure 1: Impact of different data selection strategies on
model fairness (statistical parity) and classification accu-
racy. Lower magnitude of fairness indicates a less biased
and more equitable model overall.

As described in Example 1.1, while ensuring equal representation
of demographic groups can partially improve fairness, it often
comes at the expense of accuracy. This paper, therefore, addresses
a central question: which additional data points must be added
to the training data to improve fairness while simultaneously
preserving the accuracy of the resulting model?

Given a data pool D, our goal is to add a subset of points that
maximally improves fairness while preserving accuracy. This can
be cast as a subset selection problem, which is NP-hard in gen-
eral [20]. We focus on determining the best subset that has up to
K data points (typically, K < |D|). However, not all such subsets
improve fairness, and identifying the best one requires evalu-
ating (lfl) possibilities (k € [1, K]). This exhaustive search is
prohibitively expensive due to the exponential number of subsets
and the retraining cost per evaluation (O(|D|X x Tr), where Tr
is the cost of retraining). An alternative solution constructs the
subset by sequentially adding up to K best data points rather than
finding the best subset. The naive approach requires evaluating
each data point in the data pool individually and selecting the
top-K most valuable data points with an O(|D| x Tr) complexity.
To reduce the number of times the model is retrained, data are of-
ten evaluated in batches rather than one at a time. The challenge
then is to construct batches such that we do not unnecessarily
evaluate data points that do not improve fairness at all.

We propose DATASIFT, a framework that integrates data val-
uation with multi-armed bandits (MAB) [62], a special case of
reinforcement learning [58], to efficiently evaluate the utility of
data points based on their joint impact on model fairness and
accuracy when incorporated into training. DATASIFT reduces the
search space by systematically partitioning the data pool into
smaller subsets and determining the order of incorporating into
training data through a principled balance between exploring
new partitions and exploiting influential data points within the
selected partition. Partitioning can be performed automatically
(e.g., clustering) or guided by domain knowledge (e.g., stratifica-
tion by state, demographics, or timeframes). Related to our work,
AutoData [15] proposed an MAB-based technique to selectively
acquire data from heterogeneous data sources to enhance the
accuracy of a learned model, but has limitations: (a) its reward
formulation is explicitly accuracy-centric and does not account
for the inherent trade-off between fairness and utility, making
its direct application to fairness-aware data acquisition difficult;
(b) within each partition, it acquires random batches, which limits
systematic exploration of beneficial data points; and (c) it retrains
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a model to evaluate each such batch, rendering it inefficient for
large datasets and complex models.

To address these limitations, DATASIFT employs an upper con-
fidence bound (UCB) [5] strategy guided by a reward score that
jointly accounts for both accuracy and fairness when selecting a
partition for expansion. Within a selected partition, DATASIFT fur-
ther leverages data valuation to prioritize candidate data points
based on their estimated impact on model fairness, and selects the
top-k points for acquisition. To ensure computational efficiency,
we employ influence functions [17, 35] to approximate the impact
of including individual data points on fairness metrics, thereby
avoiding repeated full model retraining for each candidate batch.

Summary of contributions. Our main contributions can be

summarized as follows:

o We formalize the problem of selective data expansion for
improving the fairness of an ML model in classification tasks.
(Section 2)

o We present DATASIFT, a system that casts the task of selective
data expansion for model fairness as a multi-armed bandit
(MAB) problem and solves it using the upper confidence bound
(UCB) algorithm based on a novel reward score that addresses
both model fairness and accuracy. (Section 3.1)

e To carefully construct a batch for addition, DATASIFT incorpo-
rates the concept of data valuation and leverages influence
functions to estimate the importance of data points toward
model fairness, which in turn speeds up DATASIFT. (Section 3.3)

e We conduct extensive experiments on six real-world datasets
to demonstrate the effectiveness of DATASIFT in rapidly im-
proving model fairness while preserving accuracy and present
trade-offs between effectiveness and efficiency of the proposed
methods. (Section 4)

2 Preliminaries

This section formally defines the terminology and problems we
addressed in this paper.

Classification. We consider a binary supervised learning task
defined on data domain T = {X, Y}, where X denotes the fea-
ture space over p features and Y = {0, 1} denotes the binary
label space. Suppose there is a conditional distribution p(y | x)
defined over T, where x € X,y € Y. Given training dataset
Dirain = {di}?, = {xi,y;}!., € T, the learning task is to train
a classifier M that represents a distribution g that captures the
target distribution p as closely as possible. M learns a function
f: X — Y that associates each data point x with a prediction
7 = f(x) € {0, 1}, and is evaluated on D;.; € I'. Learning algo-
rithm f trains on Dyyqip, to learn the optimal parameters 6* € R?
that minimize the empirical loss £ (Dypgin, 0) = 2 37, L(d;, ).

n
Algorithmic group fairness. Given a binary classifier M :
X — Y and a protected attribute S € X (such as gender, race,
age, etc.), we interpret ¥ = 1 as a favorable (positive) prediction
and Y = 0 as an unfavorable (negative) prediction. We assume the
domain of S, Dom(S) = {0, 1} where S = 1 indicates a privileged
and S = 0 indicates a protected group (e.g., males and non-males,
respectively). We select the widely popular setting of binary
classification with binary protected attributes; however, solutions
presented in this paper are easily extensible to settings for multi-
class classification and intersectional fairness. Algorithmic group
fairness mandates that individuals belonging to different groups
must be treated similarly. The notion of similarity in treatment
is captured by different associative notions of fairness such as
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Figure 2: Overview of DATASIFT for selective data expansion aimed at improving model fairness. The blue dashed box high-
lights DATASIFT with a reinforcement learning-based multi-armed bandit (MAB) framework for selective data expansion,
while the red dashed component incorporates data valuation to prioritize informative and fairness-enhancing samples.

statistical parity (a.k.a. demographic parity), predictive parity,
and equalized odds [16, 41, 61]. For example, for the widely-
used group fairness metric of statistical parity, model M satisfies
statistical parity if both the protected and the privileged groups
have the same probability of being predicted the positive outcome
ie,P(Y =11S=0)=P(Y = 1S =1). Although these commonly
used metrics are tailored to binary classification, DATASIFT is not
inherently tied to binary classification; instead, it relies on a data
valuation signal and an acquisition policy that are agnostic to the
label structure. Extending DATASIFT to multi-class or multi-label
classification primarily requires redefining the fairness objective
for a multi-label setting, for example, by aggregating class-wise
fairness violations or applying one-vs-rest formulations. As such,
the framework naturally generalizes to more complex prediction
settings beyond binary classification, which is orthogonal to
DATASIFT’s mechanism. We define the chosen fairness metric
by ¥ and quantify fairness in the predictions over D;.s; by a
model trained on D by #p. For example, for statistical parity,
Fo=P(Y =1S=0)-P(Y =1|S=1) quantifies the difference
in the probabilities of protected and privileged groups having
a positive outcome. If 7p < 0, the model is biased against the
protected group while #p > 0 indicates the model is biased
against the privileged group. A higher value of |p| indicates
lower fairness (greater disparity) in the model’s predictions.

Data Pool. In our framework, data pool D denotes an auxiliary
collection of candidate examples that are available for potential
acquisition but are not included in the initial training set. The
pool may be constructed from multiple heterogeneous sources or
from a single homogeneous source; in this work, we focus on the
latter setting, where D is derived from a single source and thus
homogeneous. In practice, such pools naturally arise from histor-
ical archives, held-out operational data, or newly arriving data in
operational pipelines. Additionally, for tabular learning tasks, D
can be formed through externally discovered relational datasets
obtained from data lakes or Web APIs that expose tables with
partial attribute overlap with the training data [26, 45, 46]. These
datasets may require lightweight schema alignment, with miss-
ing attributes handled using standard techniques such as NULL
imputation. For vision tasks, the pool can be formed from publicly
available benchmarks or images retrieved through Web-based
search APIs using task-relevant labels. The choice and compo-
sition of the data pool directly influence the expansion process,
as they determine which examples are evaluated and selected. A
diverse pool increases the likelihood of identifying points that
improve utility or mitigate fairness gaps, while a skewed or lim-
ited pool may restrict attainable gains. Importantly, our method
does not assume that the pool follows the same distribution as
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the training data and remains effective under distributional shifts,
as demonstrated in Section 4.4. The acquisition strategy relies on
the observed contribution of candidate subsets rather than global
distributional alignment. Finally, we assume a uniform cost for
incorporating any point from the pool, consistent with scenarios
where the pool has already been acquired.

Problem Definition. Given a model trained on Dy, gy, fair-
ness metric ¥, and data pool D, we address the problem of
determining additional data points D¢y, C O that must be
added to Dy,q4in such that the model learned on Dyrgin U Dexp
is fairer than the original model learned on Dy, alone (i.e.,
|ﬁ)trainUDexp| < |%train |)

3 Data Expansion Framework

In this section, we introduce DATASIFT, a framework for acquir-
ing data points that enhance the fairness of a learned model.
Section 3.2 formulates the task as a multi-armed bandit (MAB)
problem, which identifies the partition with the highest potential
for fairness improvement but not the specific points to select.
To address this, Section 3.3 introduces a data valuation-based
batch selection strategy for targeted acquisition. By integrat-
ing these components, DATASIFT jointly improves fairness and
overall model performance.

3.1 Multi-Armed Bandit (MAB) framework

The Multi-Armed Bandit (MAB) [62] maps a framework for se-
quential decision-making under uncertainty. This problem can be
framed by the metaphor of a gambler (or ‘Agent’) choosing which
of several slot machines (or ‘Arms’) to play in each attempt to
maximize the total prize over a series of trials. Considering that
gamblers have some knowledge about each slot machine from
initial trials, they are faced with the question of which machine
to select next. The multi-armed bandit framework is ideal for
solving this dilemma. MAB can formally be defined as: at each
state t, the agent selects an arm i from a set of K available arms
and receives a reward r; from a distribution associated with that
arm, which is generally unknown to the agent. MAB aims to
determine which arm to pull next to maximize the cumulative
reward R after T rounds, guided by the principle of balancing
exploration and exploitation.

Exploration involves choosing unexplored options to gather
new information about their potential rewards. By exploring, the
agent reduces uncertainty about less-known arms, potentially
uncovering actions that provide higher rewards than initially ex-
pected. On the other hand, exploitation involves selecting the ac-
tion that currently offers the highest reward based on the agent’s
existing knowledge. While exploitation maximizes short-term
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gains by considering known information, it may lead to subopti-
mal long-term outcomes if the agent overlooks better options that
have not been sufficiently explored. At the same time, excessive
exploration may waste resources on testing suboptimal actions,
thus missing opportunities for immediate reward maximization.
Thus, the agent must balance between exploring and exploit-
ing to maximize cumulative rewards eventually. To find a trade-
off between exploration and exploitation, making optimal short-
term decisions based on available information is crucial to solving
this dilemma. This trade-off is central to various algorithms, such
as Thompson sampling [1], e-greedy[36], and Upper Confidence
Bound (UCB) [5] designed to maximize the agent’s long-term
performance. Due to its computational flexibility, we adopt the
UCB algorithm for our problem, while noting that alternative al-
gorithms could also be applied to DATASIFT. Similar to other base
algorithms for MAB, the UCB algorithm does not always yield
exact optimal results, but its performance is near-optimal [11].
Next, we will map the problem of data expansion for improving
model fairness to the MAB framework and discuss our approach.

3.2 Mapping data expansion for fairness to
Multi-Armed Bandit (MAB)

To cast the data expansion problem to the MAB framework,
we first split the data pool into several disjoint partitions, i.e.,
D = U‘Ll C; where g is the number of partitions. These par-
titions could be obtained by clustering D using existing clus-
tering algorithms such as multivariate Gaussian Mixture Model
(GMM) [27], k-means [33], hierarchical [43], and DBSCAN [25]
or partitioning the data pool based on some criterion or by con-
sidering the data pool as a collection of data sources. Partitioning
the data pool offers two advantages: i) ensures systematic ex-
ploration of overlooked data composition critical for fairness,
ii) and it reduces computational complexity by restricting selec-
tion to smaller, structured subsets rather than the entire data
pool. However, each partition C; is then treated as an arm in the
multi-armed bandit (MAB) framework. In the k-th iteration, the
algorithm selects a partition Cy and samples a batch from Cy. for
evaluation. We will discuss the batch selection process in more
detail in Section 3.3. Subsequently, the selected batch is merged
with the current training dataset, and the fairness of the resultant
model trained on the updated training dataset is reported. The
change in the model fairness before and after adding the batch
determines whether the batch should be retained or discarded
and whether the selected partition is rewarded or penalized. The
reward/penalty score is utilized to select the subsequent parti-
tion to evaluate more data points. The blue-box part in Figure
2 illustrates the data expansion task, framed as a multi-armed
bandit problem.

Reward/Penalty score. The algorithm scores the chosen parti-
tion according to the change in model fairness after merging the
batch with existing training data. The reward for partition C; at
iteration k is defined as r¥. If fairness improves, the partition is
rewarded, otherwise penalized. However, in addition to allocat-
ing reward/penalty scores to the chosen partition, the full feed-
back [57] MAB algorithm also assigns a portion of scores to other
partitions that could have been selected. This approach efficiently
accelerates the process by reducing the number of evaluations.
Several studies on MAB-based data expansion for improving
model performance [15, 63] consider the distance between parti-
tions when assigning rewards or penalties to other partitions. The
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intuition behind this scoring is based on the assumption that par-
titions that are closer to the selected partition have a higher likeli-
hood of getting selected and, hence, should be rewarded similarly.
This assumption holds for performance metrics such as accuracy
and confidence because closer partition centroids indicate that
the partition shares similar characteristics. However, this setting
might not hold for model fairness because partitions that are close
might have extremely different compositions over sensitive at-
tributes and, therefore, might impact fairness differently. In other
words, the base rate difference of the partition plays a significant
role in fairness. Recall that the base rate difference for dataset D
is defined as: ABRp =P(Y=1|S=0)-P(Y=1|S=1).In
the context of fairness, the selection of a partition indicates an
improvement in model fairness as a result of inherent lower base
rate difference among the different demographic groups in the
partition. Consequently, other partitions with similar base rates
should be rewarded higher than those with worse base rates. In
fact, we show that incorporating intra-partition base rate differ-
ences among the different demographic groups is much more
effective in the proper distribution of the reward among parti-
tions, resulting in significantly improved fairness (see Section 4.4
for more details).

Focusing solely on the base rate difference, however, can de-
grade the overall accuracy of the learned model. We, therefore,
propose a novel reward score that caters to both fairness and
accuracy with a balance parameter to split the reward scores
among the different partitions. When partition C; is evaluated,
the reward score for each partition C; is computed as follows:

AF + B Aacc
r: =
77 1+|ABRg;]| 1+ dist(C;, Cj)

@

where AT = Foe st ub = ok,
fairness after adding batch b; to training data up to k—1 iterations
denoted by D’t‘r_alm, while Aacc stands for accuracy change. The
parameter f is used to balance the contributions of fairness and
accuracy in the reward scores. Additionally, ABRc; indicates
the intra-partition base rate difference in C; and dist(C;, C;) is
the normalized Euclidean distance between the two partitions
computed over the partition centroids. A positive value in r;

incurs a reward, while a negative value incurs a penalty.

denotes the change in model

Aggregated reward/penalty score. The multi-armed bandit
approach aggregates the prior reward and penalty information
up to k iterations to make an informed decision in the next
iteration. Let Rf represent the aggregate score of partition C; from

iteration 1 to k, defined as: Rl’F = nLk Zk rl! , where r{ represents
i

j=1
the reward score of C; at the j-th iteration, and nf.‘ denotes the
number of times C; is selected and rewarded a positive score up
to the k-th iteration.

Upper Confidence Bound (UCB). The UCB algorithm is de-
signed to adaptively adjust the trade-off between exploration
and exploitation over time [4, 5], which is achieved by incorpo-
rating a measure of uncertainty or confidence in the estimated
rewards of each arm. This measure is used to guide the decision-
making process, allowing the algorithm to explore arms with
potentially high but uncertain rewards while also exploiting arms
with known high rewards. Due to its deterministic nature, it has
been widely used in the field of MAB, Reinforcement Learning,
and Recommendation Systems [4, 13, 28, 48]. We determine the
UCB score for partition i in the k-th iteration as:
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where « is a pre-defined parameter that maintains the balance
between exploration and exploitation, and n* = >y, né‘ for the
total number of partitions g. The first term in Equation 2 rep-
resents exploitation, while the latter pertains to exploration. A
partition with a higher reward will have a higher exploitation
score, whereas one selected less frequently will have a higher
exploration score.

3.2.1 Role of Batch Selection. MAB plays a central role in iden-
tifying the partition with the highest expected reward. Once a
partition is selected, however, sampling a batch from it is non-
trivial: while the partition may be promising overall, not every
randomly chosen subset will improve model performance. Au-
toData [15] adopts a random batch selection strategy, but over
time, this approach performs no better than naive random acqui-
sition from the entire pool—even when combined with MAB (see
results in Figure 3).

To facilitate more effective batches, the following section in-
troduces a data valuation approach for enhanced batch selection.

3.3 Valuation-based Batch Selection

To carefully construct a batch to merge from a chosen partition,
we leverage the idea of data valuation, which has been success-
fully used in explainable AI [29, 35] to quantify the contribution
of training data points toward the performance of the learned
model. Due to their effectiveness in accurately estimating the
contribution of data points and faster online computation time,
we use first-order influence functions [17, 35] to approximate
the importance of training data points toward model fairness.
Based on the computations, we construct the batch to include
the chosen partition.

3.3.1 Influence functions. Recall from Section 2 that 6" is the set
of optimal parameters that minimize the empirical risk, i.e.,

(3)

n
0" = argmin £(0) = argmin ! ZL (d;, 0)
0e® ge® N

To incorporate influence functions, we assume that the empir-
ical risk function £(0) is twice-differentiable and strictly convex.
Under these conditions, we can guarantee the Hessian matrix
Hp exists and is positive definite, and therefore, its inverse 7'{9’ 1
also exists. These assumptions are applicable to a wide range
of classification algorithms such as logistic regression, support
vector machines, and feed-forward neural networks.

Let VoL£(0) and Hp = V2L(0) = % X7, V5L (d;, 0) be the
gradient and the Hessian of the loss function, respectively. The
influence of up-weighting a data point d € Dy4in by € on the
model parameters is computed as:

do: ;

Io(d) = =< ==-ViL(0) 'VoL (d,6%) = —H; ' VoL (d, 6%)
€=0

4)

To add a data point d to training data, we up-weight it by
€= i Therefore, the influence of d on model parameters can be
linearly approximated by computing d6; ~ %Ig(d).

Using the chain rule of differentiation, we can estimate the
effect of up-weighting data point d on any function f(6) as:
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df (6)
de

df (6¢) 4 (6¢) T

= =V *
0 e of (07) Zo(d)
Q)
When f = ¥, we obtain the first-order influence of a single
training data point d on model fairness by approximating df." ~

177(d).

7;(d) =

e=0 €e=0

3.3.2  Batch construction. Given a data point d € Dyy4ip, the in-
fluence function approximation in Equation 5 estimates the effect
of up-weighting d on model fairness. To generalize this notion
to the unlabeled data pool D, we first compute first-order influ-
ence estimates on Dy,4;, and train a polynomial Ridge regression
model to approximate the fairness influence as a function of data
features. The regressor is trained using features from Diy,in, with
targets given by the estimated fairness influence obtained via in-
fluence functions. The learned regression model R is then applied
to unseen data points in each partition C; € D to predict their
expected fairness influence on the current model M. Data points
within each partition are subsequently ranked in descending or-
der of predicted influence, as formalized in SortPartitions(). At
each iteration, a batch b is constructed by selecting the top-K
data points with the highest predicted influence on fairness.

Function SortPartitions(C = {Cy, ..., C4}, Dirain, M):
I « GET_INFLUENCE(Dyqin, M) as in Eq. 5
Drain < {(x, Y, I(x)) : (X, y) € Dtrain}
R « TrainRegressor(Dy,qin)
fori < 1togdo
for x € C; do

L () = R)
Sorted_Cli] « Sort(C,»; I(x) desc.)

return Sorted C

Note that a batch b € D constructed in the above manner
does not explicitly account for the inherent correlations between
data points in b. As such, the estimated influence of the batch
computed simply by adding the first-order influences of individ-
ual data points might not be exact, i.e., Fpup is not necessarily
equal to Fp + ‘%l ldep L7 (d). Therefore, the selected batch is not
guaranteed to be optimal. Identifying the optimal batch within a
selected partition can be formulated as a subset selection problem,
which is NP-hard [20]. In practice, however, employing influence
function approximations as a heuristic for batch construction has
been shown to yield near-optimal performance (see Section 4.3).

3.4 DataSift Framework

In this section, we present DATASIFT, a data expansion frame-
work designed to enhance model performance. Figure 2 provides
an overview. At a high level, given a biased model trained on
an initial dataset and an available data pool, DATASIFT first sys-
tematically partitions the pool into smaller subsets to reduce the
search space. It then employs a multi-armed bandit (MAB) strat-
egy to identify the partition with the highest potential reward
(blue-dashed box in Figure 2). In each round, DATASIFT applies
data valuation to extract the top-K influential data points to form
a batch from the selected partition (red-dashed part in Figure 2).
The model is retrained with the newly acquired batch and re-
evaluated. Based on the observed performance, DATASIFT decides
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Algorithm 1: DATASIFT Framework
InPUt C= {Cl, cees Cg}s Dirains Dyest: M, 7, K, B
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17 B update R;‘, ni?, U}‘;

3 return D,

-

whether to retain the batch—updating the training data—or dis-
card it. This process iterates until the stopping criteria are met,
ultimately yielding a fair model trained on the updated data.

Early stopping criteria. The Algorithm 1 is designed to acquire
data points from the available pool in order to maximize improve-
ments in model fairness. In practice, however, we observe that
the model often achieves near-fairness (i.e., a parity difference
close to zero) after incorporating only a fraction of the pool. Con-
tinuing to evaluate and add further data in such cases leads to
unnecessary computational overhead. Moreover, if the entire
pool were added, all methods would eventually converge to the
same performance, obscuring the benefit of selective expansion.
To address this, we define an expansion budget, B, representing
a fraction of the data pool, and introduce a fairness threshold,
7, which serves as an early stopping criterion in Algorithm 1.
The expansion process is halted and the data points added so
far are returned if: (a) model fairness is within threshold 7, or
(b) expansion budget B is exhausted.

Algorithm 1 provides the pseudocode of DATASIFT, which is
designed to enhance fairness without degrading accuracy. The
algorithm takes as input the set of partitions, training and test
data, the base model, the fairness threshold 7, the batch size K, and
the expansion budget B, and outputs the acquired subset of data
points. Lines 1-3: The procedure begins with the initialization of
key variables and parameters. Lines 4-17: The main loop iterates
until either the specified fairness threshold is reached or the
expansion budget is exhausted. Lines 6—8: In each iteration, the
partition with the maximum UCB score is selected, from which
a batch of size K with the highest predicted influence values is
sampled and subsequently evaluated. Lines 9-14: The sampled
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batch is incorporated into the training data only if it leads to
an improvement in fairness relative to all previous iterations,
after which the training set and the corresponding partition are
updated. Lines 15-17: The algorithm then updates the reward
and penalty values for each partition, along with the aggregated
and UCB scores. Finally, the updated training set is returned.

Algorithm 1 has a computational complexity of O(I x (|C| +
E + t)) where I denotes the number of required evaluations
(iterations), |C| is the maximum partition size, E is the evaluation
complexity for each batch, and ¢ refers to the complexity of score
calculation. The maximum number of evaluations, I, is bounded
byl = A+R < % where A and R represent the number of
accepted and rejected batches, respectively, N is the size of the
data pool, and K is the batch size. Moreover, A < % where B is
the expansion budget .

Note that the classical formulation of influence functions to
compute the valuation of data points limits the applicability
of the approach to parametric models with convex and twice-
differentiable loss functions. While DATASIFT is instantiated us-
ing parametric models with convex, differentiable losses to enable
efficient influence estimation, this assumption is not fundamental
to the framework. The key requirement is the relative ranking
of data utility, which is all DATASIFT requires for acquisition
decision. In practice, influence-based estimates can be extended
beyond this setting using standard approximations such as local
second-order smoothing, damped Hessian inverses, or surrogate
losses, which preserve relative data utility rankings [35]. Besides,
prior work on data valuation has shown that Data Shapley ap-
proximations [29] can provide model-agnostic utility estimation,
albeit at a higher computational cost. Thus, the parametric setting
adopted in this work represents a practical and efficient instantia-
tion of DATASIFT rather than a strict limitation. We also evaluate
a model-agnostic variant of DATASIFT in Section 4, denoted as
DATASIFT_M, which omits data valuation during expansion and
instead relies on random batch sampling.

Table 1 presents an example illustrating the first five iterations
out of 25 for the decision-making process of DATASIFT on a small
data pool (|D| = 50) from the ACSIncome dataset [23]. The pool
was partitioned into an optimal number of clusters, and, with a
mini-batch size of two instances, the table reports the evaluation
process. It highlights how DATASIFT selects clusters and batches
while balancing exploration and exploitation. Overall, in this
small example, DATASIFT reduced model unfairness by 60%.

4 Experimental Evaluation

This section presents experiments that evaluate the effectiveness
of DATASIFT. We seek to answer the following research questions:
RQ1: How effective is DATASIFT compared to existing methods
in selecting additional data points to improve model fairness
across different machine learning models? RQ2: What is the
benefit of incorporating MAB and data valuation in DATASIFT?
RQ3: How effective is DATASIFT with respect to the different
hyperparameters and design choices? RQ4: How efficient and
scalable are DATASIFT with respect to varying dataset sizes?

4.1 Experimental Setup

4.1.1 Datasets. We consider several real-world datasets popu-
lar in the fair machine learning literature. AdultIncome [24]
dataset used to predict whether an individual’s annual income
exceeds $50, 000 by analyzing a range of demographic and socio-
economic factors, including several sensitive attributes, such
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Table 1: Ilustrative example of cluster and batch selection decisions of DATASIFT on ACSIncome with |D| =50 and batch
size 2. A¥ is the round-wise fairness change after adding a batch; U is the UCB score. Dark green indicates improved
fairness after adding the selected batch; red indicates a decline. The bold U value indicates the cluster selected next.

C1 C2 C3
Evaluation AF U, AF U, AF Us; AF U, Decision
1 -0.0118 ] -0.0118 -0.0073 -0.0068 -0.0050  A¥ |-Discard batch, Next Cluster — C4
2 0.0393 0.0382 0.0373 0.0366 T 0.0991 AF T-Retain batch, Next Cluster — C4
3 0.0595 0.0537 0.0510 0.0043 T 0.0976 AF T-Retain batch, Next Cluster — C4
4 0.0800 0.0712 0.0673  0.0110 T 0.0800 AF T-Retain batch, Next Cluster — C1
5 0.0050 T 0.1257 0.1871 0.1819 0.0999 AF T-Retain batch, Next Cluster — C2

as age, sex, and race. Credit [18] dataset used to forecast the
likelihood of delaying credit payments using financial and de-
mographic history. American Community Survey (ACS)-based
datasets [23] that provide a suite of datasets (including ACSIn-
come, ACSPublicHealth, ACSMobility, and ACSEmploy-
ment) for predicting different outcomes such as income level,
public health status, mobility information, and employment sta-
tus. The ACS datasets are highly skewed toward California (CA)
state. Unless otherwise specified, our analysis primarily focuses
on evaluating CA data for the year 2018. Table 2 summarizes the
datasets, all of which exhibit demographic imbalance. Such imbal-
ance is common in real-world applications and creates inherent
challenges for fair model training, making them well-suited for
evaluating our proposed approach.

4.1.2 Competing methods. We compared our proposed approach
with several algorithms suited for data expansion:

Random. This naive baseline method randomly selects a batch
from the data pool in each iteration.

Entropy. This method selects the B data points with the highest
predictive uncertainty [55]. Entropy of data point d; is calculated
as: H(d;) = — (pi log, (p;) + (1 — p;) log, (1 — p;)) where p; is the
probability that d; is predicted by the model to have a positive
outcome. A higher entropy value indicates that the model is less
confident about its prediction for the data point. In each round,
it selects the top-K data points with the highest entropy values.
AutoData [15]. This method uses the MAB framework for data
acquisition to improve model accuracy. For comparison, we trans-
form the constraint of this algorithm from accuracy to fairness.
SliceTuner [59]. This method fits per-slice loss—data curves
and solves a budget-constrained convex program that balances
accuracy and fairness by penalizing slices with above-average
losses. For comparison, we consider observing the fairness metric
and providing slices into four groups: the cross product of the
binary sensitive attribute and the binary target outcome.
DATASIFT. This method represents our proposed solution de-
scribed in Algorithm 1 that integrates the multi-armed bandit
approach with data valuation.

DATASIFT_M. This method is a variant of DATASIFT that relies
solely on the multi-armed bandit(MAB) approach, where batches
are selected at random instead of data valuation.

INF. This method focuses solely on data valuation—computes the
influence of data points in the training data using Equation 5 and
learns a regression model to estimate the influence of points in
the data pool on model fairness. Each iteration selects the top-K
data points with the calculated highest influence.

4.1.3  Fairness metrics. There are several metrics used to assess
the fairness of a trained model, including statistical parity, true
positive rate, and predictive parity [16, 41, 61]. Our algorithm
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effectively addresses any of these fairness metrics. Unless stated
otherwise, all experiments are conducted using statistical parity,
with some results reported under true positive rate parity and
predictive parity.

4.1.4 Settings. We divided the entire dataset into three parts:
Dtrain (Training), Dyesr (Test), Dy (Validation) and D (Data
pool) in the ratio of 1 : 2 : 2 : 10. All bandit decisions, fairness
checks, and stopping criteria are now computed on Dy,), while
Dest is used only once at the very end to report accuracy and fair-
ness. While test and data pool were split randomly, the training
dataset was sampled to obtain an initial biased model. We par-
tition the data pool using Gaussian Mixture Model (GMM) [27]
and find the optimal number of partitions ranges between two
and seven using the Bayesian Information Criterion (BIC) [47].
Note that DATASIFT is similarly effective to the other choice
of clustering algorithm. We demonstrate its performance with
multiple methods, including k-means [33] and DBSCAN [25],
Hierarchical-BIRCH [68]. The model was trained over D;,4;, and
evaluated on D;,s;. The expansion budget B was set to 20% of
the data pool, |B| = .2 = |D| and the batch size, |K| = 10% of the
B. The target fairness threshold 7 was set at 0.01. The trade-off
parameter between exploration and exploitation (« in Equation 2)
was set to 0.1 as [15]. The balance parameter § (in equation 1)
was heuristically fixed at 1. We considered three ML algorithms:
logistic regression, a support vector machine, a feed-forward neu-
ral network with one layer and ten nodes. We used the PyTorch
[49] or sklearn [50] implementation of these algorithms.

4.2 Effectiveness of DATASIFT

In this set of experiments, we address RQ1 by comparing the per-
formance of DATASIFT with four competing methods: Random,
Entropy, SliceTuner, and AutoData. Unless otherwise specified,
all methods are evaluated using Logistic Regression across all
datasets. Figure 3 summarizes the results, where the x-axis de-
notes the fraction of the data pool acquired and the y-axis reports
the fairness metric. Values near zero correspond to a fair model:
negative values indicate bias against the protected group, while
positive values indicate bias favoring the protected group. We
define the fairness region as |¥| < 7 = 0.01, highlighted in green,
with each marker in the figure corresponding to the acquisition
of a batch.

The baselines Random and Entropy do not incorporate fairness
considerations, instead selecting data points without leveraging
prior information. Their trajectories are therefore similar across
datasets: while adding more points yields marginal fairness im-
provements relative to the initial model—primarily because of
the addition of new data points— they consistently fail to meet
the fairness threshold.
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Table 2: Summary of datasets.

Dataset Adult Income Credit ACSPublicHealth ACSMobility ACSEmployment ACSIncome
Size 45,222 150,000 138,554 80,329 378,817 250, 847
No. of features 8 10 19 22 16 11
Protected Group (S=0) Female Age <35 Female African-American African-American Female
Population of (S=0) (%) 33 12.8 55.9 5.2 48 47.2
Positive Labels in (S=0) (%) 11 11 35 73 39 34
Predictive Task income> $50K?  serious delay in 2 years?  has public insurance coverage? = moved address last year? employed? income> $50K?

AutoData leverages prior information for partition selection
but samples batches randomly within partitions. Even when
updated with a fairness constraint, it fails to improve fairness
due to its distance-centric reward formulation. Consequently,
its performance mirrors random selection in most cases. This
limitation is most evident in AdultIncome and Credit (Figures 3a
and 3f), where the proportion of positive labels is low (Table 2).
In these settings, random, fairness-agnostic selection from par-
titions worsens fairness relative to others. effectively injecting
additional bias.

Adapting SliceTuner for fairness is non-trivial, as its design
relies on power-law distributions. For completeness, we config-
ured it with four slices defined by the cross-product of a binary
sensitive attribute and a binary target attribute. While this re-
duces training loss, it fails to improve fairness across datasets. As
shown in Figure 3, SliceTuner consistently suffers throughout the

0.00 -~ DataSift 0.0
~- AutoData
— SliceTuner —
$-0.05 —4~ Random & 01
o —&— Entropy o
= =
" 0—0.2
2 a
E g -8~ Datasift
= = - AutoData
w L 03 SliceTuner
—4— Random
—&— Entropy
0% 4% 8% 12% 16% 20% 0% 4% 8% 12% 16% 20%
% of Data Pool % of Data Pool
(a) AdultIncome (b) ACSIncome
0.00 00
o~ =-0.1
57005 5
$-0.10 L-02
= s
@ 7]
=-0.15 =-03
9 @
2-0.20 —@ Datasift E—OA —-@- DataSift
5 -B- AutoData 5 -B- AutoData
£-0.25 SliceTuner < os SliceTuner
—4- Random : —4— Random
-0.30 —& Entropy o6 —&~ Entropy
0% 4% 8% 12% 16% 20% 0% 4% 8% 12% 16% 20%
% of Data Pool % of Data Pool
(c) ACSEmployment (d) ACSPublicHealth
0.00 0.0 f
T a
& 2-0.1
5-0.05 g
< ]
s 202
4-0.10 8
2 -®- Datasift € 03 - Datasift
= -B- AutoData = -8~ AutoData
- SliceTuner v SliceTuner
—0.15 —4— Random —04 —4— Random
—&— Entropy —A— Entropy
0% 4% 8% 12% 16% 20% 0% 4% 8% 12% 16% 20%
% of Data Pool % of Data Pool
(e) ACSMobility (f) Credit

Figure 3: Comparing DATASIFT with baselines to highlight
the effectiveness in achieving fairness. The green shaded
area represents the defined zone of unfairness.
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expansion process, highlighting that demographic representa-
tion based expansion alone is insufficient. An exception arises in
Credit (Figure 3f), where the data composition allows SliceTuner
to acquire more protected-positive samples, leading to incidental
fairness gains as a byproduct of its loss minimization.

In contrast, DATASIFT integrates MAB-based partition selec-
tion with data valuation to identify fairness-influential data points
within each partition. As illustrated in Figure 3, DATASIFT con-
sistently achieves superior performance across all datasets, elim-
inating unfairness entirely while outperforming all competing
methods at nearly every iteration. The sole exception is ACSEm-
ployment (Figure 3c), where DATASIFT shows only marginal
gains during the first two iterations; once partition selection
changes, however, it rapidly identifies near-optimal batches and
surpasses all baselines.

Overall, DATASIFT attains zero unfairness while using only
a small fraction of the data pool. Specifically, it requires just
4-6% of the data to produce a fully fair model, whereas compet-
ing methods consume nearly 20% without reaching the fairness
threshold, ultimately converging to the naive adding full data
pool baseline (dashed magenta line). Adding the entire data pool
is computationally costly and still fails to meet the fairness thresh-
old in all cases. By contrast, DATASIFT achieves both fairness and
accuracy with far less data, demonstrating its efficiency and effec-
tiveness. Note that DATASIFT adopts a plug-and-play design for
the choice of fairness metric . Beyond statistical parity, we eval-
uate DATASIFT under true positive rate (Figure 4a) and predictive
parity (Figure 4b) on the ACS Income dataset, with additional
results reported in Appendix A.1. In all the cases, DATASIFT out-
performs the baselines and reaches the target fairness threshold
more efficiently.

Model Generalization. The reliance on influence functions
limits the applicability of DATASIFT to parametric models. To
evaluate robustness within this scope, Figure 5 reports results on
the ACSIncome dataset for two additional models: Support Vec-
tor Machines (SVM) and Neural Networks. For SVM (Figure 5a),
DATASIFT requires one additional batch compared to Logistic
Regression (Figure 3b), yet the overall trajectory and outcome re-
main closely aligned. The neural network case (Figure 5b) is more
dynamic: the model initially shows bias toward the protected
group, but after the first batch acquisition, the fairness metric
shifts toward the privileged group. In this scenario, DATASIFT
adapts effectively, making informed acquisition decisions that
progressively mitigate bias and ultimately yield a fair model.
These findings highlight the robustness of DATASIFT in correct-
ing unfairness regardless of its direction or the demographic
group affected, underscoring its versatility across parametric
models. To extend applicability further, model-agnostic valua-
tion methods such as Data Shapley [29] could be incorporated,
enabling generalization to non-parametric models.
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Figure 5: DATASIFT’s evaluation across parametric models.

Effect on model accuracy. To improve fairness, algorithms
prioritize diversifying the training set by adding data from parti-
tions that capture under-represented subgroups. This prevents
the model from overfitting to privileged groups while reduc-
ing bias against marginalized ones. However, as Table 2 indi-
cates, most datasets are dominated by the privileged group; thus,
solely fairness-focused acquisition can risk accuracy degradation.
Our reward design explicitly balances this trade-off, enabling
DATASIFT to maintain accuracy while achieving fairness. Table 3
reports the final accuracy after data acquisition. DATASIFT often
improves accuracy relative to baselines and, in datasets such
as AdultIncome and Mobility, preserves accuracy within an
acceptable tolerance. Methods such as Entropy and SliceTuner,
which prioritize reducing model uncertainty, achieve slightly
higher accuracy but at the expense of fairness, while AutoData
suffers accuracy degradation as its constraint is modified to ac-
count for fairness.

Table 3: Accuracy of Logistic Regression models across
datasets trained after adding selectively acquired data
points from the corresponding pool as determined by each
method. (Bold: highest, Underlined: second highest)

Dataset Methods

Initial Random Entropy AutoData SliceTuner DataSift
AdultIncome 0.80 0.78 0.77 0.71 0.80 0.78
ACSIncome 0.70 0.78 0.77 0.78 0.77 0.77
Employment 0.69 0.75 0.75 0.74 0.74 0.73
PublicHealth 0.65 0.69 0.68 0.68 0.68 0.68
Mobility 0.77 0.77 0.77 0.77 0.75 0.75
Credit 0.73 0.93 0.93 0.92 0.91 0.93
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Figure 6: Comparing DATASIFT with DaTaS1FT_M and INF
to highlight the rationale behind DATASIFT’s formation.
For each dataset, the left panel shows fairness improve-
ment and the right panel shows accuracy. The magenta
and green dotted lines indicate fairness and accuracy, re-
spectively, after adding the entire data pool.

4.3 Importance of DATASIFT’s components

In this set of experiments, we address RQ2 by investigating the
respective contributions of the MAB component and the data val-
uation component within the DATASIFT framework. Specifically,
we compare DATASIFT against two baselines: (i) DATASIFT_M, a
variant of DATASIFT, which relies solely on the MAB framework
followed by random batch selection instead of data valuation,
and (ii) INF, which utilizes only data valuation (no MAB) for data
selection. This comparison underscores the critical importance of
integrating both MAB and data valuation in achieving the effec-
tiveness of DATASIFT. We report performance results—measured
in terms of both accuracy and fairness—on three representative
datasets (out of six), chosen for their distinct empirical behaviors
observed during experiment.

We report logistic regression results across all datasets. Fig-
ure 6 follows the standard layout, with the x-axis denoting the
budget fraction and the y-axis showing the evaluation metrics.
The first column reports fairness outcomes, where values within
the green-shaded region (i.e., close to zero) indicate a fair model,
while the second column presents the corresponding classifica-
tion accuracy.

For the AdultIncome dataset (Figure 6a), DATASIFT achieves
a zero-bias model by incorporating only 6% of the data pool,
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whereas DATASIFT_M requires 20% and, despite substantial im-
provement, still fails to reach the fairness region. A key limita-
tion of DATASIFT_M is its reliance on random batch selection
within the partition with the highest potential reward. While
the partition itself may be promising, not all points within it
are beneficial—some can even worsen fairness. Consequently,
repeated random sampling causes DATASIFT_M to perform only
marginally better than the Random baseline and other expansion
methods (Figure 3b). In contrast, the valuation-based selection in
DATASIFT effectively addresses this issue and drives the model
to zero bias.

An interesting pattern emerges with the INF method. Although
the model initially exhibits bias favoring the privileged group
(negative metric values), as INF continues to exploit the most in-
fluential batches from data pool, the model becomes increasingly
biased in the opposite direction (positive values). This reversal oc-
curs because the most influential data points often come from the
protected group; repeated exploitation of the same information
amplifies bias in opposite direction rather than mitigating it. By
dynamically balancing exploration and exploitation, DATASIFT
avoids this pitfall and converges to a fair model. Finally, we note
that if INF is stopped early (e.g., at 0-2% expansion), fairness can
be temporarily improved, but at the cost of a 13% drop in accuracy
(see corresponding accuracy at Figure 6a). By contrast, DATASIFT
consistently preserves accuracy while driving the fairness metric
toward zero across the entire expansion process.

For the ACSEmployment dataset in Figure 6b, DATASIFT
achieves the fairness goal by incorporating only 8% of the data
pool, whereas INF requires 20% and still fails to reach the fair-
ness region—though it performs better than DATASIFT_M and
the other baselines (Figure 3c). As in earlier cases, DATASIFT_M
cannot achieve full fairness due to its influence-agnostic batch
selection, but it marginally outperforms the simpler baselines.
For this substantially larger dataset, INF improves fairness slowly,
even when adding the most influential points, because batch
interdependencies diminish actual gains (refer to Section 3.3.2).
This shows that batch influence is not simply additive, and repeat-
edly exploiting top-K influential batches yields only marginal
improvements. While this strategy enhances fairness to some
extent, it does so at the cost of lower accuracy relative to other
methods (see accuracy plot). In contrast, when the performance
of DATASIFT declines compared to Inf in the initial 4% of data
pool, it transitions to a new partition that provides additional
information, resulting in a sharp improvement in fairness in
next iteration. Moreover, DATASIFT gradually improves accuracy
beyond its initial level (around 6%), while DATASIFT_M attains
slightly higher accuracy (around 9%) by incorporating more ran-
dom data points, albeit at the expense of fairness.
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For the ACSIncome dataset (Figure 6c), both DATASIFT and
INF achieve the fairness goal, requiring only 4% and 12% of
the data pool, respectively—again highlighting the efficiency of
DAtaSIFT. While INF substantially outperforms other baselines
in fairness (Figure 3b), it suffers a drastic accuracy loss of nearly
23%. As observed for the ACSEmployment dataset, this decline
arises from repeatedly exploiting top influential points, which are
disproportionately drawn from the protected group. The result-
ing redundancy improves fairness but fails to enhance predictive
power, thereby degrading accuracy. In contrast, DATASIFT lever-
ages the integration of MAB with data valuation to selectively
acquire high-quality data points from unexplored regions of the
pool. Consequently, DATASIFT attains a 10% increase in accuracy
while maintaining a fair model. Although DATASIFT_M exhibits a
comparable accuracy gain, its fairness level remains substantially
lower.

4.4 Ablation analysis

This section reports the sensitivity of our solutions to the hyper-
parameters and other design choices. All experiments are con-
ducted on the ACSIncome dataset in this section.

Effect of batch size. In our variations of DATASIFT, we define
the batch size as a percentage of the expansion threshold, de-
noted by B. Figure 7a illustrates the final fairness metric (y-axis)
for a logistic regression model trained on selectively expanded
data from the ACSIncome dataset, while varying the batch size
from 2% to 50% of the total budget (x-axis). The results show that
the performance of DATASIFT remains stable across batch sizes
of up to 30%, consistently achieving fairness regardless of the
specific choice. However, excessively large batch sizes—around
50% of B—lead to a decline in performance, introducing bias in
the opposite direction. This degradation occurs because INF, un-
der large batch settings, selects predominantly influential data
points concentrated in the protected group. With only two large
acquisitions possible, the framework cannot sufficiently balance
these effects, resulting in residual bias. By contrast, smaller batch
sizes (up to 30% of B) enable multiple evaluation rounds, allow-
ing DATASIFT to adjust its selections iteratively and ultimately
converge to a fair model.

Effect of data pool distribution. DATASIFT does not assume
that the data pool follows the same distribution as the training
data. To substantiate this claim, we construct data pools whose
distributions differ markedly from the training set. While the
original training data has 48% representing the protected group,
and ages spanning from 17 to 94, we consider the following four
scenarios for the data pool: (a) fraction of protected group = 0.3
(KL Divergence=0.19), (b) fraction of protected group = 0.8 (KL
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Divergence=0.26), (c) age-restricted data pool 1 (age < 50, KL
Divergence=0.39), and (d) age-restricted data pool 2 (age > 50, KL
Divergence=0.96). Across all four settings, DATASIFT consistently
attains the target fairness threshold; accordingly, Figure 7b re-
ports only the number of acquisition iterations required to reach
the goal. In gender-skewed pools, DATASIFT requires three and
four iterations (compared to two when the pool follows the train-
ing distribution), whereas age-restricted pools require five and
six iterations. The increased number of iterations in these cases
are expected, as the pool size is substantially reduced (one-third
of the original), making the finding of influential samples more
gradual. Nevertheless, DATASIFT consistently improves fairness
across all settings, while baseline methods degrade under distri-
butional shifts (see Appendix A.2.1 for a detailed comparison).
These results confirm that DATASIFT acquisition is driven by
observed utility signals through influence-based candidate sub-
sets of pool, rather than by assumptions of global distributional
alignment.

Effect of f. In Figure 7c, we analyze the effect of varying f,
the parameter that balances fairness and accuracy in the re-
ward function defined in Equation 1. Setting f = 0 places ex-
clusive emphasis on fairness when shaping the reward distri-
bution, whereas larger values of f§ progressively shift the focus
toward accuracy. As expected,figure 7c shows that increasing f
reduces fairness while improving accuracy. Hence, the choice of
B should be guided by the requirements of the specific applica-
tion, with domain expertise playing a central role in determining
the appropriate trade-off.

Effect of choice of reward score. DATASIFT builds on the MAB
paradigm, which requires designing a reward score to approx-
imate the reward distribution across partitions. AutoData em-
ploys a distance-centric reward optimized for accuracy, whereas
DATASIFT incorporates base-rate differences among sensitive
groups into the reward design (Equation 1) to account for both
fairness and accuracy. For completeness, we report results for
DATASIFT_M. As shown in Figure 7d, AutoData fails to yield sta-
ble fairness improvements. Reward scores based solely on base
rates in our framework, DATASIFT-Base, substantially improve
fairness but often sacrifice accuracy. By contrast, the reward func-
tion in DATASIFT_M effectively balances the trade-off, promoting
equity and performance.

Effect of partitioning. DATASIFT requires partitioning the data
space into smaller groups, which can be accomplished either au-
tomatically (e.g., via clustering) or by leveraging domain-specific
expertise. In Figure 8a, we evaluate DATASIFT under three par-
titioning strategies: (i) clustering into the optimal number of
groups using a Gaussian Mixture Model (GMM), (ii) geographic
partitioning by state (treating the four largest states as separate
partitions), and (iii) stratified partitioning into four subsets de-
fined by the cross-product of a binary sensitive attribute and a
binary outcome.

Across all three strategies, DATASIFT achieves a completely
fair model; thus, we report the required number of iterations
in Figure 8a. DATASIFT-Cluster and DATASIFT-Stratified reach
fairness in 2 and 3 iterations, respectively, while DATASIFT-States
requires 8. This inefficiency stems from the four largest states hav-
ing highly similar distributions, limiting the information gained
when switching partitions. In contrast, clustering and stratifica-
tion create more diverse partitions, enabling faster convergence.
Accordingly, we base all reported experiments on clustering.
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We further conduct an ablation study comparing GMM [27],
k-means [33], DBSCAN [25], and Hierarchical-BIRCH [68] on
the same dataset (Figure 8b). GMM, K-means, and BIRCH show
consistent performance, with comparable fairness gains and only
minor differences in convergence speed, indicating that DATASIFT
is largely partition-agnostic when the pool is divided into a
small number of stable, coarse-grained groups. DBSCAN requires
slightly more iterations, as density-based clustering often pro-
duces many small clusters, expanding the exploration space and
increasing reward variance. Overall, simple and scalable methods
such as GMM and K-means are sufficient in practice, though
DATASIFT is not tied to any specific clustering strategy.

Implementation and parameter guidelines. While DATASIFT
introduces multiple components, its implementation remains
practical, as most parameters have intuitive interpretations and
stable defaults. The batch size controls the granularity of data
acquisition, the fairness threshold specifies the desired toler-
ance level, and the exploration parameters follow standard multi-
armed bandit practices. In our experiments, a single set of pa-
rameters was used across datasets, and in ablation analysis, we
observed that performance is robust to moderate parameter vari-
ations, indicating limited sensitivity to parameter variations. In
practice, we recommend starting from these default settings and
adjusting the parameters based on computational budget and
fairness requirements.

4.5 Scalability Analysis

This section answers RQ4 that evaluates the different methods
with respect to variations in dataset and data pool sizes.

Using the AdultIncome dataset, we synthetically generate ad-
ditional data points to vary the pool size from the original dataset
up to 10° records. Throughout this study, the budget and batch
size remain fixed. Figure 9a reports the fairness achieved by logis-
tic regression models trained with DATASIFT and DATASIFT M
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Figure 9: Scalability on synthetic dataset.
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under different pool sizes. The y-axis represents the ultimate fair-
ness achieved by the model under various scenarios. The results
show that DATASIFT maintains nearly consistent performance as
the data pool grows, whereas DATASIFT_M experiences a slight
decline. Unlike DATASIFT M, which relies on random batch se-
lection and is thus influenced by the data pool’s distribution,
DATASIFT consistently identifies influential points irrespective
of pool size, leading to more stable fairness outcomes.
Efficiency analysis. Figure 10 reports the runtime of the data
expansion framework, excluding all pre-computation costs for
all methods. All the baselines typically consume the entire ex-
pansion budget, evaluating a large number of candidate batches.
Since each additional batch evaluation requires retraining the
model, this results in substantially higher computational cost. In
contrast, DATASIFT incurs a modest overhead for reward updates
and influence-based ranking, but achieves significantly lower
overall runtime by terminating early once the fairness objective
is satisfied.

Figure 9b evaluates scalability under increasing data pool
sizes using a synthetically enlarged AdultIncome dataset. For
DATASIFT, batch construction cost remains nearly constant since
influence scores are computed once on the fixed training set and
the top-K influential points are selected deterministically. As
a result, runtime is largely insensitive to pool size. In contrast,
DATASIFT_M relies on random batch construction, making its
runtime grow with the size of the data pool.

5 Related Work

This work intersects four research areas: algorithmic fairness,
data expansion/acquisition, reinforcement learning, and data
valuation. While each of these areas has been studied extensively,
our work is novel in integrating data valuation with a multi-
armed bandit framework to selectively acquire high-quality data
for improving model fairness.

Algorithmic fairness. With the growing use of ML in high-
stakes domains such as criminal justice, healthcare, and finance,
fairness violations have become increasingly evident [10, 19, 30,
34]. Bias mitigation techniques are typically categorized into pre-,
in-, and post-processing methods [14, 41]. Due to their effective-
ness and ease of implementation, pre-processing approaches are
widely adopted [32]. Since our method modifies input data, it is
most closely related to pre-processing bias mitigation.

Data expansion/acquisition for model fairness. Data qual-
ity has long been central to data management [52, 60, 64], and
its importance for ML performance has gained increasing atten-
tion [3, 15, 37, 38, 63]. We focus on data expansion [21], selectively
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acquiring high-quality examples. Unlike prior work targeting
accuracy or vision-based augmentation [56], our objective is fair-
ness. The closest work, AutoData [15], uses bandits for accuracy-
driven acquisition but relies on distance-based clustering and
random batch selection. In contrast, DATASIFT leverages data
valuation for fairness-aware acquisition.

Reinforcement learning in data management. Reinforce-
ment learning has been applied to data cleaning, integration,
and acquisition [6, 12, 15, 31, 58]. MAB provides efficient ex-
ploration—exploitation trade-offs and near-optimal solutions un-
der limited feedback. However, existing bandit-based acquisition
methods remain accuracy-centric and do not optimize fairness.

Data valuation. Data valuation methods, including influence
functions [35] and data Shapley [29], quantify the contribution
of individual data points and have recently been explored in data
management [7, 22, 40]. While data Shapley is model-agnostic but
computationally expensive, influence functions provide efficient
first-order approximations with a one-time offline cost, which
we leverage for fairness-aware acquisition.

6 Conclusions and Future Work

We present a novel approach for solving the problem of data
expansion to improve machine learning model fairness by deter-
mining which data points in a data pool must be added to the
underlying training data. We introduce DATASIFT, a principled
framework that integrates reinforcement learning with data val-
uation to determine the most valuable data points to incorporate.
We demonstrate experimentally that data valuation is crucial in
effective discovery of useful data points and that DATASIFT is
both effective and efficient in identifying data points valuable
for model fairness. In the future, we plan to explore several in-
teresting directions: (a) expand the data valuation module to
efficiently cater to non-parametric ML algorithms. (b) explore al-
ternate reinforcement learning approaches (e.g., Q-learning) and
other exploration-exploitation trade-off algorithms (e.g., Thomp-
son sampling) since the MAB-based framework is limited by the
choice of identified partitions. Other directions include incor-
porating the cost of data acquisition in the reward scores and
extending the framework to the task of source discovery.
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Artifacts

The experiments run on a MacBook Pro (Apple M3 Pro, 36GB
LPDDR5) using Python 3.11.5 in Jupyter Notebook. The ready-to-
run source code for DATASIFT is available at this link: DATASIFT.
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A Appendix

A.1 Generalizability across fairness metrics

Algorithmic group fairness requires that individuals belonging
to different demographic groups be treated comparably by a
decision-making system. Several formal metrics have been pro-
posed to quantify such notions of fairness, including statisti-
cal (demographic) parity, true positive rate (TPR) parity, pre-
dictive parity, and equalized odds. While the main body of this
paper focuses on statistical parity—under which DATASIFT con-
sistently outperforms the baselines—we emphasize that the pro-
posed framework is not limited to a single fairness definition. We
report results for the following metrics:

True Positive Rate (TPR) Parity. We first consider true positive
rate parity (also known as equal opportunity), which requires
equal true positive rates across groups. Formally, TPR parity is
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satisfied if
Pr(Y=1|Y=1,A=a)=Pr(Y=1|Y=1A=D),

for all protected groups A € {a, b}. This metric focuses on en-
suring that qualified individuals have equal chances of receiving
a positive outcome regardless of group membership. Figure 11
reports the corresponding results. DATASIFT outperforms all the
baselines across datasets-reach the fairness goal within less num-
ber of iterations exploiting only 4 to 8% of data pool.
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Figure 11: DATASIFT vs. baselines (True Positive Rate).

Predictive Parity. We further evaluate DATASIFT under pre-
dictive parity, which requires that a model’s precision be equal
across groups. Formally, predictive parity holds if, for all pro-
tected groups A € {a, b},

Pr(Y=1|Y=1,A=a)=Pr(Y=1|Y=1A=b),

where Y denotes the true label and ¥ denotes the predicted label.
This criterion ensures that, among individuals receiving a posi-
tive prediction, the likelihood of being correctly classified is the
same across groups. Figure 12 reproduces the main experimental
setting of Figure 3 using predictive parity as the fairness objective
for two datasets. For the remaining datasets, the initial training
data already meets the predefined fairness threshold, and thus
the expansion process is omitted. The results demonstrate that
DATASIFT remains effective in reducing group-level disparities
under this metric. As with TPR parity , DATASIFT consistently

0.010
0.00

g & 0.005
& g
£-0.02 8- Datasif £ 0.000 =Cp CEREER
5 —#- AutoData g —- AutoData
s SliceTuner E—D 005 SliceTuner
2-0.04 —4— Random R —4~ Random
g - —&— Entropy 1] —A— Entropy
£ I—I/ﬂ*.-.-H-. £-0.010
s 5
& I

—0.06 -0.015

0% 4% 8% 12% 16% 20% 0% 4% 8% 12% 16% 20%
% of Data Pool % of Data Pool

(a) ACSEmployment (b) ACSMobility

Figure 12: DATASIFT vs. baselines (Predictive Parity).
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Figure 13: Varying data pool distributions.

improves fairness under predictive parity while maintaining com-
petitive predictive performance.

Taken together, these additional experiments confirm that the
effectiveness of DATASIFT is not tied to a specific fairness metric,
rather it works as like a plug-and-play method. By leveraging
reward-driven partition selection and influence-based acquisition,
the framework generalizes naturally across different definitions
of group fairness, including outcome-based and error-rate-based
criteria. This highlights the flexibility of DATASIFT and its ap-
plicability in settings where different fairness notions may be
required.

A.2 Ablation Analysis

A.2.1 Datapool Distribution. To evaluate that DATASIFT does
not assume the data pool follows the same distribution as the ini-
tial training data, we conduct an additional sensitivity analysis by
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deliberately introducing distributional mismatches between the
training set and the pool. In the original training data, the frac-
tion of female samples is approximately 0.48. We construct two
alternative pool distributions by fixing the female fraction to 0.3
and 0.8, respectively, while keeping the training data unchanged.
The corresponding results are shown in Appendix Figures 13a
and 13b.

Across both scenarios, DATASIFT consistently reduces the sta-
tistical parity gap and attains the target fairness threshold by
selectively acquiring at most 10% of the data pool, even when
the pool distribution is substantially skewed relative to the train-
ing data. In contrast, the baseline methods exhibit slower con-
vergence or unstable behavior under these distribution shifts.
Notably, when the representation of the protected group is se-
verely limited (Figure 13a), the baselines struggle to identify
fairness-improving samples, whereas DATASIFT is able to extract
informative instances even from sparsely represented subpopula-
tions. These results demonstrate that DATASIFT does not depend
on the data pool matching the training distribution, but instead
dynamically adapts its acquisition strategy to the current model
state.

We further assess robustness to shifts in non-sensitive at-
tributes by varying the age distribution of the data pool. In par-
ticular, we consider two extreme scenarios in which the pool
consists exclusively of individuals older than 50 or exclusively
of individuals younger than 50, while the training data spans
ages from 17 to 94. The corresponding results are reported in
Appendix Figures 13c and 13d. Consistent with the gender-based
experiments, DATASIFT continues to achieve steady reductions in
the fairness gap under both settings, demonstrating robustness
to substantial changes in the pool’s feature composition.

Overall, these experiments confirm that DATASIFT does not
assume the data pool and training data share the same under-
lying distribution. Instead, the method leverages reward-driven
partition selection and influence-based acquisition to remain
effective even when the pool is biased, skewed, or otherwise
distributionally different from the initial training set.
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