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Abstract
Machine learning models deployed in real-world scenarios must
contend with data shifts that occur over time, resulting in de-
graded model performance and potentially exacerbating fairness
concerns. Considerable research has focused separately on main-
taining either model accuracy or algorithmic fairness under dis-
tribution shifts, but not both. Separately, previous results are
also available for detecting the harmful regions of the training
set, where data shifts have the highest impact, with the goal
of reducing the cost of retraining. In this work, we propose C-
SHIFT (Cluster-based Selective Harmful Shift Identification for
Fairness-aware Training), a framework for efficiently manag-
ing model performance and fairness together in general data
shift scenarios. Starting from an initial model with a satisfac-
tory accuracy-fairness tradeoff, C-SHIFT activates on batches
of serving data, using a novel cluster-based algorithm to identify
harmful data regions that may appear in some of the clusters.
C-SHIFT restores fairness and accuracy by either partially re-
training or fine-tuning the original model, achieving efficiency by
focusing only on the harmful data within a portion of the clusters.
C-SHIFT works well with multiple fairness adjustment methods,
and is not sensitive to the specific type of data shift. Because
clusters are also agnostic to the data type (they only require a
suitable distance metric), in principle, the approach applies to
multiple data modes and is not restricted to tabular data. We
evaluate the approach using three real-world datasets as well as
synthetic datasets specifically designed to simulate harmful data
shift scenarios. Our results indicate that C-SHIFT can restore
accuracy-fairness balance with quality comparable to a baseline
global retraining approach, but using a small fraction of the train-
ing/serving data, with similar results for Logistic Regression (LR)
as well as nonlinear Neural Network (NN) models.
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1 Introduction
Automatic decision-making systems increasingly impact soci-
etal outcomes, such as hiring [7, 14], loans [32], and criminal
justice [6], highlighting the challenges of ensuring fairness in
Machine Learning (ML) models. Fairness in ML refers to the equi-
table treatment of individuals and groups, regardless of sensitive
or protected attributes such as race, gender, age, or socioeconomic
status [25], and is essential for promoting trust, transparency,
and accountability in automated systems.

Despite the growing attention to fairness-aware learning meth-
ods [11, 25], most existing approaches assume a fixed data dis-
tribution and focus on in-distribution fairness guarantees [3, 5].
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However, achieving fairness remains a challenge in dynamic,
real-world environments where data often arrive from diverse
sources and under varying conditions, leading to inevitable drifts
between training and deployment data. These shifts might am-
plify biases, disproportionately disadvantaging certain groups
and compromising fairness objectives [31]. On the other hand,
while numerous methods have been proposed to detect and adapt
to distribution shifts [20, 23, 33, 34], these focus predominantly
on maintaining accuracy. Methods that jointly detect data shifts
leading to degradation of model predictive abilities and fairness
violations remain scarce, limiting the robustness of ML models
deployed in real-world settings.

To examine this phenomenon and appreciate the problem, we
conduct the following preliminary experiment. Consider ACSIn-
come [15], an updated version of the widely used 1996 UCI Adult
dataset [4]. In addition to providing socioeconomic attributes of
individuals over the years, this version also groups individuals
by State (US). Making use of this natural partitioning, we train
two models, 𝑀𝑆

𝑏
, 𝑀𝑆

𝑓
, separately for each State 𝑆 . 𝑀𝑆

𝑏
is a base-

line, fairness-unaware Logistic Regression (LR) model, while 𝑀𝑆
𝑓

is a fairness-aware LR model with a widely-used reweighting
strategy (LR+RW) [21] that enforces the demographic parity (DP)
fairness metric (defined in Sec. 2.1) on the protected attribute SEX
through sample weighting.

We evaluate models 𝑀𝑆
𝑏
, 𝑀𝑆

𝑓
for each 𝑆 on two test scenar-

ios. Firstly, we reserve a test dataset from the overall population
in State 𝑆 , as normal, and this provides an in-distribution (ID)
evaluation. Then, we also evaluate 𝑀𝑆

𝑏
, 𝑀𝑆

𝑓
against every other

State 𝑆 ′ test data, providing multiple out-of-distribution (OOD)
test scenarios. Each evaluation produces two metrics: accuracy
(Accuracy : Pr(𝑦 = 𝑦)) and absolute demographic parity viola-
tion (DP : | Pr(𝑦 = 1|SEX = 1) − Pr(𝑦 = 1|SEX = 0) |), where
lower DP values indicate better fairness.

Figure 1 presents the results for four sample States, AZ, CO,
GA, and IN. Each row shows results for models trained on one
State, with the left plot displaying baseline LR and the right
showing LR+RW. In each subplot, the orange cross marks the
ID evaluation performance, while gray circles represent OOD
evaluations on other states. Best overall results are found in the
lower-right quadrant (high accuracy, better fairness). In all cases,
results improve when using LR+RW, as expected. However, with
regards to reacting to shifts, we note the following: (1) Perfor-
mance changes, but these changes are not obvious. When models
are tested under ID or OOD evaluations, their performance can
show varying degrees of degradation, and in some cases, even
improvement. For example, for the LR+RW model trained on
CO data, several OOD results (gray circles) show similar or even
improved accuracy compared to ID evaluation (orange cross). (2)
There is often a tension between accuracy and fairness, and their
patterns differ between ID and OOD evaluations. For instance,
for AZ, GA, and IN, accuracy is always higher for ID than OOD,
but the same does not hold for fairness. (3) Even when an OOD
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Figure 1: Performance comparison of models under in-
distribution (ID) and out-of-distribution (OOD) evaluation
on ACSIncome-2018 data [15] across different U.S. states.

dataset results in lower fairness than the ID dataset for a State, a
model trained on that State’s ID dataset may nevertheless exhibit
greater unfairness when evaluated on an OOD dataset.

We will use this example again as part of our evaluation (Sec. 5).
For now, we conclude that the effects of distributional changes in
real-world data, and their varying impacts on model behaviour,
may be complex and somewhat unpredictable. This suggests a
number of questions that motivate our work. Firstly, should we
always worry about all the data shifts, as it appears they are not
equally harmful to the model? Previous work [16] has addressed
this question, but with limitations, mainly focusing only on model
accuracy and on tabular training data. Secondly, which regions
of the OOD dataset are responsible for the observed accuracy-
fairness loss? Are there efficient ways to identify those and thus
implement restorative interventions that are local and thus more
efficient than global retraining? Identifying the sources of fair-
ness and accuracy shifts is essential for developing robust ML
systems that maintain their desirable properties across diverse
deployment contexts.

Challenges. Addressing these questions presents several chal-
lenges. (1) (Region Discovery) How to automatically identify co-
hesive regions in high-dimensional spaces where harmful shifts
concentrate, without prior knowledge of shift patterns. (2) (Multi-
objective Assessment) How to jointly evaluate performance and
fairness degradation in a principled manner that captures their
interaction, rather than treating them independently. (3) (Scala-
bility) How to maintain computational efficiency and save costs
for expert relabelling, for instance, using active learning, for

instance, in [16]. (4) (Interpretability) How to provide human-
understandable explanations of detected shifts that can guide
intervention strategies.

Contributions. We propose C-SHIFT, a cluster-based frame-
work that captures the dual objectives of maintaining predictive
performance and ensuring model fairness under data drift.

• C-SHIFT identifies data regions that are harmful relative
to a model trained on the data. These are the regions of the
training set that are responsible for both performance and
fairness degradation. Our approach leverages clustering in
the serving data (i.e., new data that are potentially OOD)
to discover cohesive sub-populations, and then quantifies
the contribution of each cluster to overall performance
and fairness metrics under shift. This contribution extends
to a sequence of serving data batches ("chunks"), using a
cluster-merging technique;
• C-SHIFT leverages the proposed HarmScore to provide

intuitive and interpretable insights into data shifts. Specif-
ically, the HarmScore reveals which subsets of the data
have the greatest impact on model accuracy and fairness,
as well as the magnitude of their influence.
• We evaluate the approach on both real-world and synthetic

data, reporting effectiveness and efficiency results relative
to a number of baselines and against two broadly used
classes of classification models (Logistic Regression and
Neural Network). Our results indicate that using clustering
to partition the training space leads to efficient interven-
tions (using a fraction of the data) to restore accuracy
and fairness levels comparable to those achieved using
global retraining, using either retraining from scratch or
a fine-tuning (continued training) approach.

2 Definitions and Problem Statement
We first introduce notations, fairness definitions, and the concept
of harmful data shifts (Sec. 2.1), then formally state our problem
of efficiently restoring model performance under distribution
shift (Sec. 2.2).

2.1 Definitions
Our work is set in the context of standard Machine Learning
classification problems, where the feature space includes one
sensitive attribute. Following common practice, we denote the
𝑑-dimensional feature space by X ⊆ R𝑑 where the sensitive
attribute 𝑍 ∈ X is binary. LetY denote the set of labels (typically,
Y = {0, 1}). We denote the classifier model as ℎ𝜃 : X → Y with
optimal parameters 𝜃 after training on dataset𝐷0 = {(x𝑖 , 𝑦𝑖 )} |𝐷0 |

𝑖=1
where each value 𝑥𝑖 𝑗 for feature 𝑋 𝑗 is drawn from distribution
𝑃0 (𝑋 𝑗 ). After deployment, the model makes inferences on data
points from a batch of serving data 𝐷𝑠 (also referred to as a
chunk below). We denote the predicted outcome for input feature
vector x by 𝑦 = ℎ𝜃 (x) where we assume that the 𝑥𝑖 𝑗 are drawn
from a potentially different distribution, 𝑃𝑠 (𝑋 𝑗 ). We refer to the
differences between 𝑃0 (𝑋 𝑗 ) and 𝑃𝑠 (𝑋 𝑗 ) generically as distribution
shifts. To simplify notation, we will refer to models of the form
ℎ𝜃 () as 𝑓 , 𝑓0, 𝑓1 . . . .

Let 𝑍 denote a sensitive (or protected) attribute that partitions
the population into a protected group and an unprotected group,
where 𝑍 ∈ {0, 1} indicates group membership. With reference to
the sensitive attribute 𝑍 , DP states that the probability of receiv-
ing a positive outcome 𝑦 = 1 for input x should be conditionally
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independent of group membership: Pr(𝑦 = 1 | 𝑧 = 1) = Pr(𝑦 =

1 | 𝑧 = 0). EO imposes a stronger condition, requiring that the
probability of receiving a true positive outcome 𝑦 = 1 be condi-
tionally independent of group membership given the true label:
Pr(𝑦 = 1 | 𝑧 = 1, 𝑦 = 𝑦) = Pr(𝑦 = 1 | 𝑧 = 0, 𝑦 = 𝑦)

��.
Enforcing model fairness. Three main approaches are nor-

mally taken to ensure model fairness, including pre-processing,
in-processing, and post-processing methods [11, 25]. These aim
to address imbalance, e.g., Pr(𝑦 = 1 | 𝑧 = 1) > Pr(𝑦 = 1 | 𝑧 = 0)
where the 𝑧 = 1 group receives more favourable treatment than
the 𝑧 = 0 group. Pre-processing methods modify training data
before training; in-processing methods incorporate fairness con-
straints into learning; and post-processing methods adjust model
predictions or decision thresholds after training.

Harmful Data Shift. We say that a distribution shift from
𝑃0 to 𝑃𝑠 is considered harmful to model performance if it causes
degradation in either model accuracy or fairness metrics:{

Acc(𝑓 , 𝐷𝑠 ) − Acc(𝑓 , 𝐷0) < 0,
Fair(𝑓 , 𝐷𝑠 ) − Fair(𝑓 , 𝐷0) > 0.

(1)

where Acc(·) denotes accuracy, Fair(·) denotes one of the fairness
metrics introduced above. Unlike traditional approaches that
treat performance and fairness degradation separately, harmful
shifts here usually represent complex distributional changes that
compromise both objectives.

2.2 Problem Statement
The challenges we set out initially translate into the following
specific problems.

Let 𝐷0 and 𝐷𝑠 be the training set and one chunk of serving
data, respectively,1 and let 𝑓0 be a model initially trained on 𝐷0,
with corresponding accuracy and fairness measures Acc(𝑓0, 𝐷0),
Fair(𝑓0, 𝐷0), respectively.

Firstly, we aim to identify a partition R = {𝑅1, 𝑅2, . . . , 𝑅𝐾 } of
regions 𝑅𝑖 ⊆ 𝐷0 ∪ 𝐷𝑠 , where the local distributions for each 𝑅𝑖
will be different, in general, from that of 𝐷0. We then map the
differences in such distributions to corresponding differences in
accuracy and fairness (see Eq (1)), introduce a measure of joint
degradation of fairness and accuracy (HarmScore, Sec. 4.1.2), and
use it to identify the subset R′ ⊂ R of harmful regions.

Finally, we aim to retrain or fine-tune model 𝑓0 using data
points in R′ and yielding 𝑓1, with the aim to jointly restore both
accuracy and fairness, i.e.,

min(Acc(𝑓1,R′) − Acc(𝑓0, 𝐷0)) (2)
min(Fair(𝑓1,R′) − Fair(𝑓0, 𝐷0)) (3)

while at the same time minimising the size of R′, that is, the
volume of data points required to restore the model.

Next, we describe our approach to localising model retraining,
and then show experimentally that it achieves accuracy/fairness
levels that are comparable to those obtained through global re-
training or fine-tuning, at a fraction of the cost.

In summary, we develop a cluster-based framework that en-
ables the partition of the data (see Sec. 4.1.1), localisation of
harmful data regions (see Sec. 4.1.2), and adaptation to data drifts
in a chunk-wise way (see Sec. 4.2).

3 Related Work
Machine learning models deployed in real-world systems face
significant challenges from data distribution shifts, which can
1We discuss solving the problem for a sequence of chunks later in the paper.

degrade both predictive performance and fairness. Prior research
addressing these challenges has largely evolved along two parallel
tracks: techniques for ensuring algorithmic fairness and methods
for detecting as well as adapting to distribution shifts [31]. Our
work sits at the intersection of algorithmic fairness, data drift
detection, and efficient model adaptation.

Several systems have been developed for multi-objective fair-
ness optimisation. Agarwal et al. [1] formulate fair classifica-
tion as a sequence of cost-sensitive learning problems. Martinez
et al. [24] propose minimax Pareto fairness for multi-objective
optimization. OmniFair [38] provides a declarative system for
model-agnostic group fairness using unconstrained optimisation
with soft constraints. While these methods effectively balance
accuracy-fairness trade-offs, they are designed for static datasets
and perform global optimisation over all data. In contrast, our
work targets dynamic scenarios where data arrives in chunks
and aims to identify and intervene only on problematic regions.

A large body of work focuses on detecting when the data
distribution changes [20, 23, 34]. These methods typically rely
on statistical tests over feature distributions or on monitoring
predictive performance metrics such as accuracy, ROC-AUC, or
precision. Comprehensive surveys [23] highlight a rich landscape
of drift detection and adaptation techniques, but these approaches
are predominantly accuracy-centric. A recent study [28] further
demonstrates that not all distribution shifts equally affect model
performance, motivating the need for more selective adaptation
strategies. In this context, the DDLA framework [16] identifies
regions of the data space with low accuracy and selectively re-
train models on these harmful subsets, achieving efficiency gains
over global retraining. While DDLA [16] strongly inspires our
work, it focuses exclusively on accuracy degradation and does
not consider fairness objectives. More recently, Modyn [8] pro-
poses a data-centric ML pipeline orchestration system that han-
dles concept drift through trigger-based model updates and data
versioning. While these methods effectively address accuracy
degradation, they do not consider the fairness implications of
distribution shifts. As a result, fairness-harming regions that do
not manifest as severe accuracy drops may remain undetected.
Our work extends the selective retraining paradigm to jointly
optimise accuracy and fairness objectives.

Besides, slice finding methods have also been used to iden-
tify problematic data subsets for model updating and debugging.
Recent work [12] extends slice finding to various debugging sce-
narios. Chung et al. [13] propose automated data slicing using
conjunctions of attribute values to discover underperforming sub-
groups. SliceLine [29] provides fast slice discovery through linear
algebra operations. However, slice finding typically uses axis-
aligned attribute conjunctions that create overlapping regions,
while our clustering-based approach provides disjoint partitions
suitable for retraining. Second, slice finding focuses on error
localisation for debugging rather than adaptive retraining un-
der drift. Third, these methods do not explicitly model group
fairness violations. Our cluster-based regions provide geometric
interpretability (examples see Sec. 6.3) while enabling efficient
fairness-aware adaptation.

To our knowledge, C-SHIFT is the first framework that com-
bines drift-aware detection, joint accuracy-fairness optimisation,
and localised intervention through clustering. By integrating
cluster-level drift localisation with a unified HarmScore that
captures both accuracy and fairness degradation, C-SHIFT pro-
vides a principled and efficient alternative to global retraining for
maintaining fair and accurate models in dynamic environments.
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4 Methodology
In this section, we introduce our C-SHIFT framework and algo-
rithms, which address the single-serving data setting (Section 4.1)
and the chunk-wise setting (Section 4.2), where serving data ar-
rive as a sequence of chunks. An overview of the framework is
shown in Figure 2.

4.1 The C-SHIFT framework and algorithm
We first consider a single-batch serving data setting. Let 𝑓0 be
the model trained on 𝐷0, and let 𝐷𝑠 be one serving batch. Our
goal is to extract a subset of 𝐷𝑠 that harms 𝑓0’s performance, and
use it to update the model so that accuracy and fairness improve.

Overview of the procedure: (i) cluster𝐷0∪𝐷𝑠 using a distance-
based hierarchical method to obtain C; (ii) identify a subset of
𝐷𝑠 that has a harmful impact on accuracy and the group-fairness
metric (see Equation (5)); (iii) update the model on this subset
to restore performance, e.g., through retraining or fine-tuning
(introduced in Sec. 5.5).

4.1.1 Distance-based clustering. Clustering forms the basis
of our approach, providing a systematic way to measure model
fairness across different regions of the data. Model bias often
arises from imbalanced data distributions. By clustering the com-
bined dataset 𝐷0 ∪ 𝐷𝑠 and computing fairness metrics within
each cluster, we can assess how the new batch 𝐷𝑠 affects fair-
ness. This process localises regions where group-level disparities
emerge due to distributional shifts introduced by incoming data.
For instance, in a loan application dataset, if the male and female
applicants initially show a small approval gap (e.g., within 2%),
but the new batch 𝐷𝑠 increases it to 10%, this indicates a drift-
induced bias. Such behaviour reveals fairness degradation that
may require model adaptation.

Clustering 𝐷0 ∪ 𝐷𝑠 also groups samples with similar features,
enabling the framework to detect local subpopulations or patterns
that the original model 𝑓0 may have underrepresented. Analysing
these clusters allows the framework to identify regions where
performance or fairness deterioration is concentrated.

Before applying clustering, we remove the sensitive attribute
𝑧 and the label 𝑦 from the feature space to ensure that protected
group membership or outcome information does not dominate
the clustering process. Note that clustering is purely a geometric
partition. The label and sensitive-attribute information are fully
preserved for accuracy/fairness evaluation. Removing these two
features ensures clusters are formed based on non-sensitive fea-
ture similarity rather than sensitive attributes. All features are
normalised (if not already done during preprocessing) so that
each feature contributes equally to distance computations.

The choice of clustering algorithm is not directly connected
to detecting data shifts. Rather, we simply aim to cluster similar
data points together, and a hierarchical clustering in combina-
tion with simple Euclidean distance seems to serve the purpose.
Specifically, we first cluster the training and serving data points
separately, and then we merge them. Thus, we believe that using
spectral clustering in this context would not provide an additional
advantage.

We employ an agglomerative hierarchical clustering algo-
rithm inspired from [10] with a distance threshold 𝑟 . Unlike
partition-based methods such as k-means, which require specifi-
cation of the number of clusters, we adopt a complete-linkage
approach [27]. This approach determines the maximum inter-
cluster distance allowed, controlling the number of resulting
clusters automatically. At each iteration, the algorithm merges

the pair of clusters whose combination yields the smallest cluster
diameter, that is, the smallest maximum intra-cluster distance.
The merging process continues in a bottom-up manner until any
further merge would produce a cluster with a diameter exceed-
ing 𝑟 . The resulting clustering, denoted as C, ensures that no
two points within the same cluster are more than 𝑟 apart in Eu-
clidean distance. The parameter 𝑟 thus controls the granularity
of clustering: a larger 𝑟 produces fewer, broader clusters, improv-
ing efficiency but potentially merging distinct subpopulations
and obscuring local fairness disparities. Conversely, a smaller 𝑟
yields more fine-grained clusters, increasing sensitivity to local
distribution shifts at the expense of higher computational cost.

4.1.2 Problematic shift detection. In data-driven machine
learning systems, complex interactions between accuracy loss
and fairness violations are common. Standard drift detection
methods usually assess these two aspects in isolation. In practice,
a detected shift creates a difficult choice: should we update the
model with data that improves accuracy but harms fairness, or
with data that preserves fairness but reduces accuracy? There are
four outcomes: accuracy increases or decreases, combined with
fairness improving or worsening. These combinations make data
selection for retraining difficult, and they hinder a consistent
selection strategy.

To answer the question above, we propose a unified metric,
HarmScore, that captures both accuracy degradation and fairness
degradation under data shifts. This metric quantifies the potential
harm introduced by data drift. The model owner then decides
whether to incorporate a batch of new data based on its Harm-
Score. Algorithm 1 presents the overall procedure for detecting
problematic shifts using HarmScore.

The design of the HarmScore follows two requirements: (i)
a continuous, fine-grained evaluation of the accuracy–fairness
trade-off, and (ii) an appropriate cluster-level fairness metric. We
discuss both points below.

Continuous evaluation. Following the idea of [16], a naive
approach to data selection would partition serving data into four
discrete categories based on the direction of accuracy and fair-
ness changes: (1) accuracy ↑, fairness ↑; (2) accuracy ↑, fairness ↓;
(3) accuracy ↓, fairness ↑; (4) accuracy ↓, fairness ↓. This categori-
cal approach suffers from several critical limitations: (1) Coarse
granularity: Binary categorisation ignores the magnitude of
changes. For example, a cluster with a minor accuracy drop could
be treated identically to one with catastrophic performance loss;
(2) Ambiguous trade-offs: When accuracy and fairness move in
opposite directions (e.g., categories 2 and 3), it is unclear which
clusters to prioritise for retraining; (3) Data inefficiency: Rigid
category-based selection may either retain excessive data (includ-
ing marginally useful clusters) or discard valuable instances due
to arbitrary cutoffs.

By contrast, a continuous metric like HarmScore enables fine-
grained discrimination among clusters. It encodes the accuracy-
fairness trade-offs without requiring explicit case-by-case analy-
sis. Each cluster receives a quantitative score, allowing the selec-
tion threshold 𝜏 to be tuned based on downstream needs.

Fairness metric. Measuring accuracy for a small group is
simple. The main challenge is to choose a fairness metric at the
cluster level.

The intuition of our cluster-based approach to harmful shift
detection relies on the principle that fairness degradation under
distribution shift can be localised to specific data regions. For
example, for demographic parity (DP) on data 𝐷 , the overall
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Figure 2: Workflow of the C-SHIFT framework for single-serving data (in blue) and its variation for chunk-wise serving
data (in purple).

fairness metric for one group can be decomposed using the law of
total probability:

Pr(𝑦 = 1 | 𝑧 = 𝑠, 𝐷) =
𝐾∑︁
𝑗=1

Pr(𝑦 = 1 | 𝑧 = 𝑠,𝐶 ( 𝑗 ) )

· Pr(𝐶 ( 𝑗 ) | 𝑧 = 𝑠, 𝐷)

(4)

where 𝐶 ( 𝑗 ) denotes cluster 𝑗 . This decomposition reveals that
overall fairness is a weighted combination of cluster-level fair-
ness contributions (𝑤 ( 𝑗 )𝑠 = Pr(𝐶 ( 𝑗 ) | 𝑧 = 𝑠, 𝐷)). Consequently,
degradation in overall fairness DP(𝐷0 ∪ 𝐷𝑠 ) > DP(𝐷0) must
originate from fairness degradation within one or more clusters.

Beyond this, cluster-level analysis also provides enhanced di-
agnostic power. By partitioning data based on feature similarity
(excluding 𝑧 and 𝑦 from distance computation), confounding
variables that might obscure the relationship between sensitive
attributes and predictions are controlled. Within a cohesive clus-
ter𝐶 ( 𝑗 ) where individuals share similar feature distributions, any
observed fairness violation DP(𝐶 ( 𝑗 ) ) > 0 more directly reflects
model bias toward the sensitive attribute rather than legitimate
feature-based differences. This aligns with the principle of indi-
vidual fairness [17], which requires similar individuals to receive
similar predictions: clusters naturally group similar individu-
als, making cluster-level fairness assessment a practical bridge
between group and individual fairness notions.

As a result of label sparsity due to clustering, a cluster may
be dominated by one class; for example, it may contain only
points with 𝑦 = 0. In this case, class-conditional fairness metrics,
such as equalised odds or equal opportunity, become ill-defined
or uninformative. Given this constraint, we adopt a group-level
parity measure. For cluster 𝐶 ( 𝑗 ) we define:

Fair(𝐶 ( 𝑗 ) ) = Pr(𝑦 = 1 | 𝑓0,𝐶 ( 𝑗 ) , 𝑧 = 𝑠)

− Pr(𝑦 = 1 | 𝑓0,𝐶 ( 𝑗 ) , 𝑧 ≠ 𝑠),
(5)

where 𝑃𝑟 (𝑦 = 1 | 𝑓0,𝐶 ( 𝑗 ) , 𝑧 = 𝑠) is the probability that model 𝑓0
predicts a positive outcome for instances from favoured sensitive
group 𝑠 in 𝐶 ( 𝑗 ) .

HarmScore design We introduce 𝜆 ∈ [0, 1] as a fairness sen-
sitivity parameter that balances accuracy and fairness. A smaller
𝜆 (e.g., 0.2–0.4) gives more weight to accuracy, which suits appli-
cations such as recommender systems. A larger 𝜆 (e.g., 0.8–1.0)

Algorithm 1 HarmScore-Based Drifts Detection
Input: Clusters C over 𝐷0 ∪ 𝐷𝑠 , threshold 𝜏 , Acc𝐵𝑎𝑠𝑒 , 𝑓0, and

𝜆 ∈ [0, 1].
Output: Selected subset 𝐷𝑅 for model update.

1: Initialise arrays ΔAcc[] and ΔFair[] to store accuracy and
fairness changes.

2: for each cluster 𝐶 ( 𝑗 ) ∈ C do
3: if 𝐶 ( 𝑗 ) ∩ 𝐷𝑠 == ∅ then continue
4: end if
5: ΔAcc[ 𝑗] ← Acc𝐵𝑎𝑠𝑒 − Acc(𝑓0, 𝐷𝑠 ∩𝐶 ( 𝑗 ) )
6: ΔFair[ 𝑗] ← Fair(𝑓0,𝐶 ( 𝑗 ) ) − Fair(𝑓0, 𝐷0 ∩𝐶 ( 𝑗 ) )
7: end for
8: Let ΔAccmax, and ΔFairmax, be the maximum value of
|ΔAcc[] | and |ΔFair[] | respectively.

9: for each 𝑗 in ΔAcc[] and 𝐹 [] do
10: ΔAcc[ 𝑗] ← ΔAcc[ 𝑗]/ΔAccmax
11: ΔFair[ 𝑗] ← ΔFair[ 𝑗]/ΔFairmax
12: end for
13: 𝐷𝑅 ← ∅
14: for each cluster 𝐶 ( 𝑗 ) ∈ C do
15: HarmScore(𝐶 ( 𝑗 ) ) ← (1 − 𝜆) · ΔAcc[ 𝑗] + 𝜆 · ΔFair[ 𝑗]
16: if HarmScore𝑗 > 𝜏 then
17: 𝐷𝑅 ← 𝐷𝑅 ∪ (𝐷𝑠 ∩𝐶 ( 𝑗 ) )
18: end if
19: end for
20: return 𝐷𝑅

prioritises fairness, which suits high-stakes domains such as
criminal justice or credit scoring.

Let ΔAcc(𝐶 ( 𝑗 ) ) denote the change in accuracy on new in-
stances in cluster 𝐶 ( 𝑗 ) relative to the baseline accuracy Acc𝐵𝑎𝑠𝑒
of 𝑓0 (refer to Algorithm 1, line 5). Let ΔFair(𝐶 ( 𝑗 ) ) be the change
in fairness after adding new instances in𝐶 ( 𝑗 ) ; by convention, we
set ΔFair(∅) = 0 (refer to Algorithm 1, line 6). To bring ΔAcc and
ΔFair to the same scale, we normalise them across clusters (see
Algorithm 1, line 8 to line 12). Let

ΔAccmax = max𝐶 ( 𝑗 ) ∈C
��ΔAcc(𝐶 ( 𝑗 ) )

��,ΔFairmax = max𝐶 ( 𝑗 ) ∈C
��ΔFair(𝐶 ( 𝑗 ) )

��.
ΔAccnorm (𝐶 ( 𝑗 ) ) = ΔAcc(𝐶 ( 𝑗 ) )

ΔAccmax
,ΔFairnorm (𝐶 ( 𝑗 ) ) = ΔFair(𝐶 ( 𝑗 ) )

ΔFairmax
.
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From an accuracy perspective, a region is harmful if the de-
ployed model performs worse on serving data than on the original
training distribution. For fairness, harmfulness is defined in terms
of contribution to overall disparity. We thus identify serving data
whose inclusion increases overall fairness disparity relative to
the original training data, while regions that reduce or compen-
sate disparity are not considered harmful. HarmScore combines
normalised accuracy loss and fairness degradation into a single
continuous measure.

For a cluster𝐶 ( 𝑗 ) with instances from𝐷0 and𝐷𝑠 , HarmScore is
calculated as:

HarmScore(𝐶 ( 𝑗 ) ) = (1 − 𝜆) ΔAccnorm (𝐶 ( 𝑗 ) )

+ 𝜆 ΔFairnorm (𝐶 ( 𝑗 ) )
(6)

HarmScore increases when ΔAcc(𝐶 ( 𝑗 ) ) > 0 (accuracy drops) or
ΔFair(𝐶 ( 𝑗 ) ) > 0 (fairness worsens). High HarmScore indicates
data regions that introduce harmful shifts and should be priori-
tised for retraining. Low HarmScore indicates stable or beneficial
regions. This unified formulation provides a simple and inter-
pretable way to balance accuracy recovery and fairness preser-
vation, without hand-crafted case rules.

We set a threshold 𝜏 to control the severity of degradation.
After calculating HarmScore of each cluster (line 15 in Algorithm
1), clusters with HarmScore(𝐶 ( 𝑗 ) ) > 𝜏 are flagged as harmful
shifts (see lines 16 to 18); a smaller 𝜏 selects more data from 𝐷𝑠 .
We collect their new instances into a subset 𝐷𝑅 and use it to
retrain 𝑓0, improving its performance.

4.2 C-SHIFT Chunk-wise Variation
Our C-SHIFT framework extends naturally to a chunk-wise
setting, where serving data arrive as a sequence of chunks 𝐷𝑠1 ,
𝐷𝑠2 , . . ., 𝐷𝑠𝑡 . We use a lightweight clustering-merge procedure to
update the model incrementally (see Algorithm 2). At step 𝑡 , we
train a clustering model C𝑡 on the latest chunk 𝐷𝑠𝑡 and merge it
with the existing model C𝑡−1 built from earlier chunks. Our goal
is to study harmful data drift in the serving data; clusters pro-
vide a natural unit for tracking accuracy and the group-fairness
metric in Equation (5) over time. When a cluster in C𝑡−1 cannot
be matched to any data in 𝐷𝑠𝑡 under the conditions detailed in
the Merge Strategy, we discard it for this update, since our focus
is on the new chunk. This approach avoids re-clustering all ac-
cumulated data from scratch and reduces computation time and
memory usage.

Merge Strategy. For each cluster in C𝑡 , we find its nearest
cluster in C𝑡−1 by centroid distance and consider a one-to-one
merge, subject to a distance constraint and a label-compatibility
check. We precompute pairwise centroid distances

𝐷 [𝑖, 𝑗] =


𝜇 (𝑖 )𝑡 − 𝜇 ( 𝑗 )𝑡−1

2, 𝑖 ∈ I𝑡 , 𝑗 ∈ J𝑡−1,

where 𝜇 (𝑖 )𝑡 and 𝜇 ( 𝑗 )
𝑡−1 are cluster centroids, and I𝑡 and J𝑡−1 index

the clusters of C𝑡 and C𝑡−1, respectively.
Distance constraint. As mentioned in Section 4.1.1, we con-

strain cluster diameter by a threshold 𝑟 so that any two points
within a cluster are at most 𝑟 apart; this yields controllable clus-
ters for analysis. We therefore keep only pairs with 𝐷 [𝑖, 𝑗] ≤ 𝑟
and process them in ascending order of distance (Algorithm 2,
line 3). Because merges are one-to-one, we use lazy invalidation
to skip any pair whose indices have already been matched (line 6).
To ensure the merged cluster respects this constraint, we add
a near-subset check (line 8): for any candidate pair (𝑖, 𝑗) with

𝐷 [𝑖, 𝑗] ≤ 𝑟 , define

𝑆 =
{
𝑥 ∈ 𝐶 (𝑖 )𝑡 : ∥𝑥 − 𝜇 ( 𝑗 )

𝑡−1∥2 ≤ 𝑟/2
}
,

which ensures only new points within distance 𝑟/2 of the
previous centroid 𝜇 ( 𝑗 )

𝑡−1 to be merged into 𝐶 ( 𝑗 )
𝑡−1 (lines 10 to 12).

The existing cluster𝐶 ( 𝑗 )
𝑡−1 is already confined to radius 𝑟/2 around

the same centroid (see section 4.1.1). Thus, for any merged new
point 𝑥 and any existing point𝑦 ∈ 𝐶 ( 𝑗 )

𝑡−1, ∥𝑥−𝑦∥2 ≤ ∥𝑥−𝜇 ( 𝑗 )𝑡−1∥2+
∥𝜇 ( 𝑗 )
𝑡−1 − 𝑦∥2 ≤ 𝑟 , so the merged set has diameter at most 𝑟 . We

then merge using only 𝑆 (subject to label compatibility) and keep
𝐶
(𝑖 )
𝑡 \ 𝑆 as a standalone cluster if it is non-empty (see line 12).

Label compatibility. Let the dominant (predicted) class of a set
𝐶 be

𝑦dom (𝐶) = argmax
𝑦∈Y

��{(x, 𝑦′) ∈ 𝐶 : 𝑦′ = 𝑦}
��.

We merge 𝑆 with 𝐶 ( 𝑗 )
𝑡−1 only if 𝑦dom (𝑆) = 𝑦dom (𝐶

( 𝑗 )
𝑡−1) (Algo-

rithm 2, line 9); otherwise, 𝐶 (𝑖 )𝑡 remains standalone. This restric-
tion prevents mixing clusters with different label contexts, which
could harm accuracy and fairness, and it preserves more homoge-
neous groups for interpretation and subsequent fairness analysis.
When the merging processes within each cluster finish, the un-
matched clusters are directly added to the final cluster list. (lines
16 to 18).

After obtaining the merged model, we apply our problematic-
shift detection (Algorithm 1) to the current cluster model C𝑚
to identify harmful samples. Depending on the severity of the
detected shift, we either retrain on a curated dataset or fine-tune
the model.

Complexity analysis. Let 𝑘𝑡 and 𝑘𝑡−1 be the numbers of clus-
ters in C𝑡 and C𝑡−1, and let 𝑑 be the data dimension. Computing
all pairwise centroid distances costs 𝑂 (𝑘𝑡𝑘𝑡−1𝑑) time. Building
the ordered list of candidate pairs costs 𝑂 (𝑘𝑡𝑘𝑡−1 log(𝑘𝑡𝑘𝑡−1))
in the worst case. Let 𝑞 = max𝑖∈I𝑡 |𝐶

(𝑖 )
𝑡 | be the maximum clus-

ter size in C𝑡 . Because merges are one-to-one, there are at most
𝑘𝑡 merges. For each accepted merge, forming the near-subset
requires checking distances from points in 𝐶 (𝑖 )𝑡 to 𝜇 ( 𝑗 )

𝑡−1, which
costs 𝑂 (𝑞𝑑). Overall,

𝑂
(
𝑘𝑡𝑘𝑡−1 (𝑑 + log(𝑘𝑡𝑘𝑡−1)) + 𝑘𝑡 𝑞 𝑑

)
time and 𝑂 (𝑘𝑡𝑘𝑡−1) space to store the distance list.

5 Experimental Setup
When the serving data is even partially OOD, the naive approach
to repairing a model with respect to accuracy and fairness is
to retrain using both training and serving data. This incurs not
only the cost of retraining, but also the cost of acquiring suit-
able ground truth annotations for the entire serving data. Our
evaluation aims to show that C-SHIFT drastically reduces this
cost, by precisely identifying regions of the serving data that
are harmful, as defined above, and thus enabling either localised
retraining or fine-tuning of the current model. In this section,
we corroborate this hypothesis using an extensive experimental
space that combines (i) four datasets, (ii) two types of models:
Logistic Regression (LR), and Multi-Layer Perceptron (MLP), (iii)
three baseline methods for partitioning the data space into re-
gions, and (iv) three established fairness adjustment strategies
that operate on those regions.
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Algorithm 2 Clustering Model Merge

Input: Cluster models C𝑡 , C𝑡−1 with indices sets I𝑡 ,J𝑡−1, class
label 𝑦, and distance threshold 𝑑

Output: Merged model C𝑚
1: C𝑚 ← ∅;𝑈𝑡 ← ∅; 𝑈𝑡−1 ← ∅
2: // Precompute distances as key→value
3: 𝑄 ← {(𝑖, 𝑗) : 𝑖 ∈ I𝑡 , 𝑗 ∈ J𝑡−1, ∥𝜇 (𝑖 )𝑡 −𝜇

( 𝑗 )
𝑡−1∥2 ≤ 𝑟 } ascending

order by distance
4: while 𝑄 not empty do
5: (𝑖, 𝑗) ← popMin(𝑄)
6: if 𝑖 ∈ 𝑈𝑡 or 𝑗 ∈ 𝑈𝑡−1 then continue // lazy skip
7: end if
8: 𝑆 ← {𝑥 ∈ 𝐶 (𝑖 )𝑡 : ∥𝑥 − 𝜇 ( 𝑗 )

𝑡−1∥2 ≤ 𝑟/2} // near-subset

9: if 𝑆 ≠ ∅ and 𝑦dom (𝑆) = 𝑦dom (𝐶
( 𝑗 )
𝑡−1) then

10: C𝑚 .addCluster(𝑆 ∪𝐶 ( 𝑗 )
𝑡−1)

11: 𝑈𝑡 ← 𝑈𝑡 ∪ {𝑖}; 𝑈𝑡−1 ← 𝑈𝑡−1 ∪ { 𝑗}
12: if 𝐶 (𝑖 )𝑡 \ 𝑆 ≠ ∅ then C𝑚 .addCluster(𝐶 (𝑖 )𝑡 \ 𝑆)
13: end if
14: end if
15: end while
16: for each 𝑖 ∈ I𝑡 \𝑈𝑡 do
17: C𝑚 .addCluster(𝐶 (𝑖 )𝑡 ) // add unmatched clusters
18: end for
19: return C𝑚

The experiments are implemented using common scikit-learn
python libraries [27] as well as the AI Fairness 360 (AIF 360) li-
brary [5] for fairness adjustments. All experiments are performed
on a Linux server with Intel®Xeon ®Platinum 8570 CPUs.

5.1 Datasets
We use two types of datasets and corresponding distribution
shifts: (i) Real and synthetic baselines with simulated shifts and
(ii) Real baseline with real shift.

Regarding the former, we follow common practice in research
on drift analysis, where specific data shifts are deliberately intro-
duced into baseline datasets. This allows us to test C-SHIFT un-
der varying severity of the divergence between the In-Distribution
(ID) training and test set, and the Out-Of-Distribution (OOD) test
set. Specifically, given a baseline dataset 𝐷0, we use a portion
𝐷𝑡𝑟0 to train a corresponding model 𝑓0, such that evaluating 𝑓0
on the ID test set 𝐷test

0 achieves satisfying performance, i.e., high
predictive accuracy and low unfairness. We then modify 𝐷0 to
simulate a shifted version, 𝐷𝑠 , and this provides the OOD test
set 𝐷𝑡𝑒𝑠𝑡𝑠 required to assess the effectiveness and efficiency of
C-SHIFT, as evaluating 𝑓0 against 𝐷𝑡𝑒𝑠𝑡𝑠 is expected to produce
lower accuracy, worse fairness, or both. We conduct experiments
using the three datasets listed in Table 1. Corresponding results
are presented in Sec. 6.

For a real baseline using real data shift, we have used the
New York Stop-and-Frisk (NYSF) dataset [22], describing policing
activities in New York City with racial bias between 2004 and
2024. Assuming that drift continues over time, we have chosen
the first and last years, 2004 and 2024, which capture the extreme
data drifts, to demonstrate its effect on fairness. We report the
results in Appendix (Table 6 and 7).

Table 1: Summary of datasets used in the experiments.

Dataset Total Size Selected Data Size Description

ACSIncome [15] MO: 41,664 rows
NJ: 52,067 rows

Original: Total MO data
Serving: 10,000 NJ samples

Predict whether an individual’s
yearly income exceeds $50K.

COMPAS [2] 5,278 samples Original: 1,700 samples
Serving: 1,910 samples

Assess recidivism risk for pretrial
release decisions.

Synthetic [36] 4,000 samples Original: 2,000 samples
Serving: 2,000 samples

Generated under fairness-aware ex-
perimental settings for bias analy-
sis.

NYPD [26]
(Details see A.2)

685,724 samples Original: 10,506 samples of
year 2017
Serving: 10,000 samples of
year 2024

Record New York City stop-and-
frisk encounters (2004-2024) with
documented racial bias patterns.

5.2 Generating simulated data shifts
ACSIncome. [15], described in Sec. 1, contains US population

data demographics, partitioned by State. The classification task
is predicting whether an individual’s yearly income exceeds
$50𝐾/𝑦𝑒𝑎𝑟 . Each pair of States provides a natural simulation
of data shift, namely a In-Distribution (ID) training and Out-Of-
Distribution (OOD) test pair of datasets. To identify the most
harmful shifts between two States 𝑆1, 𝑆2, we introduce a simple
measure of Performance Distance in accuracy and fairness when
using ID and OOD test datasets from 𝑆1 and 𝑆2, respectively. This
approach provides the exact metric we need for the experiments,
with the advantage of being agnostic to the specific nature of
the shift, as we only measure its effect on the model. For simplic-
ity, we have used datasets from 22 States, containing more than
30,000 records. Performance Distance PD is defined as:

PD = 𝐴ID −𝐴OOD + 𝐹OOD − 𝐹ID (7)

where 𝐴ID and 𝐴OOD denote the accuracy on ID and OOD, re-
spectively, and 𝐹ID and 𝐹OOD denote the corresponding fairness
metrics (DP). For simplicity, to simulate the changes of underlying
fairness patterns in a model, we apply the basic Reweighting [21]
method as the fairness adjustments here. After calculating all
distances for each pair of States, we find the top-3 pairs:

MO→NJ(0.116), MA→ IN(0.093), TN→NJ(0.087),

in the form ⟨𝑡𝑟𝑎𝑖𝑛𝑖𝑛𝑔𝑆𝑡𝑎𝑡𝑒⟩→ ⟨𝑡𝑒𝑠𝑡𝑆𝑡𝑎𝑡𝑒⟩(distance). Following
this analysis, we use the MO→ NJ pair for evaluation on the
ACSIncome dataset as it provides the most extreme scenario,
though others are also available.

COMPAS. [2] is one of the more widely used model fairness
benchmark datasets. It holds data about convicted individuals,
and the task is to predict the risk of re-offending if an individual
is released on parole. To simulate shifts, we split the dataset into
𝑘 disjoint age groups {𝐺1,𝐺2, . . . ,𝐺𝑘 } based on age quantiles.
Following a pattern similar to ACSIncome, after standard pre-
processing on each age group 𝐺𝑖 , we train pairs of models using
LR and LR+RW models, and calculate a matrix where each model
is evaluated on the test set for each other group. The pair that
exhibits the max distribution shift is chosen for the experiment.
In our experiments, we use 𝑘 = 3.

Synthetic data. To generate synthetic data, we follow the ap-
proach in [36]. Two-dimensional datasets of the form (𝑥1, 𝑥2)
with outcome 𝑦 are generated using multivariate Gaussian distri-
butions: sample (𝑥1, 𝑥2, 𝑦) is drawn from class-conditional Gauss-
ian distributions:

(𝑥1, 𝑥2) |𝑦 = 1 ∼ N((2, 2)𝑇 , Σ1), (𝑥1, 𝑥2) |𝑦 = 0 ∼ N((−2,−2)𝑇 , Σ0),

where Σ0 = [[10, 1], [1, 3]]𝑇 and Σ1 = [[5, 1], [1, 5]]𝑇 .
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To introduce bias in the sensitive attribute 𝑧, first, a rota-
tion transformation is applied to the feature coordinates: x′ =
𝑅(𝜋/𝑘)x, where 𝑅(𝜃 ) = [[cos𝜃,− sin𝜃 ], [sin𝜃, cos𝜃 ]]𝑇 , k de-
notes the rotation factor that controls induced bias.

Then, the sensitive attribute 𝑧 is generated probabilistically
based on the rotated features (𝑥 ′1, 𝑥

′
2). For each sample, we com-

pute the probability densities under both class-conditional dis-
tributions: 𝑝1 = N(𝑥 ′

𝑖
| 𝜇1, Σ1), 𝑝2 = N(𝑥 ′

𝑖
| 𝜇2, Σ2) and nor-

malise them to get 𝑝1 and 𝑝2. The sensitive attribute 𝑧 is assigned
according to 𝑧𝑖 ∼ Bernoulli(𝑝1).

We create synthetic datasets with 2,000 samples each, where
the rotation factor 𝑘 controls the degree of data biases. The origi-
nal training data uses 𝑘 = 4, while the serving data uses 𝑘 = 2,
introducing different systematic biases that affect the relation-
ship between sensitive attributes and class labels. Each dataset
contains binary labels (positive/negative) and a binary sensitive
attribute 𝑧 ∈ {0, 1}, where 𝑧 = 0, 𝑧 = 1 represents protected /
unprotected groups, respectively.

5.3 Model Training and Model Metrics
We evaluate our method using Logistic Regression (LR) and
Multi-Layer Perceptron, abbreviated as NN (Neural Network)
in the following. Given an ID, OOD test set pair 𝐷0, 𝐷𝑡 , model
training on 𝐷0 follows the standard 60%/20%/20% split approach
for training/validation/test sets with 5-fold cross-validation to
set hyperparameters, and optimising for fairness. The experi-
mental serving data is randomly sampled from the full serving
dataset. For experiments involving random selection, we con-
duct multiple independent runs to account for stochastic varia-
tion. We use Demographic Parity (DP) [18] and Equalised Odds
(EO) [19], defined earlier, as our fairness objectives. They are
calculated as: DP = max𝑧∈Z | Pr(𝑦 = 1 | 𝑧 = 𝑧) − Pr(𝑦 = 1) |, and
EO = max𝑧∈Z,𝑦∈Y | Pr(𝑦 = 𝑦 | 𝑧 = 𝑧,𝑦 = 𝑦) −Pr(𝑦 = 𝑦 | 𝑦 = 𝑦) |.

Models are then evaluated separately on 𝐷𝑠 , 𝐷𝑡 , the training
and test are repeated with different random seeds, and the av-
erage Accuracy and Fairness performance pairs for each set of
experiments are recorded.

5.4 Baselines
We compare C-SHIFT against the following baselines.

• Fully Retrained refers to globally retraining using all
serving data points in a batch.
• Random Select randomly picks a number of serving data

points equal to the number of data points selected by C-
SHIFT. In practice, this isC-SHIFTwith random selection
of data points, as opposed to those identified as harmful
by the clustering.
• Data Distributions with Low Accuracy (DDLA) detec-

tion [16], a method that provides precise selection of harm-
ful data points in the serving data, but is driven entirely
by accuracy and ignores fairness.

To each of the baseline methods, we apply the following fairness-
adjustment strategies: (1) Reweighting method according to the
expected fair (group, label) combination [21] globally. (2) Adver-
sarial Debiasing [37] optimises a classifier to improve prediction
accuracy while limiting the extent to which an adversary can ex-
ploit predictions to identify sensitive attributes. (3) Reduction [1]
reframes fairness constraints as standard predictive learning tasks
by applying techniques such as reweighting or resampling.

5.5 Restoring the model
Once the harmful data samples have been selected, we compare
two model update methods aimed at restoring accuracy and
fairness. Firstly, Retrain from scratch simply involves fully
retraining the model from scratch, using the original training
dataset along with the selected samples from serving data. In
contrast, Fine-tuning employs incremental training, which is
available for our target models (LR and NN), to efficiently update
the original model. To achieve this, we utilise the "warm_start"
parameter on the underlying scikit-learn estimator and invoke
the fairness-aware algorithms with the new data, allowing the
model to incrementally adjust fairness constraints. More specifi-
cally, when fine-tuning an LR model, the current coefficients and
intercept from the existing model are used as a starting point for
training the new model. Then, the model is further trained on
the target dataset with a limited number of iterations. This pro-
cedure utilises a mechanism with parameter initialisation from
the pre-trained model, allowing continued optimisation from
previous coefficients and intercepts [9]. Besides, the NN model
is fine-tuned in a similar way, starting from the initial weights
and biases of each layer. To prevent catastrophic forgetting, the
learning rate is reduced, and the number of training iterations is
constrained. This strategy allows the MLP to gradually adapt its
representations to the target dataset while preserving knowledge
from the source domain [35].

6 Results
6.1 Effectiveness and Efficiency
Our main claims are that C-SHIFT achieves two key advantages:
(1) it maintains both accuracy and fairness under distribution
shift; (2) it reduces computational cost by selecting fewer samples
while matching the comparable performance under two strate-
gies, namely retraining from scratch, and fine-tuning. Regarding
the retraining strategy, the main results supporting these claims
are presented in Tables 2 and 3. Due to space constraints, similar
results for the synthetic dataset, which simulates only severe fair-
ness problems after data shifts but exhibit only minor accuracy
loss, can be found in Appendix A.1. Results for the fine-tuning
strategy are in Table 4 for all three datasets. Please note that in
these Tables, Fully Retrained-F and Random Select-F are the
fairness-aware versions of the respective baseline methods, with
the corresponding Fairness Adjustment method in the first col-
umn. Also, we omit the samples column as the retained harmful
data after applying C-SHIFT is the same as retraining scenarios.

We observe similar result patterns when using the retraining
strategy. The first three rows without fairness interventions show
the highest accuracy, but with poor fairness performance. Inside
this, the accuracy with fully retraining is considered the real up-
per bound on each dataset. Meanwhile, the DDLA method, which
can select much less data than the whole batch, does not take fair-
ness into account, again resulting in poor fairness performance.
For the results that involve Reweighting (RW) [21], Reduction
(RD) [1], and Adversarial Debiasing (AD) [37] approaches, Ran-
dom Select-F always shows worse performance compared to Fully
Retrained-F. In comparison, our C-SHIFT consistently obtains
comparable results on effectiveness with Fully Retrained-F, while
improving efficiency through retraining with much fewer sam-
ples to improve efficiency.

Regarding the fine-tuning strategy, we observe that the results
in Table 4 are similar to those in Table 2, 3, and 5. Fine-tuning
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Table 2: Performance evaluation on ACSIncome-New Jersey (NJ) test data with original data from Missouri (MO) using
retraining from scratch w.r.t. efficiency and effectiveness metrics on LR and NN.

Fairness
Adjustment Method

LR NN
Efficiency Effectiveness Efficiency Effectiveness

Samples↓ Time (s)↓ Acc↑ DP↓ EO↓ Samples↓ Time (s)↓ Acc↑ DP↓ EO↓

None
Random Select 11.286% .143±.029 .745±.003 .131±.001 .157±.004 10.010% 3.045±1.007 .759±.005 .112±.007 .123±.009

Fully Retrained 100.000% .165±.007 .762±.001 .128±.001 .142±.001 100.000% 3.273±1.223 .769±.006 .104±.004 .108±.010

DDLA 11.286% .131±.012 .750±.001 .136±.004 .177±.005 10.010% 2.619±1.278 .754±.006 .119±.003 .140±.004

Reweighting [21]
Random Select-F 35.030% .137±.018 .731±.004 .076±.002 .055±.004 33.900% 5.300±1.281 .747±.006 .058±.007 .020±.010

Fully Retrained-F 100.000% .164±.017 .751±.001 .061±.002 .036±.002 100.000% 8.824±4.772 .762±.004 .042±.003 .006±.003
C-SHIFT 35.030% .137±.007 .745±.005 .063±.002 .049±.005 33.900% 5.434±2.841 .758±.009 .041±.006 .010±.009

Reduction [1]
Random Select-F 36.047% 1.805±.155 .738±.002 .043±.001 .016±.001 33.437% 81.949±9.005 .740±.006 .048±.002 .013±.003

Fully Retrained-F 100.000% 2.430±.165 .758±.001 .031±.001 .007±.001 100.000% 110.922±11.021 .759±.006 .031±.003 .008±.005

C-SHIFT 36.047% 1.836±.136 .753±.002 .030±.001 .008±.001 33.437% 77.528±20.192 .751±.005 .036±.004 .008±.003

Adversarial
Debiasing [37]

Random Select-F 34.070% 6.273±.531 .737±.005 .070±.007 .047±.004 33.970% 6.185±.672 .738±.005 .070±.007 .051±.012

Fully Retrained-F 100.000% 7.536±.130 .760±.003 .068±.004 .065±.009 100.000% 7.558±.155 .760±.003 .068±.005 .065±.009

C-SHIFT 34.070% 6.084±.415 .753±.007 .059±.003 .035±.014 33.970% 6.051±.345 .755±.005 .060±.010 .035±.012

Table 3: Performance evaluation on COMPAS-serving test data with original data from COMPAS-original using retraining
from scratch w.r.t. efficiency and effectiveness metrics on LR and NN.

Fairness
Adjustment Method

LR NN
Efficiency Effectiveness Efficiency Effectiveness

Samples↓ Time (s)↓ Acc↑ DP↓ EO↓ Samples↓ Time (s)↓ Acc↑ DP↓ EO↓

None
Random Select 30.060% .006±.001 .597±.005 .158±.010 .139±.010 31.070% .274±.050 .630±.010 .234±.015 .230±.015

Fully Retrained 100.000% .006±.001 .622±.005 .145±.010 .148±.010 100.000% .289±.050 .640±.010 .280±.020 .249±.020

DDLA 30.060% .006±.001 .614±.005 .125±.008 .123±.008 31.070% .274±.050 .627±.010 .205±.015 .196±.015

Reweighting [21]
Random Select-F 32.765% .060±.030 .595±.006 .079±.016 .153±.012 32.533% .143±.060 .614±.009 .062±.036 .092±.048

Fully Retrained-F 100.000% .075±.041 .618±.001 .061±.005 .142±.010 100.000% .190±.023 .619±.012 .074±.051 .107±.007

C-SHIFT 32.765% .055±.029 .617±.006 .043±.027 .123±.033 32.533% .197±.139 .600±.044 .034±.008 .081±.035

Reduction [1]
Random Select-F 24.622% .089±.027 .499±.033 .099±.015 .087±.012 21.933% 1.183±.166 .487±.041 .091±.033 .082±.029

Fully Retrained-F 100.000% .124±.010 .597±.003 .114±.004 .133±.006 100.000% 1.752±.079 .612±.006 .110±.011 .088±.015

C-SHIFT 24.622% .087±.106 .579±.069 .037±.031 .036±.023 21.933% 1.014±.090 .581±.067 .053±.040 .047±.026

Adversarial
Debiasing [37]

Random Select-F 37.533% .616±.136 .597±.010 .078±.044 .081±.046 36.232% .568±.091 .601±.007 .071±.027 .080±.041

Fully Retrained-F 100.000% .758±.088 .623±.008 .033±.010 .037±.022 100.000% .683±.002 .633±.004 .032±.012 .033±.017
C-SHIFT 37.533% .571±.052 .606±.010 .037±.033 .041±.012 36.232% .562±.050 .621±.012 .034±.020 .036±.012

models requires less time to update compared to retraining under
the same fairness adjustments on the same dataset.

In summary, all three Tables show that C-SHIFT consistently
requires much less data from the full dataset for both retraining
and fine-tuning, substantially reducing the data annotation bur-
den in other application scenarios such as active learning [30].
Compared to the Fully Retrained-F baseline that processes the
entire new data chunk, our approach achieves comparable pre-
dictive accuracy and fairness metrics while using significantly
fewer labeled samples, while it outperforms Random Select-F in
both accuracy and fairness. The benefits of C-SHIFT remain
robust across different fairness adjustment techniques and model
architectures (both LR and NN). This consistency validates that
harmful shift detection can be a general principle for efficient
fairness-aware model adaptation.

6.2 Results on a Sequence of Data Chunks
To demonstrate the effectiveness of the proposed method un-
der realistic streaming settings, we design a sequential chunk
processing experiment where data arrive over time. Specifically,
by leveraging the same method simulating data drifts on AC-
SIncome [15] in Sec. 5.2, the serving dataset is then randomly
shuffled and partitioned into 𝑁 = 5 non-overlapping data chunks

without replacement, each containing 5,000 samples. The chunks
are processed sequentially to simulate a streaming environment.

At each time step, the newly arrived data chunk is incorpo-
rated into the learning process. For simplicity, we conduct the
experiments on the LR model with reweighting as the fairness
adjustments and retraining from scratch (with the same setting in
Table 2). We compare the fully retrained baseline approach with
our C-SHIFT method. For each chunk, we evaluate the model
performance on the cumulative dataset using three metrics: clas-
sification accuracy, demographic parity (DP), and equalized odds
(EO). In addition, we report the selected number of samples pro-
cessed over time.

Figure 3 summarises the experimental results under the se-
quential data chunk setting. As shown in the first graph, the
accuracy of C-SHIFT closely tracks that of the fully retrained
baseline across all data chunks. The second graph reports the
fairness metrics. Across all chunks, C-SHIFT achieves fairness
levels comparable to those of the fully retrained model. These
results suggest that the proposed method is able to effectively
control bias under streaming data distributions, while maintain-
ing accuracy as new data are incorporated. At last, the third
graph illustrates the cumulative number of samples processed
over time. As expected, the sample size selected by C-SHIFT is
much less than the whole data chunk.
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Table 4: Performance evaluation across three datasets with fine-tuning w.r.t. efficiency and effectiveness metrics on LR and
NN models.

Dataset Fairness
Adjustment Method

LR NN
Efficiency Effectiveness Efficiency Effectiveness
Time (s)↓ Acc↑ DP↓ EO↓ Time (s)↓ Acc↑ DP↓ EO↓

ACSIncome [15]

Reweighting [21]
Random Select-F .030±.004 .745±.003 .066±.004 .051±.004 .775±.411 .752±.002 .060±.013 .031±.009

Fully Retrained-F .032±.004 .766±.001 .048±.001 .029±.002 2.137±1.097 .770±.004 .050±.002 .022±.007

C-SHIFT .028±.008 .757±.005 .052±.004 .032±.004 .767±.356 .769±.004 .034±.010 .022±.006

Reduction [1]
Random Select-F .781±.163 .743±.004 .045±.005 .035±.008 18.305±12.378 .754±.021 .036±.008 .032±.010

Fully Retrained-F 1.096±.179 .762±.002 .036±.003 .021±.005 48.278±8.696 .775±.002 .031±.006 .029±.006

C-SHIFT .767±.132 .760±.003 .034±.009 .018±.004 15.542±9.821 .767±.086 .029±.012 .018±.001

Adversarial
Debiasing [37]

Random Select-F 6.988±.224 .747±.005 .067±.005 .062±.007 7.607±.689 .751±.005 .067±.005 .062±.007

Fully Retrained-F 7.638±.132 .757±.000 .047±.003 .029±.006 7.737±.223 .757±.000 .047±.003 .029±.006
C-SHIFT 6.973±.167 .755±.004 .053±.006 .034±.014 7.364±.837 .755±.007 .047±.006 .034±.014

COMPAS [2]

Reweighting [21]
Random Select-F .013±.013 .609±.003 .047±.007 .027±.010 .156±.180 .625±.026 .082±.048 .078±.041

Fully Retrained-F .014±.013 .654±.003 .038±.002 .014±.002 .235±.092 .643±.006 .037±.006 .065±.004
C-SHIFT .012±.015 .649±.000 .031±.000 .015±.000 .140±.042 .632±.041 .047±.073 .070±.046

Reduction [1]
Random Select-F .104±.066 .652±.017 .087±.017 .072±.018 1.275±.429 .639±.030 .056±.019 .038±.007

Fully Retrained-F .129±.002 .676±.001 .082±.006 .054±.006 2.155±.311 .656±.015 .087±.019 .054±.015

C-SHIFT .064±.003 .660±.003 .050±.002 .036±.001 .905±.168 .649±.023 .043±.014 .027±.021

Adversarial
Debiasing [37]

Random Select-F .729±.119 .615±.004 .071±.020 .069±.042 .724±.114 .617±.005 .078±.019 .062±.034

Fully Retrained-F .785±.007 .626±.001 .056±.010 .052±.021 .812±.007 .626±.001 .052±.064 .057±.009

C-SHIFT .661±.024 .627±.006 .058±.044 .041±.046 .719±.101 .627±.006 .060±.044 .051±.046

Synthetic [36]

Reweighting [21]
Random Select-F .002±.000 .870±.003 .165±.004 .080±.004 .063±.020 .878±.007 .104±.023 .080±.032

Fully Retrained-F .002±.000 .880±.001 .164±.003 .083±.004 .086±.012 .888±.001 .102±.009 .085±.004

C-SHIFT .002±.000 .873±.000 .108±.010 .070±.034 .063±.017 .878±.016 .091±.040 .073±.031

Reduction [1]
Random Select-F .057±.002 .827±.017 .135±.083 .108±.024 2.629±2.175 .850±.027 .137±.019 .151±.027

Fully Retrained-F .066±.004 .830±.000 .112±.000 .090±.000 2.190±.120 .859±.015 .120±.022 .094±.023

C-SHIFT .058±.006 .829±.001 .123±.004 .090±.008 1.216±.097 .846±.001 .113±.006 .073±.005

Adversarial
Debiasing [37]

Random Select-F .682±.109 .880±.002 .120±.005 .081±.005 .659±.013 .880±.002 .120±.005 .081±.005

Fully Retrained-F .771±.014 .884±.001 .106±.001 .071±.004 .774±.009 .884±.001 .106±.001 .071±.002

C-SHIFT .648±.024 .880±.002 .110±.004 .071±.005 .640±.012 .880±.004 .107±.004 .069±.005

Overall, these results demonstrate that C-SHIFT can achieve
performance and fairness comparable to full retraining in se-
quential data settings, while avoiding the computational cost
associated with retraining models from scratch at each time step.
This highlights the practicality of the proposed method for real-
world applications involving continuous data arrival.

6.3 Visualisation of Harmful Data
To intuitively demonstrate which portions of data C-SHIFT can
identify, we conduct experiments on synthetic datasets following
the same simulation described in Sec. 5.2. Figure 4 presents the re-
sults across four panels. The first two plots from the left show the
distribution of classes and sensitive groups under data generation
with 𝑘 = 4 and 𝑘 = 2. Since the sensitive attribute 𝑧 of different 𝑘
are all assigned through probabilities on which Gaussian distri-
bution the data instances belong to after simple rotation from the
initial data, we can clearly identify which portions of the data
exhibit group discrimination when transitioning from 𝑘 = 4 to
𝑘 = 2. These biased instances observed with the ground truth are
marked with colored points in the third column (Ground Truth
Biased Data), while unbiased instances are shown in gray. The
fourth column displays the data identified as harmful shifts by
C-SHIFT with parameters 𝜆 = 0.5, HarmScore threshold 𝜏 = 0.3,
and distance threshold 𝑟 = 3.5. These parameters are chosen to
effectively detect the most harmful regions. Notably, the dense
colored regions in the third column (ground truth) align well with
those detected in the fourth column, with our method regarding
72.4% of the instances as severely problematic, concentrating in

specific regions of the feature space where distributional shifts
most severely impact fairness. This demonstrates C-SHIFT’s
capability to localise biased data regions in the feature space.

Figure 5 presents the regional harm analysis, where the data
feature space is partitioned into spatial regions by C-SHIFT and
each region’s contribution to model performance is quantified by
𝐻𝑎𝑟𝑚𝑆𝑐𝑜𝑟𝑒 .𝐻𝑎𝑟𝑚𝑆𝑐𝑜𝑟𝑒 intuitively aggregates the impact degree
on model performance (including accuracy and fairness) through
color intensity—darker colors indicate higher harm. Each region
size is controlled by 𝑑 , 𝜆 defines the tradeoff between accuracy
and fairness effects, and 𝜏 determines which data points are
classified as harmful. Note that the parameters here are selected
for visualisation purposes to demonstrate the detection of the
most harmful shifts without hyperparameter optimisation.

6.4 Hyperparameter Sensitivity Test
The effectiveness of our approach depends on an appropriate
parameter selection. To evaluate the robustness of our framework
and provide more practical results for hyperparameter sensitiv-
ity, we conduct a sensitivity analysis on the three parameters:
distance threshold (𝑟 ), fairness contribution (𝜆), and 𝐻𝑎𝑟𝑚𝑆𝑐𝑜𝑟𝑒
threshold (𝐻 / 𝜏). This analysis examines how variations in each
parameter affect fairness metrics, model accuracy, and computa-
tional efficiency (measured as retrained samples).

We employ a controlled single-parameter variation methodol-
ogy to isolate the effects of each hyperparameter, i.e., fixing the
other two parameters when testing different configurations on
one parameter. The results are shown in Figure 6, 7, and 8.
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Figure 3: Experimental results under a sequential data chunk setting. Data arrive in five non-overlapping chunks processed
sequentially. We report (left) classification accuracy, (middle) fairness metrics including demographic parity (DP) and
equalised odds (EO), and (right) the number of samples with colors arranged from darker to lighter as the data sequence
progresses.
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Figure 4: Visualisation of our harmful shift detection on synthetic data, showing that C-SHIFT can localise the problematic
data intuitively. Detected harmful data points are marked in blue or green.
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Figure 5: Visualisation of the impact of harmful shift (bal-
ance fairness and performance) of each data region. Harm-
Score aggregates these impacts according to application-
specific priorities, where colours indicate regions that dis-
proportionately harm model behaviours under data shifts.

In Figure 6, we examine the performance changes based on
different 𝜆 values that define how much the fairness effects con-
tribute to the overall HarmScore. We notice that when 𝜆 > 0.5, DP
and EP show obvious increases. Additionally, 𝜆 serves as an ef-
fective control for balancing fairness and performance objectives
according to application-specific requirements.

Figure 7 illustrates the impact of the HarmScore threshold 𝜏 on
performances. As the HarmScore threshold increases, less data

Figure 6: Sensitivity analysis of the fairness trade-off hy-
perparameter 𝜆 with fixed 𝑟 = 4.0, 𝜏 = 0.2, showing how
varying 𝜆 affects model accuracy, fairness metrics, and the
number of selected samples.

will be selected, thus causing the degradation of performance
(i.e., lower accuracy and higher biases). This phenomenon can
indicate that aggressive filtering with high thresholds can sub-
stantially reduce the serving data size, leading to insufficient data
for model learning. Notably, with the threshold higher than 0.3,
the accuracy and fairness start showing obvious degradation.
Additionally, different 𝜆 values, denoted by three colours, are
also plotted in Figure 7, indicating that higher 𝜆 does focus more
on fairness problems.

From Figure 8, we can tell thatC-SHIFT is mostly not sensitive
to the distance threshold when the other two parameters are fixed,
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Figure 7: Sensitivity analysis of the hyperparameter Harm-
Score threshold 𝜏 with fixed 𝑟 = 4.0, 𝜆 = 0.5, showing how
varying 𝜏 affects the metrics.

Figure 8: Sensitivity analysis of the hyperparameter dis-
tance threshold 𝑟 with fixed 𝜆 = 0.5, 𝜏 = 0.2, showing how
varying 𝑟 affects the metrics.

indicating that it can refine the sample selection by controlling
the sizes of data groups without drastically altering the fairness-
accuracy landscape. Consequently, practitioners can tune 𝜆 and
the HarmScore threshold as primary hyperparameters, while
using the distance threshold as a secondary control for fine-
grained adjustments.

7 Conclusions
In this work, we have addressed the problem of simultaneously
and efficiently restoring model accuracy and fairness in response
to data distribution shifts that occur between training and serving
data. A naive approach to the problem entails either retraining
the model from scratch, or “fine-tuning” the model using the
entire serving data. In a deployment setting, such interventions
will be recurring with each new batch of serving data, making
them inefficient. In contrast, we propose a local approach, C-
SHIFT, based on the observation that not all of the serving data
is equally detrimental to either accuracy or fairness. C-SHIFT, a
cluster-based method, accurately identifies harmful data regions
in a batch of serving data and only uses those for retraining or
fine-tuning. Experimental results obtained using real-world as
well as synthetic datasets indicate that, compared with multi-
ple baselines, substantial savings in the number of data points

required to restore the model can be achieved, without sacrific-
ing much accuracy and performance. Finally, our current study
mainly focuses on binary classification with a single protected
attribute. Extending C-SHIFT to multi-class settings and inter-
sectional fairness definitions is a natural direction for future
work. This can be achieved by adopting standard multi-class
performance measures and by computing cluster-level fairness
over intersectional sensitive groups, without changing the core
clustering and HarmScore-based selection mechanism.

Artifacts
The data, implementation code, and test examples are available
at: https://github.com/yijieli-cs/harmful_data_shifts.
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A Appendix: Experiments
A.1 Experimental Result on Synthetic Data
Due to space constraints, in Sec. 6.1 we reported results on the
synthetic dataset when using fine-tuning. The corresponding
results when retraining the model from scratch are presented
here in Table 5.

A.2 Experimental Results on New York Police
Department (NYPD)

We report additional results on the New York Police Department
(NYPD) stop and frisk dataset [26], which is a real dataset from the
policing activities in New York City with racial bias, following the
same evaluation protocol described in Sec. 6.1. The most recent
datasets that contain the same features cover the range from 2003
through 2024. Assuming that drift continues over time, we have
chosen the first and last years, 2003 and 2024, which capture the
extreme data drifts, to demonstrate its effect on accuracy and
fairness. We report the results in Table 6 and 7.
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Table 5: Performance evaluation on Synthetic-serving test data with original data from Synthetic-original using retraining
from scratch w.r.t. efficiency and effectiveness metrics on LR and NN.

Fairness
Adjustment Method

LR NN
Efficiency Effectiveness Efficiency Effectiveness

Samples↓ Time (s)↓ Acc↑ DP↓ EO↓ Samples↓ Time (s)↓ Acc↑ DP↓ EO↓

None
Random Select 5.400% .007±.001 .880±.005 .246±.010 .126±.010 8.000% .147±.020 .868±.010 .188±.015 .115±.015

Fully Retrained 100.000% .007±.001 .885±.005 .244±.010 .115±.010 100.000% .151±.020 .887±.010 .183±.015 .130±.012

DDLA 5.400% .007±.001 .883±.005 .241±.010 .071±.008 8.000% .147±.020 .875±.010 .181±.012 .121±.010

Reweighting [21]
Random Select-F 35.933% .004±.003 .869±.002 .145±.005 .120±.007 38.667% .132±.063 .878±.005 .150±.010 .117±.014

Fully Retrained-F 100.000% .019±.019 .875±.000 .155±.000 .075±.000 100.000% .196±.010 .879±.003 .144±.010 .108±.001

C-SHIFT 35.933% .004±.003 .870±.002 .113±.002 .080±.003 38.667% .132±.057 .876±.003 .139±.001 .107±.003

Reduction [1]
Random Select-F 26.444% .061±.044 .815±.011 .214±.010 .192±.012 20.156% 2.321±.333 .868±.011 .157±.014 .128±.020

Fully Retrained-F 100.000% .102±.020 .881±.001 .142±.001 .116±.000 100.000% 3.629±.602 .878±.003 .134±.007 .111±.008
C-SHIFT 26.444% .056±.006 .864±.006 .154±.006 .122±.001 20.156% 2.159±.290 .876±.005 .139±.004 .113±.003

Adversarial
Debiasing [37]

Random Select-F 13.533% .647±.030 .879±.002 .131±.004 .085±.006 13.533% .554±.086 .880±.002 .121±.004 .091±.006

Fully Retrained-F 100.000% .737±.013 .883±.002 .110±.003 .075±.003 100.000% .743±.003 .883±.002 .109±.005 .073±.002

C-SHIFT 13.533% .648±.237 .879±.001 .112±.003 .071±.005 13.533% .523±.040 .879±.001 .112±.003 .071±.006

Table 6: Performance evaluation on NYPD test data with original data from year 2003 and serving data from year 2024
using retraining from scratch w.r.t. efficiency and effectiveness metrics on LR and NN.

Fairness
Adjustment Method

LR NN
Efficiency Effectiveness Efficiency Effectiveness

Samples↓ Time (s)↓ Acc↑ DP↓ EO↓ Samples↓ Time (s)↓ Acc↑ DP↓ EO↓

None
Random Select 19.820% .214±.031 .781±.004 .073±.006 .062±.007 19.430% 5.612±1.204 .763±.006 .051±.010 .048±.012

Fully Retrained 100.000% .246±.012 .789±.002 .068±.004 .054±.005 100.000% 6.088±1.010 .791±.004 .043±.007 .036±.010

DDLA 19.820% .198±.020 .785±.003 .081±.008 .076±.009 19.430% 4.903±1.332 .784±.005 .064±.009 .055±.013

Reweighting [21]
Random Select-F 33.740% .227±.024 .751±.005 .052±.004 .051±.005 32.980% 9.744±2.110 .756±.007 .054±.010 .058±.012

Fully Retrained-F 100.000% .261±.015 .759±.003 .033±.003 .030±.004 100.000% 12.381±2.944 .766±.005 .036±.006 .016±.008
C-SHIFT 33.740% .219±.011 .757±.004 .035±.004 .041±.006 32.980% 9.318±1.982 .763±.006 .067±.007 .018±.009

Reduction [1]
Random Select-F 35.910% 2.914±.206 .744±.004 .060±.003 .021±.003 34.260% 48.352±12.905 .746±.008 .064±.004 .020±.004

Fully Retrained-F 100.000% 3.302±.241 .762±.003 .053±.002 .015±.002 100.000% 66.408±15.771 .763±.007 .045±.003 .016±.004
C-SHIFT 35.910% 3.006±.173 .750±.003 .052±.002 .016±.002 34.260% 41.227±18.340 .761±.007 .047±.004 .017±.004

Adversarial
Debiasing [37]

Random Select-F 34.120% 8.216±.604 .742±.006 .081±.008 .066±.009 33.840% 8.108±.821 .744±.007 .063±.009 .067±.012

Fully Retrained-F 100.000% 8.904±.231 .760±.004 .056±.006 .049±.010 100.000% 8.975±.266 .761±.005 .048±.008 .046±.011

C-SHIFT 34.120% 7.988±.417 .758±.005 .051±.005 .049±.012 33.840% 7.901±.392 .753±.006 .043±.007 .042±.012

Table 7: Performance evaluation on NYPD with fine-tuning w.r.t. efficiency and effectiveness metrics on LR and NNmodels.

Dataset Fairness
Adjustment Method

LR NN
Efficiency Effectiveness Efficiency Effectiveness
Time (s)↓ Acc↑ DP↓ EO↓ Time (s)↓ Acc↑ DP↓ EO↓

NYPD

Reweighting [21]
Random Select-F .061±.010 .749±.004 .060±.004 .051±.005 2.944±0.910 .745±.006 .055±.010 .029±.010

Fully Retrained-F .066±.009 .764±.003 .032±.003 .029±.004 3.701±1.034 .765±.005 .037±.006 .020±.008
C-SHIFT .058±.008 .758±.004 .035±.004 .033±.006 2.631±0.802 .762±.006 .038±.007 .021±.009

Reduction [1]
Random Select-F 1.183±.240 .755±.004 .060±.003 .021±.003 38.462±10.188 .747±.009 .064±.004 .020±.004

Fully Retrained-F 1.329±.215 .762±.003 .044±.002 .015±.002 44.019±11.220 .764±.008 .045±.003 .016±.004
C-SHIFT 1.092±.188 .760±.003 .042±.002 .016±.002 35.908±9.761 .761±.008 .057±.004 .017±.004

Adversarial
Debiasing [37]

Random Select-F 2.901±.311 .733±.006 .052±.008 .046±.009 3.021±.352 .734±.007 .053±.009 .059±.012

Fully Retrained-F 3.114±.204 .740±.004 .046±.006 .038±.010 3.182±.233 .741±.005 .048±.008 .031±.011

C-SHIFT 2.736±.271 .738±.005 .032±.005 .030±.012 2.892±.260 .740±.006 .043±.007 .022±.012
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