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Abstract
Ensuring fairness in machine learning is particularly challenging
when data distributions shift between the training and serving
phases. Such data drift can degrade model performance and worsen
biases against underrepresented populations. We present Drift-
Fair, a socio-technical pipeline that detects harmful drift, interprets
where fairness is at risk, and mitigates biased outcomes through
targeted data augmentation. First, DriftFair locates low-accuracy
regions correlated with fairness-sensitive attributes, labeling them
as “unfairness-prone.” It then monitors changes in these regions
under new data; if fairness metrics deteriorate, we classify the drift
as harmful and selectively retrain the model with synthetic samples
to rebalance the representation. Throughout, social science insights
guide threshold definition, identify sensitive attributes, and con-
textualize distributional changes. Experiments on the U.S. Census
Bureau’s American Community Survey (ACS) and the COMPAS
dataset show that our pipeline preserves fairness under realistic
shifts, underscoring the importance of integrating technical detec-
tion strategies with social-contextual understanding.

1 Introduction
Machine learning (ML) is increasingly used to make decisions with
high social impact like hiring, medical diagnosis, education, and
criminal justice. These applications directly impact people’s lives
and can harm our society if not designed and engineered with fair-
ness and ethics considerations. Previous work studied the existence
and effects of disparities in ML applications and suggest they can
be observed in society at various levels and perpetuated in ML
applications [31].

Potential sources of fairness issues in machine learning predic-
tions can arise from biases in the data causing unfair decisions
[11, 29]. One form of bias is data drift [2], which refers to changes
in the distribution of features such as gender, race, sex, and age
among others. It may be harmful as it can negatively impact the per-
formance of machine learning models in a significant way, leading
the models to inaccurate predictions and unfair decision-making.
Data drift occurs in two ways [19, 21]: covariate shift, which refers
to changes in the distribution of input features between training and
serving data; and concept drift which occurs when the relationship
between input features and the target variable changes over time. If
the drift disproportionately affects certain features’ subgroups, this
can lead to an accuracy drop in the model’s performance, as well

as fairness, thus perpetuating and possibly worsening pre-existing
societal biases. Addressing data drift is then crucial to mitigate
unfair decisions.

From a social science perspective, under-representation can
translate into systematic model biases that disproportionately affect
marginalized groups, as illustrated in Figure 1. However, not all
shifts require immediate intervention: if there is a slight decrease
in an already small subpopulation and a corresponding increase
in a majority group, fairness metrics may remain stable, making
costly retraining unnecessary. Thus, the central motivation is to
distinguish between harmful and non-harmful drift in a manner
that robustly preserves fairness without continuously updating
the model for benign distributional changes. To address this, we
introduce DriftFair, a socio-technical framework designed to detect
and mitigate unfairness issues under covariate shifts.

A key challenge is that generic drift detection methods often fail
to assess the social implications of model errors. They may signal
a distributional shift without indicating whether it disproportion-
ately harms sensitive groups. Conversely, existing fairness-aware
methods typically assume a stable data distribution. Designing a
pipeline that pinpoints exactly where feature space bias intensifies
due to data drift while avoiding unwarranted retraining, requires
an integrated approach. Social science expertise is essential for de-
termining which attributes are sensitive in a given societal context,
setting domain-relevant thresholds for harmful drift, and interpret-
ing fairness beyond raw metrics. Moreover, balancing accuracy
and fairness becomes more complex when the serving data do not
mirror training distributions. In high-stakes scenarios, unrecog-
nized biases may reinforce existing disparities, while unnecessary
retraining on every small shift imposes resource and labor costs.
Addressing these issues demands a careful multi-disciplinary ap-
proach that acknowledges the interplay between statistical drift
and social facts. Therefore, we formulate the following research
questions: (RQ1) What is the impact of data drift on fairness? (RQ2)
Can we detect fairness issues during the detection and mitigation
of data drift? (RQ3) Is there a trade-off between accuracy and fair-
ness? (RQ4) How does the choice of a fairness framework impact
different populations?

The remainder of this paper is organized as follows. In Section 2,
we discuss related work on fairness in ML and existing approaches
to data drift detection. Section 3 provides background on data drift
and introduces the formal definitions of fairness metrics used in our



Figure 1: Example of covariate shift. Here, the proportion of initially under-represented groups significantly rises to the point
of being the majority group. An ML model that faces such data drift might reveal its inherent biases towards minority groups.
TPR: True Positive Rate. EO: Equal Opportunity metric, gap being represented by the difference between TPR.

study. Section 4 presents DriftFair, detailing its steps from fairness-
aware drift detection to mitigation strategies, addressing RQ1 and
RQ2. In Section 5, we present experimental results on the ACS
and COMPAS datasets, illustrating how our method identifies and
addresses harmful drift, thus answering RQ3. Section 6 concludes
with a discussion of the broader implications of our socio-technical
perspective and directions for future research. Answers to RQ4 are
provided throughout the paper, as the choice of a fairness frame-
work has implications over the entirety of the pipeline, from the
theoretical conception to its application on real-world data and the
analysis of results.

2 Related Work
2.1 Data Drift
Data drift presents a significant challenge in maintaining fairness
in ML, as shifts in feature distributions can exacerbate biases and
degrade model performance [8]. Several approaches aim to miti-
gate fairness degradation under such conditions. A model-agnostic
framework has been proposed to balance accuracy and multiple
fairness constraints while ensuring theoretical guarantees [43]. An-
other line of work introduces a meta-algorithm that reformulates
fairness constraints into convex classification problems with prov-
able guarantees [12]. To address trade-offs between accuracy and
fairness, a multi-objective optimization framework has been devel-
oped to select Pareto-optimal models, an approach we adopt due to
its flexibility [33].

Beyond static fairness-aware models, recent research explores
fairness under data drift. One approach integrates drift detection
into an entropy-based fairness-aware objective to ensure stability
over time [23]. Decision tree classifiers have also been modified to

maintain statistical parity when deployed in non-stationary envi-
ronments [44]. Another strategy employs Conformance Constraints
to detect drift and adjust models dynamically, either by selecting the
best-matching model (DIFFAIR) or reweighting training samples
(CONFAIR) to align with serving data without requiring sensitive
attributes at inference [41]. However, a comparative study evalu-
ating multiple fairness-aware algorithms under covariate shift re-
veals that no existing method remains fully robust when subgroup-
specific drift is large [15], emphasizing the need for more adaptive
solutions.

2.2 A Socio-Technical Approach to Fairness
Maintaining fairness in ML applications is not only a technical chal-
lenge but is the object of increasingly multidisciplinary research, to
which legal specialists and social scientists contribute [6, 25]. We
argue that fairness has mostly been studied from an ML point of
view, which reinforces a techno-solutionism approach to societal
issues. Such an approach can lead to a decontextualization of issues
that should be countered [7, 8]. The social perspective links fairness
metrics to social practices to better understand the roots of fairness
issues. For example, in hiring applications, it is demonstrated that
job applicants are affected by and relate to gender stereotypes, e.g.
men tend to apply for more technical and ambitious jobs when
compared to women [24]. According to the Gender Equality Di-
vision of UNESCO, ML systems used in the recruitment software
are biased against women [36]. Despite the recent interest of the
research community on fairness in machine learning related to gen-
der biases, more research work and studies are needed to address
gender disparities and make ML applications fairer to all users.
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3 Preliminaries
In this section, we present the concept of data drift and define the
fairness metrics used to assess model performance under evolving
distributions. We then discuss how existing drift detection frame-
works inform our approach to mitigating fairness concerns.

3.1 Data Drift
Data drift, also referred to as data shift, occurs when the distribu-
tion of input features changes between training and serving data. It
can be broadly categorized into covariate shift, where the marginal
distribution of input features changes while the conditional distri-
bution of the target remains the same, and concept drift, where the
relationship between input features and the target variable itself
evolves over time. In this work, we primarily focus on covariate
shift, as it directly impacts model predictions while keeping the
underlying decision boundary relatively stable.

Several methods have been proposed to detect and localize data
drift [1, 5, 27, 39]. Typically, these approaches compare the train-
ing distribution of features Dtrain with the model’s predictions
distribution Dserve. Recent frameworks go further by identifying
where in the feature space the drift occurs, enabling more targeted
responses. Among these, Detection of Drift in Low-Accuracy Areas
(DDLA) [16] pinpoints sub-regions where the model’s predictive
accuracy declines the most when moving from training to serving
data. In this work, we adopt a region-based perspective inspired by
DDLA to precisely capture the interplay between drift and fairness:
we seek not just any drift, but drift that leads to a disproportion-
ate increase in errors for specific subgroups-e.g. determined by
sensitive attributes.

Drift can be harmful from a fairness perspective if it significantly
increases model inaccuracies or disparities for specific subgroups.
We therefore monitor how fairness metrics change when data shift
and localize the drift to low-accuracy regions correlated with sensi-
tive attributes. This provides a more robust identification of biased
outcomes than aggregate measures alone.

3.2 Fairness Metrics
We focus on group-based fairness notions that compare perfor-
mance across demographic subgroups of a sensitive attribute 𝐴,
such as gender, or race. Let 𝑌 be the model’s prediction and 𝑌 the
ground truth. We use two representative metrics in our experiments
[10, 20]:
Demographic Parity (DP), also called Statistical Parity, requires:

𝑃 (𝑌 = 1 |𝐴 = 0) = 𝑃 (𝑌 = 1 |𝐴 = 1),

indicating that a protected group (𝐴 = 1) receives positive outcomes
(here, 𝑌 = 1) at the same rate as the non-protected group (𝐴 = 0).
This metric is used to measure disparities in how different groups
receive beneficial treatment.
Equal Opportunity (EO) focuses on true positive rates:

𝑃 (𝑌 = 1 |𝐴 = 0, 𝑌 = 1) = 𝑃 (𝑌 = 1 |𝐴 = 1, 𝑌 = 1) .

Here, the emphasis is on whether each group have similar recall
(or TPR), which is crucial when false negatives can produce seri-
ous adverse consequences. Other fairness definitions exist, such
as Equalized Odds, Conditional Statistical Parity, but DP and EO

capture two complementary perspectives: overall rate of positive
predictions and error rate disparities on true positives. In the rest
of the paper, we use DP and EO, but our methodology is flexible to
other fairness metrics.

In the next section, we detail our pipeline, which builds on the
above notions of data drift and fairness metrics. Our method classi-
fies drift as harmful only if it magnifies unfairness, and selectively
updates the model with targeted data augmentation rather than
retraining for every observed distributional shift.

4 Proposed Approach
4.1 Formalization
Let Dtrain be the training distribution of (𝑋,𝐴,𝑌 ), where 𝑋 ∈ R𝑑

denotes non-sensitive features, 𝐴 a sensitive attribute, and 𝑌 the
binary label. A model𝑀 : R𝑑 × Ω𝐴 → {0, 1} is trained on samples
fromDtrain. At serving time, samples arrive from a possibly shifted
distributionDserve. We note Rlow ⊆ X×Ω𝐴 as the region where𝑀
has low accuracy with respect to a threshold 𝜏 . Let Runfair ⊆ Rlow
be the subset in which performance disparities across subgroups
(𝐴 = 0) and (𝐴 = 1) are high under a fairness metric F . We note
𝜋unfair (Dserve) the proportion of Dserve lying in Runfair.

A drift is non-harmful if𝜋unfair (Dserve) ≤ 𝜋unfair (Dtrain)+𝛿 and F (Dserve)+
𝛿 ≥ F (Dtrain) for a small𝛿 > 0. Otherwise, if either𝜋unfair (Dserve)
exceeds or F (Dserve) falls behind its training counterpart by more
than some 𝜂 > 𝛿 , the drift is harmful and triggers retraining. Specif-
ically, additional samples are generated to cover R∗

unfair ⊆ Runfair,
where themodel shows biased or inaccurate outcomes underDserve.
Training on these augmented samples is aimed at improving fair-
ness metrics while accommodating the new data distribution.

4.2 DriftFair Architecture
The main steps of our proposed DriftFair approach are depicted in
Figure 2. We present each step in the following subsections.

4.2.1 Fairness model assessment. Our proposed approach starts
with an initial assessment of the model’s performance and fairness
on the test set from the training data. In the rest of the paper, we
will be using the following metrics: accuracy, equal opportunity
(EO), and demographic parity (DP). Although we use accuracy as a
metric for all predictions, EO andDP are used tomeasure differences
in predictions for both genders. As explained in Section 3.2, EO
measures the difference in the true positive rate (TPR) between
genders, while DP measures the distribution difference between
genders. We chose these metrics because we want to make sure
that our models reduce their amount of false negatives equally for
both genders, given that false negatives had strong implications for
the use-case of our datasets.

4.2.2 Fairness detection through data drift. Using the DDLAs frame-
work for data drift detection and mitigation proposed in [16] and
presented above, we detect low-accuracy regions. We then leverage
these identified regions to assess the presence of sensitive features.
For example, if low-accuracy regions correlate with a sensitive fea-
ture such as gender, we label these regions as “unfairness-prone
regions,” as they are more likely to exhibit fairness issues under
data drift. This will result in analyzing the fairness under data
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Figure 2: Pipeline of our framework to detect fairness issues during data drift. We train a model and compute fairness metrics
for an initial assessment. Once the model is trained, we relabel its predictions to determine which type of error it makes. We
train a Decision Tree on the relabeled data and use it to detect Data Distribution with Low Accuracy (DDLA). We look for
fairness issues among training data by examining if these DDLAs include a sensitive attribute. We compare the DDLA ratio
between training and serving data to determine whether harmful drift is occurring, thus potentially unveiling fairness issues
in the serving data. We retrain the model with data augmentation to mitigate previously detected unfairness.

drift according to two scenarios: (i) occurs when DDLAs include
sensitive attributes, thus revealing fairness issues linked to these
attributes; (ii) arises when DDLAs don’t allow to detect fairness-
related to data drift, i.e. DDLAs don’t involve sensitive attributes.
This scenario could imply either no fairness issues exist, or fairness
issues are embedded within the model itself due to learned biases
from the training data. Following this, we compare the identified
low-accuracy regions, with the serving data’s to assess whether the
data drift is harmful or not.

4.2.3 Fairness mitigation in data drift. We monitor data drift by
comparing distributions between the training data and the serving
data by examining whether data drift has caused an increase in
the ratio of these unfairness-prone regions within the serving data
compared to the training data.

When harmful drift is detected, we first apply a data augmenta-
tion technique inspired by SMOTE to balance the representation of
fair and unfair regions. We first identify samples from the training
data that are deemed fair according to fairness metrics. From there,
we generate synthetic samples that extend in the feature space
direction of samples considered unfair, while aiming to preserve
the ground truth as closely as possible. This helps create a balanced
distribution aligned with the new serving data, reducing bias in
unfairness-prone regions. We then retrain the model with the ad-
ditional augmented data to improve fairness metrics specifically
within the newly identified unfair regions, addressing disparities
that arise from the detected harmful data drift. We re-evaluate the
model’s fairness metrics on the serving data to assess improvement
after retraining. At this final step, social scientists can conduct an
analysis to ensure that new biases are not introduced and existing
unfairness is not amplified.

4.2.4 Social Science feedback for Maintaining fairness . The inte-
gration of social science perspective into our approach enhances
both the societal relevance and interdisciplinary robustness of our
approach. This interdisciplinary feedback-driven process allows
to enrich model fairness by embedding social context, technical
fairness metrics, and anticipates modifications made to the ML
models. In the fairness model assessment step, social scientists can
play a crucial role in selecting and defining fairness metrics that

best reflect real-world social justice issues. They also assist in de-
termining which features are considered sensitive within specific
socio-cultural contexts, such as gender, race, age, and socioeco-
nomic status. In the fairness detection step, for scenarios where
DDLAs allow to detect fairness issues due to drift by identifying
sensitive attributes, social science expertise provides critical in-
sights into how these drifts may impact protected groups. This
input complements fairness metrics, such as demographic parity or
equalized odds, which quantify fairness but lack contextual under-
standing. For black-box models, where interpretability challenges
hide how decisions are made, interdisciplinary feedback clarifies
fairness risks tied to data drift, guiding model adjustments to align
outputs with both technical fairness metrics and social fairness
standards.

5 Experimental Evaluation
All experiments were performed with Python 3.9. The source code
for our experiments will be available on GitHub at the following
repository, allowing reproducibility and further exploration of the
results.

We apply our pipeline to conduct a between-states analysis of
the US home ownership market and uncover fairness issues. For
this, we first apply our pipeline to discover fairness issues that are
related to data drift by training a random forest that only optimizes
accuracy. We call this our baseline model. We compare this with
another version of the pipeline where we replace the random forest
with a neural network that optimizes for both accuracy and other
fairness metrics such as EO and DP[33], presented in Section 3.2.
Fairness issues can be detected by comparing performance between
genders according to DP and EO.

Datasets: We collected data from the U.S. Census Bureau’s Ameri-
can Community Survey (ACS) Public Use Microdata Sample (PUMS)
files 1 from 2021. These files are a set of records from individual
people that correspond to housing units, with disclosure protection
enabled so that individuals or housing units cannot be identified.
We downloaded data for each of the 52 states individually and pro-
ceeded to keep 165 variables out of all available ones. Variables
1https://www.census.gov/programs-surveys/acs/microdata.html
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describe the respondent of the survey - e.g. ethnicity, monthly in-
come -, the family it lives with - e.g. total family income, total
number of people, their relationships -, and the housing unit - type
of housing unit, total surface area, number of bedrooms, electricity
included in rent. We cleaned and kept data related to houses that are
not indicated as vacant, and houses that are rented or owned. We
also eliminated data points where one of the variables was missing.
This process deleted on average 40% of the data per state. The data
contains 38 variables that are noncategorical, such as the year the
house was built or the family income from the past 12 months for
instance. We get 1, 896, 284 data points across all states, with an
average of 37, 182 ± 41, 313 points per state.

With the dataset, we want to explore the differences in home-
ownership between genders between states so that we can reveal
potentially unexplored fairness issues. We thus define the “SEX”
attribute as sensitive and also add the race variable “HHLDRRAC1P”
as an attribute to watch according to intersectional studies [18].
The former encodes gender as a binary variable: “MALE” or “FE-
MALE”. The latter encodes race as follows, as given by the original
dataset: “White”, “Black or African American”, “American Indian”,
“Alaskan”, “American Indian and/or Alaskan Native tribes”, “Asian”,
“Native Hawaiian or Pacific Islander”, “Some other race”, “Two or
more races”. Except for “SEX”, all categorical variables are one-hot
encoded. Noncategorical variables are scaled to follow a normal
distribution N(0, 1). To detect said differences, we train a model
on data from a single state and use data from another state as serv-
ing data. The model is trained to predict the variable “TEN” that
encodes if a family owns or rents the house in which they live.

We also collected data from the COMPAS dataset, which is com-
monly used in the fairness community [4]. A private company
developed the COMPAS - which stands for Correctional Offender
Management Profiling for Alternative Sanctions - recidivism risk
scores, and nowmultiple states of the USA use the COMPAS score as
a risk screening system. However, numerous research showed that
the recidivism scores were heavily biased against African-American
populations [17]. Given its real-life implications, not only is it neces-
sary to counterbalance these biases with fairness tools, but it is also
important to understand the impact of models on populations that
are discriminated against. We cleaned the dataset from any missing
entries which yielded 1881 data points for 15 variables. We use this
dataset to predict whether an individual will re-offend given his
criminal history. The two most common sensitive attributes for this
dataset are the “race” and “sex” ones. The dataset is composed of
49.8% African-Americans, 36% Caucasians, 10.2% Hispanics, 0.5%
Asians, 0.5% Native Americans, and 2.9% other ethnicities. This data
is split between 81.4% of men and 18.6% of women. We use the “sex”
attribute as a sensitive feature for our experiments but also include
“race” as an attribute to watch for according to prison studies [35].
We simulate data drift between the training and the serving data by
splitting the dataset according to the “race” attribute as follows for
the training set: 50% of African-American from the initial dataset,
30% of Hispanic, 50% of Caucasian, 80% of Asian, 80% of other eth-
nicities. This yields 924 data points for the training and 957 data
points for the serving data.

5.1 Results
We report the results of training of both the baseline and fairness
model on both datasets in Table 1. On the COMPAS dataset, we
observe that the optimization of both DP and EO leads to a small
increase of both metrics compared to the baseline that already has a
high DP. However, optimizing only for EO leads to a small decrease
in the score. Both changes are statistically non-significant according
to a Kruskal-Wallis test, 𝑝 > .05. This result shows that gender-only
issues are not that important, indicating that the variable “race”
should also be considered a fully sensitive attribute for which fair-
ness should be optimized too, as suggested by feminist literature
and intersectional studies [35]. As for the US Census dataset, we
observe that the fairness model improves its accuracy, while main-
taining a similar EO score, 𝑝 < 0.05 according to a Kruskal-Wallis
test. Similarly here, this shows that other variables should have
been included for the fairness optimization in the choice of sensitive
attributes, such as “race” or possibly “age” [26, 28]. Given these re-
sults, we analyze how extracted rules of detected unfairness-prone
regions on the serving data evolve before and after retraining for
each dataset. According to our formulization and previous results,
fairness issues are entailed by data drift (RQ1).

US Census. For both the baseline and the fairness model, we first
looked for US states that had a housing market that was signifi-
cantly different from others by analyzingwhich state had significant
harmful data drift with other states. Five states emerged from this
cross-comparison: California, Texas, New York, Pennsylvania, and
Illinois. For the following, we consider California as the training
data and use all other states as individual serving datasets.

We observe that some rules that relate to “Correct” predictions
and include “SEX” or “HHLDRRAC1P” are based on many samples.
During testing, we counted 7, 206 ± 13, 282 samples, and 10, 440 ±
17, 747 rules after retraining. There is a great variability in the num-
ber of rules. However, in general, there are very few rules relating to
false negatives or positives that include a large number of samples,
which means that harmful data drift relates to small regions in the
feature space. This indicates that fairness issues are very specific for
each state. Most comparisons between California and other states
lead to few rules that are based on a fairly small amount of samples
approximately 10-, with a few exceptions. Compared to Florida, the
harmful data drift detection yields a small region of unfairness that
is based on only 3 samples. After retraining to mitigate this, the
fairness detection creates more rules that total a little more than
600 samples. As for the comparison with Hawaii, there are 1000
samples per rule on average for false predictions before and after
retraining. Here is an example of a rule for false positives based on
395 samples: African-American families who live in a mobile home
and make more than 1000$ in agricultural sales a year, and who
perceive more than the average public assistance income. This ex-
ample is not found again after retraining. This extracted rule could
be interpreted either as a positive or negative outcome, depending
on whether the state wants to encourage home ownership for disad-
vantaged populations or if we think about their ability to reimburse
their mortgage. Depending on the socio-economic framework of
a state, the latter could have substantial repercussions, similar to
what happened during the 2008 real estate crises [32]. If we look
at data drift with Idaho, we can find a similar example of a rule
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Dataset Metric Random Forest Fairness at training Fairness after retraining

US Census
Accuracy 0.798 ± 0.093 0.821 ± 0.092 0.821 ± 0.092
Equal Opportunity 0.988 ± 0.091 0.989 ± 0.008 0.990 ± 0.008

COMPAS
(Exp. 1)

Accuracy 0.65 ± 0.07 0.68 ± 0.04 0.67 ± 0.03
Equal Opportunity 0.74 ± 0.22 0.70 ± 0.21 0.71 ± 0.20

COMPAS
(Exp. 2)

Accuracy 0.65 ± 0.07 0.68 ± 0.07 0.68 ± 0.06
Demographic Parity 0.90 ± 0.06 0.94 ± 0.05 0.92 ± 0.05
Equal Opportunity 0.74 ± 0.22 0.76 ± 0.12 0.75 ± 0.11

Table 1: Comparison of accuracy and fairness metrics across different model configurations. Results are shown for both the US
Census and COMPAS datasets. For the Fairness model, we report metrics on the test set before retraining (“step 1”) and after
retraining (“step 3”). Equal Opportunity and Demographic Parity are used as fairness metrics. Results are reported as mean ±
standard deviation across multiple runs.

for false positives based on 249 samples: Retired white American
households with a significantly below average retirement income as
well as social security income who make more than 1000$ in yearly
agricultural sales, that do not have to pay for water. This example is
not found again after retraining however. We found a similar exam-
ple when comparing with Iowa for Non-African-American families
that rely on public assistance income to live. This again shows that
such a model can have a significant impact on populations and that
their deployment should be engineered and deployed with caution,
and several multidisciplinary feedback loops.

There is greater variability in the number of samples that DDLA
rules are based on after retraining for a quite stable amount of rules:
there are 4.9 ± 3.5 rules for 13.3 ± 9.5 samples during testing on
the serving data, and 4.4 ± 4.8 rules after retraining that are based
on 608.1 ± 1491.6 samples. It is interesting to note that close to all
false negative rules disappear after retraining which is consistent
with the fact that our model is optimizing equal opportunity, i.e.
reducing the amount of false negatives for both genders so they
reach a similar rate. However, this comes with the cost of rules for
false positives that are based on many more samples.

COMPAS. For the rules, we observe a small number of rules based
on a few samples that are extracted by our pipeline containing the
“sex” variable. At training, there are 10 ± 4 rules that total 22 ± 12
samples, while after retraining there are 7±5 rules that are based on
a total of 16±12 samples. This confirms the fact that “sex” alone does
not present much unfairness in the dataset as previously analyzed,
but the inclusion of both race and sex leads to a better understanding
of how each population is specifically being discriminated against
[35].

Accuracy-fairness trade-off. The fairness literature generally states
that accuracy and fairness metrics are in tension and that a bit of
one has to be compromised for the other to reach a higher value
[40]. However, this is not necessarily mathematically true and also
introduces a techno-solutionism narrative that accuracy is more
desirable than fairness since this position posits that a model should
sacrifice accuracy to be fairer [14][38]. We argue that the existence
of this trade-off depends on the problem’s framing of accuracy and
fairness.

Figure 3: Mean accuracy and equal opportunity according to
the weight given to accuracy during training computed on
serving data before retraining. Top: Trade-off computed with
theUSCensus dataset on the following seven states as serving
data: Texas, Florida, New York, Pennsylvania, Illinois, Ohio,
and Georgia. Bottom: Trade-off computed with the COMPAS
dataset.

Here, we use a model that is trained with multiple objectives.
We optimize accuracy as well as one or more fairness metrics. To
better investigate whether our model operates a trade-off between
all metrics or if optimizing another metric also improves the initial
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objective, we analyze the variations of accuracy and equal oppor-
tunity when changing the weights assigned to each loss function.
Thus we have :

L = 𝑤 ∗ L𝑎𝑐𝑐 + (1 −𝑤) ∗ L𝑒𝑜 (1)

where L,L𝑎𝑐𝑐 ,L𝑒𝑜 respectively represent the total training loss
of themodel, the loss to optimize accuracy - i.e. binary cross-entropy
-, the loss that optimizes equal opportunity, and 𝑤 is the weight.
We train a model on data from California and use the following
seven states as serving data: Texas, Florida, New York, Pennsylvania,
Illinois, Ohio, and Georgia. We compute accuracy and EO at step 1
before any retraining at step 3 to better capture the model’s capacity
to generalize. We run experiments with𝑤 ∈ [0, 1] with incremental
steps of 0.1. We report the results in Figure 3. We executed the same
study with the COMPAS dataset, this time with DP instead of EO.
The results are reported in Figure 3. We observe the same pattern
previously seen with the US Census dataset. There is no apparent
trade-off in any of the two cases between accuracy and the fairness
metric when the sensitive attribute is sex.

5.2 Socio-technical analysis
Most studies solely focus on the computational aspect of fairness is-
sues. Authors generally check the validity of their approach through
ML-oriented metrics, which can reinforce a techno-solutionism nar-
rative. We argue that a socio-technical analysis of results provides
significant feedback for understanding, as well as checking for po-
tential ethical issues. Here, our analysis showed that California had
fairness issues that were significantly different from other states.
We discuss this by examining California’s real estate history to
better understand how their market became specific, and how that
may impact comparisons with other states.

California is currently known to face a housing crisis with more
than 180,000 people who are not housed according to the federal
government, and a fourth of renters who are severely rent-burdened,
meaning that they spend more than half their earnings on rent [13].
This crisis can be explained by multiple political decisions. Califor-
nia favored the construction of single-family housing units, even in
dense regions such as large cities [30]. In the 1970s, 55% of house-
holds owned their homes [9]. Buildings with multiple units also had
to have enough parking lots for all residents, which made available
space in dense areas even scarcer. However, these decisions faced
significant challenges due to the intense waves of African-American
immigration in the 1970s, which put the housing market under sig-
nificant pressure [22]. House prices, including those of affordable
ones, soared as they reached ten times their initial price from 1979
in 2019 [3]. Since then, the federal government passed many decrees
to counteract these effects, for instance, by allowing housing units
that were originally built for single families to be split into two or
more units. However, due to the political stratification of California
enforced by the Housing Accountability Act, these decrees did not
yet produce the expected outcomes [37]. To this day, California
still remains the US state with the highest housing cost. Due to this
significant increase in housing prices, most current owners, who
come from white American families, have houses that were passed
on by their parents [34]. This creates an unequal market where
minorities - specifically African Americans and Latinx Americans
- are unable to afford a house or rent in a way that is financially

sustainable for them. This state’s history created a housing market
that is very different from other states’ markets, which needs to be
taken into account when validating a tool such as ours.

6 Conclusion
We proposed a socio-technical pipeline that guarantees fairness
under data drift by identifying low-accuracy regions tied to sen-
sitive attributes such as race or gender and classifying shifts as
harmful only when they exacerbate bias. Our framework retrains
the model only when harmful drift occurs with a data augmentation
approach to re-balance the representation in the newly identified
sensitive regions, rather than retraining on every change. Experi-
ments on the U.S. Census ACS and COMPAS datasets confirm our
pipeline’s effectiveness in maintaining equitable outcomes, under-
scoring the value of uniting technical and social perspectives to
navigate evolving data distributions [42]. Throughout the pipeline,
we integrated social science insights to ensure that every decision
at each step is well-informed and aligns with real-world contexts.
Such insight informs choices from the fairness metrics to the analy-
sis of unfairness-prone regions to interpret latent biases that cannot
be inferred solely from algorithmic metrics. There still remain a
few research avenues worth investigating. We could broaden our
approach by incorporating other fairness metrics simultaneously,
while ensuring that the combinations are relevant, and extend data
augmentation to other strategies for a more flexible mitigation step.
We only addressed covariate shift in this paper, but the pipeline
would benefit from also handling concept drift where the rela-
tionship between features and labels evolves. This would entail
incorporating more regular social science feedback loops to ensure
an alignment with shifting societal expectations and regulatory
standards.
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