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ABSTRACT
Arti!cial intelligence systems depend critically on high-quality
data, yet real-world datasets are often imperfect. Label noise, such
as incorrect or biased labels, can lead to suboptimal model decisions.
While label noise has garnered increasing attention, existing re-
search primarily examines random noise, employs simpler models,
or relies on limited evaluation criteria. To address this, we intro-
duce F!"#$ L%&’(, a comprehensive, model-agnostic benchmark
comprising 15 datasets systematically corrupted with diverse types
of label noise, paired with an evaluation framework. This resource
supports the evaluation of data cleaning pipelines and guides the
design of models that are robust, in both performance and fairness,
to label noise. We benchmark the robustness to label noise of 22
state-of-the-art classi!cation models, including gradient boosting,
transformers, and fairness-oriented models. Our !ndings show that
many models maintain strong performance under high random
noise (e.g., up to 40% noise leads to only a modest reduction in Ro-
bust GBDT performance). However, these models are signi!cantly
less robust to even small amounts of biased noise (<10%), which
can cause substantial performance drops (e.g., 7% noise reduces
ResNet’s AUC by 4.4% on average) or maintain apparent stability
at the expense of severe fairness degradation (e.g., MLP’s Predic-
tive Parity di"erence increases by 700% under 30% biased noise
in the ACS Unemployment dataset). We investigate how di"erent
model architectures handle the impact of biased noise. Notably,
transformer-based models appear more robust than boosting mod-
els when handling biased noise, though this advantage depends on
tuning and comes with higher variance. Finally, we identify key
factors for ML practitioners to mitigate the e"ects of label noise,
including model selection, dataset analysis, and preprocessing.
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Figure 1: Equalized odds of di!erent classi"ers trained using
clean (blue) versus biased data (red). Higher values equal
higher unfairness.

1 THE RIPPLE EFFECTS OF LABEL NOISE
Arti!cial intelligence (AI) has revolutionized decision-making across
industries, from healthcare and !nance to criminal justice and ed-
ucation. At the heart of this transformation lies data — the fuel
of modern AI systems [95]. Given data’s central role, its quality
is a critical factor in determining the reliability [59], fairness [7],
and societal impact [11] of AI applications. In real-world applica-
tions, however, data is seldom pristine. Label errors, arising from
human oversight, ambiguous labeling, or inconsistent collection
practices [32], introduce noise that can compromise machine learn-
ing (ML)models. Studies reveal that up to 30% of labels in large-scale
healthcare datasets may be inaccurate, re#ecting signi!cant chal-
lenges in acquiring reliable annotations [65, 69]. Beyond training
data, pervasive label errors in test sets of widely used benchmark
datasets, such as ImageNet and CIFAR-10, destabilize model evalu-
ations, with studies estimating error rates up to 10%, undermining
the reliability of the reported accuracies [64].

In high-stakes domains like healthcare and criminal justice, label
noise in AI systems can have profound consequences. Inaccurate
labels in medical datasets, which studies estimate a"ect up to 30% of
large-scale healthcare data [65], can lead to misdiagnoses, jeopardiz-
ing patient safety and eroding trust in AI-driven systems. Similarly,
noisy or biased data in criminal justice applications can amplify
systemic inequities, perpetuating unfair outcomes for marginalized
groups [61]. As Figure 1 illustrates, biased training data can sig-
ni!cantly skew fairness metrics across di"erent classi!ers. These
errors, if unaddressed, risk automating and magnifying human
biases, undermining the promise of equitable AI. The data man-
agement community plays a central role in responsible AI [82].
Given that prior work has shown that automated data cleaning can
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inadvertently harm model performance and fairness [33, 62], and
modern cleaning methods are increasingly designed with machine
learning tasks in mind [60], understanding the robustness of ML
models becomes crucial to develop better data cleaning methods.

Addressing label noise requires robust technical solutions and
evaluation frameworks. Techniques like noise-robust loss functions
or data cleaning can mitigate the impact of erroneous labels, but
their e"ectiveness varies across domains [35] or comes with addi-
tional risks [33]. Moreover, evaluating model fairness under noisy
conditions demands metrics that account for disparate impacts
across demographic groups. As AI systems increasingly inform
high-stakes decisions, integrating these strategies is essential for
ensuring both performance and equity.

Despite increasing awareness, signi!cant gaps persist in the lit-
erature. Prior studies (see Section 2) have extensively explored label
noise’s impact on model accuracy, often relying on random per-
turbations to simulate errors. However, these approaches overlook
patterns re#ective of real-world biases tied to data collection or
societal inequities and its interplay with fairness, particularly in
tabular data. While more recent work [91] begins to address group-
dependent noise in fairness contexts, it remains limited to random
#ips within groups, neglecting correlated or feature-driven noise
structures. Furthermore, most label noise research focuses solely
on training deep learning models on image or text data [44, 53, 71].
Beyond this, there is a lack of comprehensive evaluations of how
such realistic noise a"ects a broad range of state-of-the-art models,
as well as analyses grounded in diverse, reproducible datasets that
re#ect real-world complexity.

In this study, we address these shortcomings by systematically
benchmarking the e"ect of label noise on model robustness across
15 diverse datasets, using a range of modern ML models. We discuss
six noise strategies, including random, conditional, and correlated,
designed to emulate real-world label imperfections in binary classi-
!cation tasks. Our analysis spans both performance and fairness,
assessing how label noise a"ects accuracy, AUC, and equity across
subgroups de!ned by socioeconomic status, age, and others. We
evaluate a suite of models, including gradient boosting methods,
transformers, and models tailored for unfair or out-of-domain data.
Under varying noise conditions, we test their robustness on both
in-distribution and out-of-distribution data, while employing mul-
tiple fairness metrics to capture trade-o"s. Our !ndings reveal the
varied impacts of label noise and underscore the need for robust
algorithms, as well as e"ective data preparation and wrangling
methods to mitigate such errors.

The main contributions of this work are as follows:

• Realistic Benchmark Dataset: A collection of 15 diverse
tabular datasets subjected to di"erent label noise strategies
motivated by real-world data quality issues encountered
in binary classi!cation tasks, such as those arising from
human oversight or inconsistent labeling practices (see
Section 3.2).

• Evaluation Framework: A reproducible and extendable
experimental setup, available on GitHub, designed to assess
the impact of label noise on ML models, with a compre-
hensive inclusion of multiple fairness metrics to evaluate
trade-o"s across demographic groups (see Section 3.3).

• Benchmarking 20 SOTA Models: An assessment of ro-
bustness under varying noise levels across a diverse suite of
20 modern ML models, including gradient boosting meth-
ods, neural networks, transformer-based architectures, and
fairness-aware and domain robustness optimization tech-
niques (see Section 4).

• Practical Insights: A set of actionable lessons for data
and ML practitioners coupled with suggestions for future
research directions (see Section 5).

By tackling the aforementioned challenges, we highlight the
critical role of data quality in building robust ML systems and lay
the groundwork for more trustworthy AI pipelines. Before detailing
our methodology and results, we brie#y review related work.

2 RELATEDWORK
We position our work within the data quality for machine learning
line of research that emphasizes the critical role of datamanagement
in ensuring robust and fair ML systems [59, 73, 82].
Label Noise. The impact of data quality on ML has garnered sig-
ni!cant attention, including label noise and its e"ects on model
performance and fairness. Frénay and Verleysen [26] o"er a de-
tailed survey on label noise sources and impacts on performance of
classi!cation, proposing a taxonomy (Noisy Completely at Random
(NCAR), Noisy at Random (NAR), Noisy Not at Random (NNAR)).
Mitigation strategies are also discussed; however, the success of
models designed to handle label noise is typically con!ned to less
complex noise patterns [20, 89]. Algan and Ulusoy [3] investigate
the e"ects of uniform, class-dependent, and feature-dependent label
noise on deep learning, revealing its severe impact on test accuracy.
Most label noise research focuses on training deep learning mod-
els on images [13, 93] or textual data [71, 94]. Tools like k-nearest
neighbor (k-NN) [9] and support vector machines (SVMs) [75] have
been shown to be sensitive to label noise [57]. Mohammed et al.
[59] research the e"ects of six data quality dimensions, including
label accuracy, on ML for tabular data, focusing on simpler models
and random noise.
Fairness. The impact of label noise on model fairness is often-
neglected. An emerging and rapidly growing !eld [77], fairness
in ML, seeks to prevent biases in data and inaccuracies in models
from resulting in unjust treatment of individuals based on speci!c
traits [66]. Wang et al. [91] explore the detrimental e"ects of group-
dependent label noise on fair classi!cation, demonstrating how
naive parity constraints can harm accuracy and fairness. Liao and
Naghizadeh [55] investigate the interplay of social and data biases
in fair ML, o"ering practical guidelines for selecting fairness criteria
or de-biasing strategies based on their robustness to label noise and
feature errors.
Similar Benchmarks. Several benchmark datasets exist for study-
ing data quality issues for AI systems, but they either lack compre-
hensiveness [52] or consist of image and text classi!cation datasets
[94]. Some benchmark datasets have a di"erent focus, such as Shah
et al. [76] who study the impact of categorical duplicates in AI, Liang
et al. [54] for federated learning, or Hirzel and Fe"er [39], which em-
phasizes dataset realism over fairness under noise. Our work builds
upon TableShift [28], a benchmark for distribution shifts in tabular
data, a related but separate task.We leverage its data, which includes
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Figure 2: Visualization of the F!"#$ L%&’( benchmark pipeline for evaluating label noise e!ects on ML models.

real-world tabular datasets with diverse domains and sensitive at-
tributes, to systematically introduce group-dependent label noise
and assess fairness implications. Furthermore, the benchmark’s en-
compassed distribution shifts make it possible for us to test howML
models trained on noisy/biased data perform on unseen data, two
challenges that appear unexplored in tandem within the current
literature. This intersection distinguishes our study, bridging the
gap between label noise, robustness, and fairness-aware evaluation
using a comprehensive list of models and tabular datasets.

3 THE FAULT LINES BENCHMARK
The F!"#$ L%&’( benchmark systematically evaluates label noise’s
impact on ML models through a novel taxonomy, diverse data-
sets, and comprehensive fairness metrics. This section outlines our
experimental framework, detailed in three parts: label noise taxon-
omy, dataset description, and robustness metrics. Figure 2 gives an
overview of the F!"#$ L%&’( work#ow.

3.1 Label Noise Taxonomy
In this paper, we focus on binary classi!cation in the presence of la-
bel noise, examining its impact on model performance and fairness.
Here we introduce key concepts of label noise and fairness metrics
essential to understanding our study’s methodology and !ndings.
We employ six label noise strategies, adapted from established
frameworks such as Random Noise and Class-Conditional Noise as
described in prior work (e.g., [26], [81]), and further re!ned by us to
capture diverse real-world noise patterns. While drawing on these
standard approaches, we introduce novel formulations, particularly
in Correlated Feature Noise, Concatenated Feature Noise, Temporal
Noise, and Combined Noise, tailored to model more nuanced label
perturbations speci!c to binary classi!cation experiments. These
strategies vary in the degree of determinism and randomness, al-
lowing us to explore a wide range of noise behaviors and their
impact on model performance. Our approach speci!cally targets
label pollution without altering the feature distributions, as we aim
to isolate the e"ects of label noise on binary classi!cation tasks.

Random Noise. In random label noise, the labels 𝐿 → 0, 1 are
#ipped independently of the feature values, aligning with NCAR
[26]. Each row 𝑀 has a probability 𝑁 of having its label #ipped. This
noise process can be represented as:

𝑁 (𝐿𝐿 ) =
)︄
𝐿𝐿 with probability (1 ↑ 𝑁),
1 ↑ 𝐿𝐿 with probability 𝑁 .

Example: In the FICO HELOC dataset (Table 1), where the task is
to predict if an applicant is likely to repay a line of credit, random
noise could occur due to data entry errors by sta" [32]. For instance,
a clerical worker might accidentally #ip a customer’s true label due
to a typo or misclick during manual data entry.

Conditional Feature Noise. In conditional feature noise, the label
is #ipped only when a speci!c condition on a feature or features
is met. For instance, when a particular feature 𝑂𝑀 equals a certain
value (e.g., 𝑂𝑀 = 𝑃 ), the label #ips with probability 𝑁 . Mathematically,
this can be expressed as:

𝐿𝐿 =

[︄]︄]︄]︄⌊︄
]︄]︄]︄⌋︄

𝐿𝐿 if 𝑂𝑀 ω 𝑃,)︄
𝐿𝐿 with probability (1 ↑ 𝑁),
1 ↑ 𝐿𝐿 with probability 𝑁

if 𝑂𝑀 = 𝑃 .

Here, 𝑂𝑀 represents a speci!c feature, and the label is perturbed
only when this feature equals 𝑃 .

Example: In the Hypertension dataset (Table 1), where the task
is to predict hypertension, conditional feature noise might occur
if a speci!c feature, such as poverty, triggers a labeling error. For
example, individuals in low-income areas could be misclassi!ed
due to limited healthcare access, a"ecting the accuracy of recorded
diagnoses.

Correlated Feature Noise. It involves label #ipping based on
the interaction between multiple features. For example, labels are
#ipped if both 𝑂𝑀 = 𝑃 and 𝑂𝑁 = 𝐿. This type of noise is contingent
on the simultaneous satisfaction of multiple conditions:

𝐿𝐿 =

[︄]︄]︄]︄⌊︄
]︄]︄]︄⌋︄

𝐿𝐿 if 𝑂𝑀 ω 𝑃 or 𝑂𝑁 ω 𝐿,)︄
𝐿𝐿 with probability (1 ↑ 𝑁),
1 ↑ 𝐿𝐿 with probability 𝑁

if 𝑂𝑀 = 𝑃 and 𝑂𝑁 = 𝐿.

Here, 𝑂𝑀 and 𝑂𝑁 represent features that, when equal to 𝑃 and 𝐿
respectively, trigger a label #ip with a speci!ed probability.

Example: In the Hypertension dataset, a label could #ip with
probability 𝑁 if an individual is elderly and from a low-income
area due to intersectional errors from limited healthcare access and
age-related assumptions.

Concatenated Feature Noise. Concatenated feature noise occurs
when labels are #ipped based on the presence of either one of
multiple conditions. For instance, if 𝑂𝑀 = 𝑃 or 𝑂𝑁 = 𝐿, the label is
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Table 1: The 15 training datasets included. Subgroup refers to the condition chosen for noise, and 𝑄𝑂 denotes the proportion of
entries in the training dataset that ful"ll this condition (e.g., 24.9% of rows in the Hypertension are labeled as poor).

Name Rows Imbalance Ratio Subgroup 𝑃𝐿 Direction↓

FICO HELOC [24] 2,220 0.3175 Delinquency Status 21.3% 0 ↔ 1
ANES Voting [84] 4,159 0.4452 No Answer 33.3% 0 ↔ 1

ICU Hospital Mortality [92] 7,116 0.0816 Age 30.4% 1 ↔ 0
ICU Length of Stay [92] 8,634 0.6785 Age 29.4% 0 ↔ 1

Nhanes Lead [16] 11,807 0.0271 Missing Demographic 26.0% 0 ↔ 1
Hospital Readmission [83] 34,288 0.7368 Race 20.2% 0 ↔ 1
College Scorecard [88] 98,556 0.1428 Veteran 25.5% 0 ↔ 1
Hypertension [15] 216,411 0.67 Poverty 24.9% 1↔ 0
Food Stamps [21] 629,018 0.2347 Race 28.2% 1 ↔ 0
Diabetes [15] 969,229 0.1425 High BMI 30.9% 0↔ 1
Sepsis [72] 1,122,299 0.012 High Heart Rate 19.0% 0 ↔ 1
Income [21] 1,264,123 0.4763 Race 28.9% 1 ↔ 0

Unemployment [21] 1,290,914 0.0353 Race 23.4% 0 ↔ 1
Assistments [23] 2,132,526 0.4412 High Attempt Usage 19.4% 0 ↔ 1

Public Coverage [21] 4,006,249 0.2885 Race 28.6% 0 ↔ 1
*Direction indicates the predominant label #ip applied during noise injection (e.g., 0↔ 1 means class 0 labels are more likely to be #ipped to class 1).

#ipped with probability 𝑁 . Mathematically:

𝐿𝐿 =

[︄]︄]︄]︄⌊︄
]︄]︄]︄⌋︄

𝐿𝐿 if 𝑂𝑀 ω 𝑃 and 𝑂𝑁 ω 𝐿,)︄
𝐿𝐿 with probability (1 ↑ 𝑁),
1 ↑ 𝐿𝐿 with probability 𝑁

if 𝑂𝑀 = 𝑃 or 𝑂𝑁 = 𝐿 .

Example: In the College Scorecard dataset (Table 1), where the
goal is to predict if an educational institution has a low completion
rate, a high percentage of non-traditional students such as veterans
or extreme admission rates could lead to misreporting.
Temporal or Contextual Noise. In temporal or contextual noise,
the probability of label corruption depends on the time 𝑅𝐿 or the
context of the data, such as geographical location. The probability
𝑁 (𝑅𝐿 ) of #ipping the label varies along the time axis, where either
the oldest or the newest data can have the highest #ip probability,
depending on the context. We de!ne a maximum #ip probability
𝑁max and a minimum #ip probability 𝑁min, and these can be as-
signed to either end of the time spectrum (e.g., oldest or newest
data). The probability 𝑁 (𝑅𝐿 ) can increase or decrease linearly, expo-
nentially, or logarithmically depending on the temporal distance
from a reference point, such as the most recent data 𝑅ref:

𝑁 (𝑅𝐿 ) = 𝑁min +
⌈︄ |𝑅𝐿 ↑ 𝑅ref |
𝑅max ↑ 𝑅min

⌉︄
· (𝑁max ↑ 𝑁min)

Example: In the FICO HELOC dataset, a loan repayment label
might #ip (e.g., from “will repay” to “won’t repay”) with probability
(𝑁𝑄𝑀 ), where older records from 10 years ago have a higher 𝑁𝑄𝑀 due
to outdated manual entry errors, while recent data has a lower 𝑁𝑄𝑀
from automated systems.
Class-Conditional Noise. In class-conditional noise, the probabil-
ity of label noise depends on the class itself. For example, instances
of class 1 might have a higher probability of label noise than those
of class 0, which have a probability 𝑁0. This can be formalized as:

𝐿𝐿 =

)︄
𝐿𝐿 with probability (1 ↑ 𝑁𝑅𝑀 ),
1 ↑ 𝐿𝐿 with probability 𝑁𝑅𝑀 ,

Example: In the ACS Food Stamps dataset (Table 1), “not receiv-
ing” (class 0) labels might #ip to “receiving” with low 𝑁0, while
“receiving” (class 1) #ips to “not receiving” with higher 𝑁1, due to
stricter recerti!cation processes for current recipients.

Combining Multiple Noise Types. In addition to using indi-
vidual noise types, we can combine multiple noise strategies to
better capture real-world complexities. For example, we can com-
bine Conditional Feature Noise with Class-Conditional Noise to
apply di"erent probabilities of label #ipping based on both feature
conditions and class membership. Consider the scenario where
labels are #ipped for rows where 𝑂𝑀 = 𝑃 . If the true label is 0, the
#ip probability is higher compared to cases where 𝐿𝐿 = 1. This can
be formalized as follows:

𝑁 (𝐿𝐿 , 𝑂𝑀 ) =
)︄
𝑁#ip0 if 𝑂𝑀 = 𝑃 and 𝐿𝐿 = 0,
𝑁#ip1 if 𝑂𝑀 = 𝑃 and 𝐿𝐿 = 1,

where 𝑁#ip0 > 𝑁#ip1.
Example: In the Diabetes dataset, when High BMI is “true”, the

#ip probability depends on the class. If the true label is “no diabetes”,
the #ip to “diabetes” has a higher probability because clinicians
might overassume diabetes risk in overweight individuals, while
if the true label is “diabetes”, the #ip to “no diabetes” has a lower
probability since con!rmed diagnoses are rarely reversed.

3.2 Datasets and realistic label noise
To systematically investigate label noise’s e"ects on ML models, we
leverage datasets from [28], encompassing 15 diverse tabular data-
sets tailored for binary classi!cation tasks summarized in Table 1.
These datasets span domains like healthcare (e.g., Hospital Readmi-
sion, Diabetes), !nance (e.g., FICO Heloc), and social outcomes (e.g.,
Food Stamps, Unemployment). Furthermore, the datasets exhibit
variation in key attributes, including size, imbalance ratio, and fea-
ture complexity, enabling a comprehensive analysis of how these
factors modulate model resilience and fairness outcomes.
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While F!"#$ L%&’( includes all six noise strategies outlined in
Section 3.1, we conduct in-depth experiments focusing on two spe-
ci!c types: (1) random noise and (2) a combination of conditional
feature and class-conditional noise, which we here refer to as bi-
ased noise. Random noise serves as a baseline, its simplicity and
well-studed e"ects on accuracy [3, 26] providing a reference point
for comparing more complex, systematic noise types. In contrast,
biased noise, the hybrid of conditional feature and class-conditional
noise, where labels #ip based on feature values (e.g., Poverty = 1)
and vary by class probability (e.g., higher for𝑆 = 1 than𝑆 = 0), aims
to capture real-world imperfections more e"ectively. This combina-
tion simulates systematic biases, such as those tied to ethnicity, age,
temporary work status, or socioeconomic factors (see Section 3.1).
We prioritize this kind of noise because prior research highlights
its relevance to fairness, capturing interactions between feature-
driven errors and class imbalances that exacerbate inequities in
high-stakes domains like healthcare and justice, unlike the studied
random noise [4, 6, 45, 63].

To introduce a realistic biased noise, we ground our choices of the
conditions in a rationale supported by empirical research, re#ecting
real-world disparities and biases, as follows: age [63, 67], race and
ethnicity [6, 46], work status/poverty [14, 68], veteran status [42],
high BMI [50], and missing responses or demographics [12, 58, 90].
More details for each of the conditions is available on our GitHub.

3.3 Robustness Metrics
As previously mentioned, we evaluate model robustness based on
two criteria: performance and fairness. We assess performance us-
ing accuracy and the AUC. Accuracy provides a straightforward
measure of overall correctness, while AUC is particularly valu-
able for handling imbalanced datasets, as it captures the trade-o"
between true positive and false positive rates across various classi-
!cation thresholds.

Fairness is a multifaceted concept, and no single metric can cap-
ture all its dimensions. Di"erent fairness metrics measure di"erent
aspects of fairness, such as equal outcomes (Demographic Parity),
balanced error rates (equalized odds), or trustworthiness of pre-
dictions (Predictive Parity). Moreover, many fairness metrics are
mutually incompatible, meaning that optimizing for one metric
can worsen performance on another [29]. For example, achieving
Demographic Parity might require sacri!cing equalized odds or
accuracy parity. By evaluating multiple fairness metrics, we ensure
a more comprehensive understanding of the model’s behavior and
identify potential trade-o"s. This approach aligns with recent work
in fairness-aware ML, which emphasizes the importance of context-
dependent fairness de!nitions and the limitations of relying on a
single metric [51].

Equality of Opportunity requires the true positive rate (TPR)
of a model to be equal across demographic groups, denoted 𝑇 = 𝑈
and 𝑇 = 𝑉 (e.g., di"erent societal categories). It is formalized as:

Pr(𝑆 = 1 | 𝑆 = 1,𝑇 = 𝑈) = Pr(𝑆 = 1 | 𝑆 = 1,𝑇 = 𝑉)
where 𝑆 is the predicted label and 𝑆 is the true label [37]. This

metric ensures that all groups have an equal chance of receiving
a correct positive prediction, making it particularly relevant in
contexts where equitable access to opportunities—such as job o"ers
or medical treatment—is a priority. It is sensitive to noise that

disproportionately a"ects the correct identi!cation of positive cases
across groups.

Demographic Parity, also known as Statistical Parity, demands
that the probability of a positive prediction (𝑆 = 1) be equal across
groups, irrespective of underlying di"erences [37]:

Pr(𝑆 = 1 | 𝑇 = 𝑈) = Pr(𝑆 = 1 | 𝑇 = 𝑉) .

This metric prioritizes equal outcomes, making it relevant in con-
texts like hiring or lending where parity in opportunity is a societal
goal. However, it ignores base rates (e.g., true prevalence of 𝑆 = 1),
which can mask unfairness if noise alters these rates unevenly
across groups—a limitation we explore in our experiments.

Equalized Odds, sometimes called Equality of Opportunity,
balances both true positive rates (TPR) and false positive rates
(FPR) across groups [37]. It is expressed as:

Pr(𝑆 = 1 | 𝑆 = 1,𝑇 = 𝑈) = Pr(𝑆 = 1 | 𝑆 = 1,𝑇 = 𝑉)

for TPR equality, and:

Pr(𝑆 = 1 | 𝑆 = 0,𝑇 = 𝑈) = Pr(𝑆 = 1 | 𝑆 = 0,𝑇 = 𝑉)

for FPR equality. By ensuring that correct predictions and errors oc-
cur at similar rates, Equalized Odds suits high-stakes settings—such
as medical diagnoses—where noise-driven disparities in error types
(e.g., false positives) can have severe consequences. Its dual con-
ditions make it a stringent test of fairness under our six noise
strategies.

Predictive Parity focuses on the precision of positive predic-
tions, requiring that the likelihood of a true positive given a positive
prediction be uniform [18]:

Pr(𝑆 = 1 | 𝑆 = 1,𝑇 = 𝑈) = Pr(𝑆 = 1 | 𝑆 = 1,𝑇 = 𝑉)

This metric emphasizes the trustworthiness of a$rmative out-
comes, critical in scenarios like criminal justice where a prediction’s
reliability directly impacts individuals. Noise that skews positive
predictions (e.g., via correlated feature errors) can undermine Pre-
dictive Parity.

We apply the trained models to both in-distribution and out-of-
distribution test data (see Figure 2), simulating a scenario where
models trained on noisy data are applied to unseen data, thereby
imitating two concurrent data quality issues. To assess the fairness
of ML models, we opt to evaluate the top !ve trials with respect to
the AUC for each model, rather than focusing solely on the single
highest performing trial. Given that fairness metrics such as Demo-
graphic Parity or equalized odds may not align closely with AUC,
relying on a single top-performing trial risks highlighting a con!g-
uration that achieves strong predictive performance at the expense
of signi!cant fairness de!ciencies. By broadening our analysis to
include the top !ve trials, we capture a more representative range
of near-optimal hyperparameter settings, enabling us to examine
the trade-o"s between performance and fairness more thoroughly.

4 APPLYING FAULT LINES
In this section, we describe the results of benchmarking 22 ML
classi!ers (see Section 4.1) using F!"#$ L%&’(, with the goal of
answering key questions about model behavior under label noise.
Speci!cally, we investigate the following research questions: How
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Table 2: Evaluated ML Models.

Model Category Key Characteristics Reference

SVM Linear Baseline Margin maximization, kernel-based separation [75]
Logistic Regression Linear Baseline Linear feature weighting, probabilistic output [40]

XGBoost Gradient Boosting Iterative tree boosting, gradient descent optimization [17]
LightGBM Gradient Boosting Leaf-wise tree growth, histogram-based splits [47]
CatBoost Gradient Boosting Categorical feature handling, ordered boosting [36]

MLP Feedforward Neural Multi-layer perceptrons, dense feature connections [86]
ResNet Feedforward Neural Residual layers, deep feature hierarchies [38]

FT Transformer Attention-Based Neural Self-attention over tokenized features [30]
TabTransformer Attention-Based Neural Attention on embedded categorical features [41]

SAINT Attention-Based Neural Self- and intersample attention layers [80]
NODE Hybrid Neural Oblivious decision trees in neural framework [70]

FairEG Fairness-Aware Optimization Randomized classi!er via cost-sensitive reduction [1]
FairGS Fairness-Aware Optimization Grid search over constraint multipliers [1]
FairRS Fairness-Aware Optimization Random search for constraint multipliers [1]

Robust-GBDT Robust Optimization Boosting with noise-aware loss adjustments [56]
DRO Robust Optimization Minimax optimization over uncertainty sets [74]

Group DRO Robust Optimization Group-speci!c minimax loss optimization [74]
IRM Robust Optimization Invariant feature learning across environments [5]

DANN Adaptation/Augmentation Adversarial domain-invariant feature learning [27]
MixUp Adaptation/Augmentation Interpolation-based training data mixing [96]

Label Group DRO Robust Optimization Group-speci!c loss optimization with label focus [74]
VREX Adaptation/Augmentation Variance-regularized risk extrapolation [49]

do di"erent classi!cation models respond to varying levels of ran-
dom label noise? (Section 4.2); How do dataset characteristics (e.g.,
size, class imbalance, feature dimensionality) in#uence model ro-
bustness to label noise? (Section 4.2); How does biased noise that
targets speci!c subgroups a"ect model robustness compared to
random noise? (Section 4.3); What are the trade-o"s between per-
formance and fairness under biased label noise across di"erent
model architectures? (Sections 4.3 and 4.5); and how do more com-
plex noise patterns (e.g., intersectional, temporal) impact model
behavior? (Section 4.4). The complete set of results is available on
our GitHub repository. Throughout this section, we use numbers
( 1 - 12 ) to reference the empirical !ndings that support each of
our recommendations in Table 5 in Section 5. Before diving into
the analysis, we give a brief description of the investigated models.

4.1 Models
To understand the robustness of di"erent architectures towards
label noise, we evaluate a diverse set of ML models, ranging from
simple, general-purpose approaches to complex, purpose-speci!c
designs as shown in Table 2. Our initial selection of models includes
gradient boosting models (e.g., XGBoost, LightGBM, CatBoost), neu-
ral network architectures (e.g., MLP, ResNet, FT Transformer), and
distribution robustness models (e.g., DRO, IRM, MixUp) from the
benchmarking framework of [28], supplemented by noise-robust
models like Robust-GBDT (with noise-aware loss functions) and
fairness-aware models like FairEG (using cost-sensitive reductions).
These additional models were selected to speci!cally evaluate per-
formance under label noise conditions with fairness considerations,
which is the primary focus of our study. This model set spans a wide

range of design principles, allowing us to assess how architectural
choices a"ect robustness to label noise, with robustness insights
detailed in Sections 4.2 and 4.4.

We include linear models (e.g., linear SVM) for their simplicity
and interpretability, serving as a baseline to assess noise impact
on basic classi!ers. Gradient boosting models (e.g., XGBoost) are
chosen due to their proven robustness and superior performance
on tabular data, as highlighted by [31], which notes tree-based
methods often outperform deep learning in such settings due to
e"ective handling of structured features. As shown in our results
(Section 4.2), we indeed observed this superiority in the clean and
random noise settings, with boosting models like CatBoost achiev-
ing top performance. However, to our surprise, transformer-based
models, among others, can demonstrate greater resilience to biased
noise (see Section 4.3). For deep learning, we adopt feedforward
neural and attention-based neural models, motivated by their wide-
spread use in noise-robust learning, as surveyed in [81], where
deep architectures excel with complex noise patterns like feature-
dependent noise. Hybrid neural models combine tabular and neural
strengths, o"ering a bridge between GBDT and deep learning for
noise resilience. Robust Optimization models (e.g., those with noise-
tolerant loss functions) are included to directly address label noise,
leveraging techniques like those in [81] to mitigate over!tting to
corrupted labels.

Adaptation/Augmentation models (e.g., domain-adaptive or data-
augmented approaches) are incorporated despite their primary
design for distribution shifts [28], as their ability to adapt to data
variations may enhance robustness to group-dependent noise and
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Table 3: Model performances (accuracy/AUC) under varying
random noise rates. 𝑊𝑆𝑇𝑈𝐿𝑉𝑆 is the performance average for
10% and 20% noise, while 𝑊𝑊𝐿𝑋𝑊 is the performance average
for 30% and 40% noise.

Model 𝑌𝑁𝑂𝑁𝑃 𝑌𝑄𝑃𝑅𝑀𝑆𝑄 𝑌𝑇𝑀𝑈𝑇

Robust-GBDT 85.35/82.96 84.91/81.38 84.26/78.97
CatBoost 85.06/83.95 84.88/81.92 83.61/78.77

FT Transformer↓ 85.05/82.44 85.02/81.08 84.01/80.98
MLP 83.24/78.16 83.04/76.64 82.16/73.94
ResNet 83.77/80.95 83.41/80.02 81.98/76.93
SVM 83.43/78.26 81.15/76.39 78.11/71.83

Group DRO+ 82.02/78.49 80.51/76.14 78.31/70.62
MixUp+ 77.11/77.13 75.74/75.12 73.51/72.74

↓2 datasets missing due to large feature dimensionality [28].
+6 datasets missing as domain generalization models cannot be trained here [28].

fairness under unseen conditions. Finally, fairness-aware optimiza-
tion models (e.g., Fairlearn variants) are added to explicitly tackle
fairness under biased labels, using LightGBM as a base to optimize
fairness-performance trade-o"s.

In our experiments, we adopt the training setup and hyperparam-
eter con!gurations fromGardner et al. [28], which involve standard-
ized train-validation-test splits and model-speci!c hyperparameter
tuning. For all models included in their benchmark, we reuse their
pre-optimized hyperparameters directly. In contrast, for models not
covered in their work, such as Robust-GBDT, we perform our own
hyperparameter tuning using Optuna, following a similar cross-
validation-based strategy. We include two fairness-aware reduction
methods from Agarwal et al. [1]: FairEG (exponentiated gradient)
and FairGS (grid search). Both optimize for fairness constraints
using LightGBM as the base classi!er. We also include FairRS, a
randomized reweighting approach in which fairness constraint
multipliers (𝑋) are selected via random search. All fairness-aware
models are tested under two common fairness constraints: Demo-
graphic Parity and Equalized Odds. These are applied to data with
feature-level label noise, assuming prior knowledge of the noise
type. Full con!guration details for all models, including code and
parameter settings, are available on our GitHub repository.

4.2 Random Noise
We evaluate each model under varying levels of random label noise
(0%, 5%, 10%, 20%, 30%, 40%, and 50%) across all datasets. Tomaintain
clarity, we present a subset of representative models that capture
the broader trends observed across all evaluated architectures. Full
results for all models, including those exhibiting similar patterns
due to architectural similarity, are available on our GitHub repos-
itory. We con!rmed normality of accuracy distributions at each
noise level using the Shapiro–Wilk test [78]. One-way ANOVA [25]
tested di"erences across noise groups, followed by Tukey’s HSD
[87] for pairwise comparisons. Normality (Shapiro–Wilk, 𝑁 > 0.05)
and equal variances (Levene’s test, 𝑁 > 0.05) were con!rmed, then
ANOVA and Tukey’s HSD (𝑌 = 0.05) were applied.

Table 3 summarizes the performance of six representative classi-
!ers, averaged across all datasets. For clarity, we group label noise
levels into none (0%), medium (10%–20%), and high (30%–40%).

SOTA models such as CatBoost, Robust-GBDT, and FT Transformer
achieve strong performance on clean data and are able to maintain
high accuracy despite high label noise, without requiring special-
ized preprocessing 1 . Statistical analysis con!rms their robust-
ness to random noise up to 40%, with no signi!cant degradation
(ANOVA: 𝑁 = 0.670, Tukey’s HSD: mean di"erence ↗ ↑0.0591,
𝑁adj > 0.698). Performance deteriorates signi!cantly at 50% noise,
corresponding to a 1:1 signal-to-noise ratio (ANOVA: 𝑁 < 0.01).
At low noise levels (e.g., 10%), models like CatBoost occasionally
demonstrated marginal performance gains, which may be attribut-
able to noise-induced regularization; however, these e"ects did not
reach statistical signi!cance.

Models such as FT Transformer exhibit amore pronounced degra-
dation in average performance across all hyperparameter trials as
noise increases (e.g., a 2.22% accuracy drop for FT Transformer from
0% to 30% noise) compared to the best-trial performance (e.g., a
0.8% drop). This suggests that FT Transformer’s robustness to label
noise, like that of other deep learning models, more heavily depends
on careful hyperparameter tuning, particularly for parameters like
regularization strength and learning rate. In contrast, boosting
models exhibit more stable performance across hyperparameter
settings, with minimal degradation in average performance. These
!ndings align with the current consensus that boosting models
often outperform deep learning approaches in tabular data settings
[79]. The reliance on extensive hyperparameter optimization for
deep learning models introduces practical trade-o"s, as real-world
scenarios often involve limited computational resources or noisy
validation data, potentially widening the performance gap with
boosting models.

Simple models, such as SVMs, not only achieve lower baseline
performance but also exhibit greater sensitivity to random label
noise. For example, SVMs experience a 5.32% drop in best accuracy
from the clean to high-noise setting, consistent with prior !nd-
ings [57]. Interestingly, models with higher baseline performance
do not necessarily exhibit greater degradation under random noise.
Robust-GBDT, for instance, maintains strong performance even un-
der high noise (84.26% accuracy), outperforming SVMs trained on
clean data (83.43% accuracy). Given the continued use of models like
SVMs in sensitive domains such as healthcare [34], practitioners
should be cautious when deploying them in noisy data scenarios 2 .

Adaptation- and augmentation-based models such as MixUp
or VREX demonstrate robustness to noise (see Table 3), but begin
with substantially lower baseline performance (MixUp baseline
performance starts at 77.11% accuracy), limiting their practical
e"ectiveness.

In addition to model performance, we analyze the fairness impli-
cations of random label noise across key subgroups (e.g., individuals
above versus below the poverty line in the Hypertension dataset,
or racial subgroups in the Hospital Readmission dataset, as seen in
Table 1). Although label noise was introduced uniformly at random
and independently of group membership, we observe that fairness
disparities can nonetheless shift as the noise rate increases. How-
ever, the direction and magnitude of these shifts vary substantially
across datasets. For example, in the Hypertension dataset, a 30%
random #ip led to a modest increase in equal false negative rates
between groups, while in the Hospital Readmission dataset, the
same noise rate slightly reduced group-disparity.
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Table 4: Pearson Correlation Coe#cients of dataset characteristics with random noise-induced performance drops for ResNet,
CatBoost, SVM, and FT Transformer.

Characteristic ResNet (Acc / AUC) CatBoost (Acc / AUC) SVM (Acc / AUC) FT Transformer (Acc / AUC)
Imbalance Ratio -0.440 / 0.445 -0.408 / 0.372 0.282 / 0.344 -0.446 / 0.224
Rows 0.408 / 0.303 0.272 / 0.354 0.013 / 0.109 0.088 / -0.051
Columns -0.031 / -0.616† -0.749† / -0.501 -0.541† / -0.489 -0.729† / 0.073
Class Separability (LDA) 0.278 / -0.158 0.117 / 0.151 -0.385 / -0.337 0.032 / 0.002
Feature-to-Row Ratio -0.012 / -0.663† -0.679† / -0.520† -0.571† / -0.519† 0.051 / 0.045
†p < 0.05; bold values indicate p < 0.10. Sample size: 𝑍 = 15 datasets for ResNet, CatBoost, SVM; 𝑍 = 13 datasets for FT Transformer.

One factor that appears to modulate the impact of random label
noise on fairness is the degree of class imbalance within and be-
tween subgroups. In datasets where subgroups di"er substantially
in their base rates (e.g., Hypertension), even symmetric, group-
agnostic noise can disproportionately corrupt the minority class
within each subgroup. This uneven degradation of signal quality
may shift the learned decision boundary and amplify group-level
fairness disparities. The e"ect is particularly pronounced when a
subgroup has low prevalence of the positive class, making it more
vulnerable to label #ipping. For example, in the College Scorecard
dataset, the SVM classi!er’s Equalized Odds disparity between vet-
erans and non-veterans nearly doubled, from 0.065 at 0% noise to
0.124 at 30% noise, despite the noise being agnostic to group mem-
bership. Notably, models that maintain robust performance under
noise (e.g., Robust-GBDT, CatBoost) also tend to exhibit more stable
fairness metrics across noise levels.

Taken together, these results provide a more nuanced under-
standing of model robustness under random label noise. While
SOTA models demonstrate impressive stability under high noise
levels, this robustness is not universal across model types, nor
is it guaranteed in practical settings. The observation that aver-
age performance across hyperparameter trials is more sensitive
to noise than best-trial performance in certain models highlights
that robustness often depends on ideal validation conditions and
carefully tuned hyperparameters. In real-world scenarios, where
validation data may also be noisy or limited, these performance
margins could widen substantially. Furthermore, even when noise
is group-agnostic, its fairness e"ects may not be uniformly benign.
Instead, they are mediated by structural properties of the data such
as subgroup class prevalence and model sensitivity to label noise,
which can lead to unintended disparities in predictive performance
between subgroups. Beyond benchmarking clean vs. noisy accuracy,
understanding how tuning, data conditions, and model assumptions
interact with noise is key to designing deployable systems 3 .

Impact of dataset characteristics. As we include datasets of
varying domains and characteristics, such as size, class imbalance
ratio, and feature dimensionality (see Section 3.2), we now ana-
lyze how these characteristics a"ect the impact of noise on ML
classi!ers. Understanding dataset characteristics may help design
models that better handle noise-related performance degradation in
varied real-world settings. Table 4 presents correlation coe$cients
between key dataset features and performance drops (from 0% to
30% noise) for four representative models of each category: ResNet,
CatBoost, SVM, and FT Transformer. Distribution robust models
were excluded as they could not be trained on 6 datasets.

Several patterns emerge from this analysis:

• Class Balance: ResNet, CatBoost, and FT Transformer,
more balanced datasets (higher Imbalance Ratios) correlate
with larger accuracy drops under noise (ResNet: 𝑍 = ↑0.440,
𝑁 = 0.101; CatBoost: 𝑍 = ↑0.408, 𝑁 = 0.131), while SVM
shows the opposite trend. AUC robustness improves with
balance across all models, suggesting that noise in imbal-
anced datasets particularly disrupts minority class ranking.

• Feature Complexity: The number of columns and feature-
to-row ratio show the strongest and most consistent cor-
relations with noise sensitivity 4 . CatBoost and SVM ex-
hibit signi!cantly larger accuracy drops with increasing
feature complexity (columns: 𝑍 = ↑0.749 and 𝑍 = ↑0.541,
𝑁 < 0.05), with FT Transformer also showing a strong nega-
tive correlation with column count. ResNet’s AUC is partic-
ularly a"ected by higher feature-to-row ratios (𝑍 = ↑0.663,
𝑁 < 0.05).

• Dataset Size: Larger datasets (more rows) show weak, non-
signi!cant correlations with reduced performance drops,
suggesting that increased data volume may provide some
protection against noise e"ects, though our sample size
(𝑎 = 15) limits statistical power.

This shows that model robustness cannot be evaluated in iso-
lation from dataset properties. Practitioners working with high-
dimensional or imbalanced datasets should be especially cautious
when deploying models in noisy environments, as performance
may degrade more severely than expected. Moreover, the contrast-
ing responses across model types (e.g., SVM vs. CatBoost under
class imbalance) imply that robustness is not solely an inherent
property of the model, but a function of model–data interaction.

4.3 Biased Noise
Having established the robustness of SOTAmodels towards random
label noise, we now focus on biased noise, where speci!c groups in
the data are targeted. As discussed in Section 1 and 3.1, this type
of noise aims to capture systematic biases in real-world data more
closely 5 .

In our biased noise experiments, we introduce label noise selec-
tively to prede!ned sensitive subgroups within each dataset (see
Table 1). Speci!cally, a subgroup noise rate of 30% is applied within
the targeted subgroup, while all other data points remain una"ected.
This level of subgroup-speci!c noise was chosen to ensure a su$-
ciently strong signal for evaluating robustness and fairness impacts,
without overwhelming the underlying data distribution. Because
only a subset of the data is modi!ed, the overall noise rate at the
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Figure 3: Impact of label noise (30% subgroup noise) on model performance and fairness metrics across di!erent classi"ers. Bar
charts show mean di!erences between noise-free and noisy conditions for Test AUC and fairness metrics. Error bars represent
pooled standard deviations. Classi"ers are ordered from left to right by overall robustness to noise.

dataset level is considerably lower ( 7%), ranging from 5.7% (Sepsis
dataset) to 9.99% (Voting dataset), depending on the prevalence of
the targeted subgroup. For example, in the Hypertension dataset,
we introduce noise only in instances where the poverty feature
equals 1 and the label is positive (1), leaving other cases unchanged.
Overall e!ects of biased noise. Figure 3 presents results for 12
classi!ers, chosen to represent each model category from Table 2,
highlighting the diversity in robustness across architectures under
biased label noise. Biased noise consistently worsened fairness
across models and metrics and models, with signi!cant increases
observed in Equality of Opportunity (mean di" = 0.216, p < 0.05),
Demographic Parity (mean di" up to 0.143, p < 0.05), and Equalized
Odds Ratio (mean di" up to 0.348, p < 0.05). Predictive Parity varied
widely: some models experiencing substantial shifts (mean di"
= 0.102, 𝑁 < 0.05) while others remained nearly una"ected (mean
di" = 0.0002). Generally, all classi!ers exhibit weaker robustness
compared to the prior Section (4.2) for the aforementioned smaller
noise rates ( ↘ 7% on average).

Figure 4: CatBoost accuracy for increasing noise introduced
in the Hypertension Dataset using random and biased noise.

Generally, we observe that biased noise can cause signi!cantly
greater performance degradation than random noise, even when
applied at equivalent overall rates. Figure 4 shows CatBoost accu-
racy on the Hypertension dataset, where biased noise leads to a
notably sharper decline in performance compared to random noise.

Model family di!erences. Certain models, such as ResNet and
CatBoost, exhibit substantial di"erences (i.e., ResNet: 0.254 for
Equalized Odds ratio) in all fairness metrics between clean and
noisy data, indicating high sensitivity to biased label noise. In con-
trast, models like TabTransformer and MixUp demonstrate greater
robustness to biased noise, with smaller shifts in metrics (0.037 for
TabTransformer’s Equalized Odds ratio). However, their relatively
low baseline accuracy (e.g., MixUp at 77.11% on clean data) limits
the practical signi!cance of this robustness.

For fairness-aware models, FairEG balances fairness and perfor-
mance best, with modest drops under biased noise: AUC decreases
by 0.8–3.6% and accuracy by about 0.3–0.8%. It’s worth noting that
this stability comes at the cost of a substantially lower baseline
AUC compared to other classi!ers (e.g., 23.97% lower baseline AUC
than CatBoost), which is not evident from Figure 3, where baseline
AUC is not directly shown 6 . FairGS, particularly with Equal-
ized Odds constraints, shows signi!cantly lower robustness, with
Equality of Opportunity increasing by 169% and Equalized Odds
ratio by 173%, indicating higher sensitivity to data perturbations.
FairRS performs worst, with fairness metrics like Equalized Odds
ratio increasing by over 300% and AUC falling by 4.6%, often un-
derperforming standard boosting models. These results highlight
that fairness-aware models also remain vulnerable to biased noise,
even with prior knowledge of the noisi!ed features. Among the
fairness constraints, Demographic Parity generally yielded more
stable performance than Equalized Odds.

Building on the prior analysis of boosting and transformer mod-
els under random label noise (Section 4.2), we now examine their
performance in the presence of biased label noise. Speci!cally, we
compare FT Transformer, the strongest-performing transformer
baseline, and XGBoost, the most robust boosting model. Under
biased noise, FT Transformer achieves higher peak AUC than XG-
Boost on 10 out of 13 datasets and exhibits a 33% smaller average
AUC degradation compared to XGBoost across biased-noise set-
tings. This contrasts with the pattern observed under random noise,
where boosting models showed more consistent robustness (Sec-
tion 4.2). However, this robustness comes with greater sensitivity to
hyperparameter settings. FT Transformer exhibits higher variance
across trials (e.g., 6.2% standard deviation in accuracy vs. 2.03%
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for XGBoost), and its average performance across hyperparameter
trials degrades more than that of XGBoost. Nonetheless, with ap-
propriate hyperparameter tuning (e.g., regularization strength), FT
Transformer consistently delivers strong results, indicating that its
robustness is achievable but less stable 7 . Boosting models tend
to o"er stable performance across conditions, while transformer-
based models can yield superior results under biased noise when
well-tuned. While the current study focuses on empirical evaluation
rather than causal explanation, we hypothesize that the advantage
of FT Transformer may stem from its attention mechanism, which
dynamically re-weights features and may mitigate the impact of
corrupted inputs. In contrast, XGBoost’s reliance on greedy, tree-
based splits could make it more susceptible to biased noise when
critical features are systematically corrupted.

Figure 5: Impact of biased noise on fairness metrics and
model performance (AUC Drop) across datasets using the
ResNet model. Color indicates magnitude of the degradation.

Dataset-level e!ects. Figure 5 visualizes the e"ects of biased label
noise on the ResNet model across all datasets, showing changes
in fairness metrics (Equalized Odds and Equality of Opportunity)
alongside AUC degradation. We use ResNet as a representative
model here due to its moderate baseline performance and sensitiv-
ity to label noise, which makes fairness shifts more visible across
datasets. In datasets such as Voting and Sepsis, biased noise leads to
signi!cant drops in both predictive performance and fairness, indi-
cating broad vulnerability. In contrast, datasets like Public Coverage
and Income exhibit substantial fairness degradation with minimal
change in AUC, suggesting that performance metrics alone may
mask growing disparities across subgroups. The reverse occurs in
the Hospital Mortality dataset, where AUC drops sharply while
fairness metrics remain relatively stable.

Our experiments demonstrate a fundamental asymmetry be-
tween random and biased noise: while models can exhibit stability
under random noise levels up to 40%, even small amounts of bi-
ased noise (5-10%) cause disproportionate damage to robustness 8 .
This asymmetry highlights a critical vulnerability in ML systems
deployed in real-world settings, where systematic biases in data
collection or annotation could be more likely than purely random
errors. The mechanisms underlying this vulnerability di"er by ar-
chitecture type: boosting models su"er from bias ampli!cation as
they focus on corrupted features, while transformer models show

relative resilience through their attention mechanisms that may
dynamically down-weight systematically corrupted inputs.

4.4 Complex Noise Patterns: Correlated,
Concatenated, and Temporal

Across 15 datasets, we !nd that correlated noise tends to have only
minor e"ects on overall performance, yet it can produce sharp fair-
ness degradation in small but predictive subgroups, where even
minimal overlaps can trigger disproportionate bias. In the College
Scorecard dataset, where the intersecting minority group consti-
tutes 6.49% of the data, the Equalized Odds ratio for the condition
veteran status increases by over 200% as subgroup noise rates rise
from 10% to 40%. Concatenated noise, by contrast, a"ects broader
segments of the data and therefore results in visible performance
declines and more di"use fairness harms, especially when the union
of a"ected subgroups covers more than half of the dataset. This
is the case for the Income dataset, where a 68.98% union coverage
causes a ↘4% drop in accuracy across models. Temporal noise in-
troduces non-stationarity that steadily reduces performance while
simultaneously producing fairness changes in speci!c time- or age-
dependent cohorts. These e"ects may often be hidden if evaluation
ignores temporal structure, and they can manifest in counterintu-
itive ways. Experiments across models reveal consistent relative
performance dynamics similar to those observed under biased noise
(Section 4.3). We added the full results and a detailed analysis on
our GitHub repository.

Together, these !ndings show that accuracy alone is an unreliable
proxy under complex noise and that fairness audits must explicitly
test intersecting demographic conditions and temporal slices. To
illustrate these dynamics more concretely, Figure 6 presents results
for the Hospital Readmission dataset, which involves multiple sen-
sitive attributes including race, gender, and age. Under correlated
noise, race-based fairness disparities increase sharply due to over-
lap between the a"ected group (𝑄𝑂 = 12.2%) and racial minority
prevalence (20.1%). In contrast, concatenated noise, which a"ects
a broader segment of the dataset (𝑄𝑂 = 61.3%), leads to greater
fairness degradation by gender. Finally, in the temporal noise setup,
noise increases linearly with age. Counterintuitively, the younger
age group (30–40) shows higher Equalized Odds disparity despite re-
ceiving less noise, due to miscalibrated false positive rates induced
by label in#ation among older patients.

Figure 6: The impact of increasing noise on fairness and
performance for (a) correlated noise (𝑄𝑂 = 12.2%), (b) con-
catenated noise (𝑄𝑂 = 61.3%), and (c) temporal noise in the
Hospital Readmission dataset.
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(a) Equalized Odds (b) Predictive Parity (c) Equality of Opportunity

Figure 7: Comparison of three fairness metrics across classi"ers using the ACS Unemployment dataset. Each dot indicates one
of the "ve top-performing trials, with yellow dots highlighting the best trial for each classi"er.

While random noise can often be mitigated with robust loss
functions or ensemble methods, complex noise patterns demand
more targeted strategies 9 . Intersectional noise such as correlated
or concatenated corruption may not be detectable through data
cleaning approaches that treat protected attributes independently,
underscoring the importance of fairness audits that explicitly con-
sider intersecting demographic conditions. Temporal noise intro-
duces another challenge: conventional cross-validation can mask
fairness degradation if it ignores time structure, making time-aware
validation and monitoring essential. Although fairness-aware mod-
els provide partial protection, our results indicate that they are
less e"ective when the corruption mechanism itself is more com-
plex. Addressing these scenarios requires fairness interventions
that explicitly account for both the underlying noise process and
the fairness constraints 10 .

4.5 A closer look: ACS unemployment dataset
To illustrate the trends discussed in previous subsections, we ex-
amine fairness metrics for classi!ers on the ACS Unemployment
dataset. We use migration status as a second sensitive condition
for complex noise patterns (4.39% coverage for correlated noise
and 35.50% coverage for concatenated noise). For temporal noise,
corruption increases with age. In clean conditions, transformer-
based models (TabTransformer and FT Transformer) achieved near-
perfect fairness (Equality of Opportunity ↘ 0.0), while MixUp and
Label Group DRO maintained low disparities (Equality of Oppor-
tunity ↘ 0.00 ↑ 0.013). MLP and ResNet demonstrated moderate
fairness levels (Equalized Odds Ratio ↘ 0.084 ↑ 0.164), and Lo-
gistic Regression consistently showed higher baseline disparities
(↘ 0.160 ↑ 0.165). Under biased noise (30%) as shown in Figure 7,
fairness degraded dramatically for most models. Logistic Regression
and ResNet exhibited particularly severe deterioration (Equality of
Opportunity increasing to ↘ 0.353↑ 0.693, with Logistic Regression
reaching ↘ 0.790). While TabTransformer and FT Transformer lost
their perfect fairness, they maintained relatively moderate dispar-
ities (Demographic Parity Di"erence ↘ 0.0 ↑ 0.144). Label Group
DRO, despite being designed for distributional robustness, expe-
rienced severe fairness degradation under biased noise (increases
of ↘ 0.897 ↑ 0.938). Despite minimal change in accuracy (↘ 97%
across conditions), fairness metrics diverged sharply under biased
noise, revealing a hidden vulnerability in many models 11 .

Under correlated noise, performance barely changes (e.g., ↑0.12%
accuracy for CatBoost) but fairness collapses, with Predictive Parity
and Equality of Opportunity for minority groups rising by up to
700%. Robust optimization models such as DRO and VREX exacer-
bate these issues (VREX reaches 47.9% Equalized Odds). Concate-
nated noise produces both performance loss (↘7% AUC drop) and
subgroup harms: FT Transformer maintains moderate disparities,
while MixUp performs worst. Fairness-aware models help only
when constraints match the corrupted attribute; otherwise, bias
persists in unconstrained groups (e.g., +40% Equalized Odds for
minority race) 12 . Temporal noise hides uneven fairness: older
cohorts show doubled Equalized Odds, while younger cohorts see
Predictive Parity drop to zero.

5 DISCUSSION
This section discusses the implications of our !ndings and high-
lights their utility for researchers and practitioners.

5.1 Utility of F!"#$ L%&’(
Testing data cleaning pipelines. Our !ndings emphasize the
need for tailored data management practices to address label noise,
particularly when noise correlates with biases. Recent work by
Guha et al. [33] shows that automated data cleaning can inadver-
tently compromise fairness, a risk possibly ampli!ed by the biased
noise types in our benchmark. Interestingly, Ni et al. [62] found that
many data repair algorithms may inadvertently introduce more
errors than they !x. We observe a similar counterintuitive result:
in some cases, models trained on data with low levels of noise (e.g.,
<10%) showmarginal performance gains over those trained on clean
data (Section 4.2). Although these gains are not statistically signi!-
cant, they challenge conventional assumptions about data quality
and reinforces the need for careful evaluation of cleaning methods.
Furthermore, model retraining work#ows in AutoML pipelines may
silently learn biased or brittle decision boundaries without any overt
failure signal. Integrating our benchmark into such pipelines could
help automatically surface when model performance or fairness
metrics degrade disproportionately under simulated or detected
noise patterns.

We observed systematic di"erences between random and biased
noise, underscoring the limitations of generic cleaning approaches.
While random noise can often be reduced with standard methods
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(e.g., outlier removal), biased noise requires subgroup-aware inter-
ventions. F!"#$ L%&’( o"ers a testbed to explore these dynamics
rigorously.
Developing noise- and bias-robust models. Our results help
identify model vulnerabilities across noise types, informing the
design of more robust architectures. We identi!ed speci!c vulnera-
bilities, such as high-capacity models’ sensitivity to biased noise
and fairness degradation under conditional corruption, which can
inform model design priorities.

The benchmark facilitates systematic evaluation of novel robust-
ness techniques against standardized noise patterns and fairness
metrics. As researchers develop new methods for label noise ro-
bustness, our framework provides a consistent basis for comparing
e"ectiveness across real-world scenarios. This is particularly valu-
able as the !eld shifts toward jointly optimizing performance and
fairness under data corruption in data-centric AI.

5.2 Multi-class and Regression Tasks
We focused on binary classi!cation to ensure methodological

rigor in fairness evaluation, given the maturity of fairness metrics
in this setting. However, the fundamental insights likely extend to
other task types, albeit with increased complexity. Recent studies
suggest that multi-class classi!cation can be more susceptible to
label noise due to increased class confusion from noise distribution
across classes [22, 43]. In contrast, Mohammed et al. [59] show that
regression models can be more robust to certain types of noise,
including label noise. Further studies on noisy-label regression
con!rm that additive label noise drives error in#ation [48, 85].
Fairness evaluation in multi-class classi!cation typically relies on
per-class or macro-averaged extensions of fairness metrics [10,
19]. Fairness in regression tasks is less mature due to continuous
outcomes, often using residual-based measures like conditional
demographic disparity [2, 8]. We provide a detailed guidance on
how F!"#$ L%&’( could be extended to multi-class classi!cation
and regression tasks, leveraging our existing noise taxonomy and
evaluation framework in our GitHub repository. This extension
rede!nes how noise is applied, adapts fairness metrics, and updates
evaluation metrics to suit these task types.
5.3 Implications for practitioners
We show that data quality, model robustness, and fairness are tightly
linked, especially in real-world AI deployments. As noted in Section
1, data quality profoundly in#uences AI systems: label errors can
undermine reliability and amplify societal biases, particularly in
high-stakes domains like healthcare and criminal justice.

Our results con!rm these concerns, showing that noise type,
dataset characteristics, and model choice fundamentally shape
outcomes. While models demonstrate resilience to random noise,
biased noise targeting speci!c subgroups signi!cantly degrades
robustness, with Equality of Opportunity showing mean di"er-
ences of 0.216 (𝑁 < 0.05) and Demographic Parity di"erences up to
0.143 (𝑁 < 0.05). Dataset characteristics, such as feature complex-
ity and class balance, further modulate these e"ects, with model
architecture dictating trade-o"s between robustness and equity.
Group-agnostic noise may still create fairness disparities when
class imbalance leads to unequal signal degradation.

The disproportionate impact of biased noise aligns with prior
work on data quality’s role in ML outcomes. Biased noise particu-
larly harms fairness, amplifying Equalized Odds violations (mean
di"erences up to 0.348, 𝑁 < 0.05) for vulnerable subgroups. Unlike
earlier studies, such as Northcutt et al. [64], which focused primar-
ily on accuracy, our work bridges data quality to fairness, showing
how subgroup-speci!c noise exacerbates disparities beyond random
noise e"ects. For practitioners, these !ndings translate into con-
crete recommendations. In addition to motivating future research
and methods, these !ndings provide actionable insights for practi-
tioners, as summarized in Table 5. Crucially, we demonstrate that
model-based solutions, while powerful, have inherent limitations.

Table 5: Recommendations for Practitioners Across Data Sci-
ence Lifecycle Stages.

Stage Recommendation Ref.

Data
Preparation

Validate labels with domain experts in high-stakes
domains.

2

Iterate data cleaning and model tuning based on feed-
back.

3

Assess feature selection / dimensionality reduction
for high-dimensional data.

4

Sample and review labels from sensitive subgroups to
perform targeted subgroup label audits.

8

Prioritize data quality as model improvement cannot
fully compensate for poor labels.

9

Understand your data and ensure ethical work#ows
by early stakeholder involvement.

11

Model
Selection
& Training

Mitigate random data entry errors using robust boost-
ing variants with moderate regularization or robust
loss functions.

1

Consider fairness-aware models with constraints, but
expect trade-o"s.

6

Evaluate transformer-based models, but monitor run-
to-run variance.

7

Evaluation &
Deployment

Stress-test pipelines with simulated noise (e.g., using
F!"#$ L%&’().

5

Monitor subgroup performance continuously. 10
Report predictive performance and multiple fairness
metrics.

12

6 CONCLUSION
Our study advances fair data management by providing a compre-
hensive benchmark across 15 datasets and 22 models, revealing
that while state-of-the-art ML models may demonstrate remark-
able resilience to high levels of random label noise (up to 40%),
they can exhibit pronounced vulnerability to even modest amounts
of biased noise (5-10%). This framework integrates noise and fair-
ness analysis to establish a foundation for developing noise-aware,
fairness-preserving ML pipelines, providing actionable guidance
for practitioners. Future work should integrate these !ndings into
database management systems through automated noise detection
mechanisms, fairness-aware optimization, and data quality moni-
toring pipelines that can proactively identify and mitigate diverse
noise patterns during data ingestion and model training work#ows.
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