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ABSTRACT

KEYWORDS: Fairness in Machine Learning; Weak Proxies; Sensitive Attributes;

Privacy-Preserving Fairness; Equalized Odds; Synthetic Data Gen-

eration; Gaussian Copula; Differential Privacy; Fairness Evalua-

tion; Proxy-Based Auditing.

Ensuring fairness in machine learning systems has become increasingly crucial as these

models are deployed in socially consequential domains such as lending, hiring, and

criminal justice. A significant challenge in fairness evaluation arises when sensitive

attributes, such as race or gender, are unavailable due to privacy constraints or de-

mographic scarcity. Traditional approaches rely on off-the-shelf proxy models to in-

fer missing sensitive attributes; however, such methods can misrepresent true fairness,

leading to potentially biased decisions.

This thesis investigates the theoretical and practical framework proposed by Zhu

et al. (2023) for fairness evaluation using weak proxies. We systematically implement

a controlled pipeline to generate synthetic datasets via a Gaussian Copula, train multiple

weak and independent proxy classifiers, and aggregate their predictions using ensemble

techniques. Our experimental setup evaluates the impact of proxy quality, ensemble

size, and noise on fairness metrics, particularly focusing on Equalized Odds, across

three datasets: Adult, COMPAS, and synthetic Gaussian data.

The results demonstrate that naive use of proxy-sensitive attributes can underesti-

mate true disparities, while ensembles of weak proxies, when appropriately calibrated,

provide accurate and robust fairness estimates. Furthermore, introducing differential

privacy via controlled noise allows us to study the trade-off between privacy and fair-

ness, showing that even noisy proxies can yield reliable estimates when combined with

generative modeling and majority voting.

This work validates the theoretical claims of weak proxy sufficiency, highlights the

critical conditions required for reliable fairness measurement, and provides practical
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guidelines for deploying privacy-preserving fairness audits in scenarios where sensitive

information is partially or entirely inaccessible.
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CHAPTER 1

INTRODUCTION

Machine learning and deep learning have found a nook and corner in every space. For

example these technologies have found their applications in financial domains (Dixon

et al. (2020); Heaton et al. (2018)) , in healthcare (Shailaja et al. (2018); Jafri and

Arabnia (2009)) and criminal justice (Berk (2012); Rudin (2019); Berk (2019); Tol-

lenaar and van der Heijden (2013)) to name a few. The decisions that are taking place

based on the computation of the ML systems are very crucial and have a long lasting

impact on the society. For example : decision of giving an individual loan (Pandey

et al. (2021)), giving admission to any university (Waters and Miikkulainen (2014)) or

offering someone a job (van den Broek et al. (2021)). These are life changing decisions

that are controlled by ML systems therefore their are high stakes at risk and there is a

responsibility to build more fair systems for these decisions to be made.

There are various definitions of fairness that has been proposed. However, one

factor that remains common to many has been utilisation of demographic information

to measure and mitigate the unfairness in ML systems.

Evaluating fairness becomes a challenging task since the demographic information

is partially or wholly missing. This challenge exists due to various reasons out of which

some of them could be due to restrictions enforced in sharing the information to main-

tain privacy. As protecting privacy is the most important factor therefore as a result,

demographic information is available only for a few users. A demographically scarce

regime was the term used by Awasthi et al. (2021) and Kenfack et al. to describe this

particular setting.

In such scenarios, a typical solution involves predicting the missing sensitive at-

tributes using an attribute classifier trained on a separate dataset that contains demo-

graphic information. However, Awasthi et al. (2021). caution that the accuracy of these

proxy models does not necessarily translate to accurate fairness estimation. Through

theoretical and empirical analysis, they show that even high-performing attribute classi-

fiers can mislead fairness audits if their prediction errors are distributed unevenly across



subgroups. Surprisingly, in some regimes, introducing asymmetric errors may improve

bias estimation — an insight that challenges conventional wisdom around fairness-

aware proxy design.

Complementing this, Zhu et al. (2023) present a stronger critique of proxy-based

fairness assessment. They show that naïvely using off-the-shelf proxies to compute

fairness metrics can lead to dangerously misleading conclusions, creating a false sense

of fairness or unfairness. Crucially, their work introduces a calibration framework that

can provably correct fairness metrics even when the proxies are weak, thus offering a

safer and more privacy-preserving alternative. Their findings suggest that even inaccu-

rate (i.e., weak) proxies can be sufficient for fairness evaluation when used with proper

calibration, offering both ethical and technical advantages.

Together, these works underscore a crucial insight: when sensitive attributes are

inaccessible, proxy-based fairness estimation must be handled with deep caution. Proxy

quality, error distribution, and evaluation methodology all influence the reliability of the

fairness conclusions drawn. This thesis attempts to practically test, both synthetically

and empirically, the theoretical conditions and algorithmic claims proposed by Zhu

et al. (2023), assessing their validity in practical fairness evaluation scenarios.

1.1 Literature Survey on Fairness Evaluation under Miss-

ing or Imperfect Sensitive Attributes

In recent years, the growing deployment of machine learning systems in socially con-

sequential domains such as lending, hiring, and criminal justice has drawn increasing

attention to the issue of fairness. A major hurdle in assessing and ensuring fairness

in machine learning models is the lack of access to sensitive attributes, which are ei-

ther unavailable due to privacy laws or omitted to reduce liability. In light of these

challenges, recent literature has examined a spectrum of strategies ranging from us-

ing inferred or proxy-sensitive attributes to developing robust optimization techniques

under distributional uncertainty.

One of the earliest foundational contributions in this space is by Zafar et al. (2017),

who introduce fairness constraints into the optimization objective of classification algo-
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rithms. Their work assumes the availability of true sensitive attributes during training,

and enforces fairness definitions like disparate impact and disparate treatment through

convex constraints. Although Zafar et al. (2017) do not account for missing or proxy

attributes, their constraint-based optimization framework remains highly influential. In

the context of our thesis, this assumption is relaxed via weak proxy estimation. Yet,

Zafar et al. (2017)’s formulation is still compatible with our setting if we treat the es-

timated proxy as an input to fairness constraints. This suggests a potential extension

where their fairness-aware optimization is applied using calibrated proxy labels, as later

proposed in more recent works.

Subsequently, Ghosh et al. (2022) explore fairness under feature perturbations, fo-

cusing on input robustness. While not directly tackling proxy-sensitive attributes, their

work introduces a regularization strategy that penalizes variability in fairness outcomes

due to small shifts in feature space. This is particularly relevant to scenarios involving

noisy or weak proxies, as it implies that fairness evaluation under such noisy settings

must remain stable to perturbations in input or proxy values. Their methodology pro-

vides an indirect but important foundation for robustness in fairness auditing.

Awasthi et al. (2021) shift the focus toward fairness auditing in what they term

the "demographically scarce regime"—where datasets with full sensitive attribute la-

bels are rare or inaccessible. They study the decoupled approach where an attribute

classifier is first trained using a small, labeled dataset, and later applied to infer group

membership in an unlabeled dataset. Critically, they show that high accuracy of the

attribute classifier does not necessarily translate into accurate fairness estimation. The

error distribution across subgroups plays a vital role. In fact, in some regimes, uneven

error distribution yields better fairness estimates. Their work presents both a theoret-

ical analysis and active sampling algorithms that improve bias estimation using such

attribute classifiers. This paper thus provides significant groundwork for proxy-based

fairness auditing, although it does not explicitly address the joint use of multiple weak

proxies.

Building on these prior discussions, Zhu et al. (2023) directly address the risks of

using proxies for fairness estimation and propose a formal framework to mitigate them.

They offer both theoretical and practical insights by highlighting the dangers of naively

using proxy attributes—even highly accurate ones—which can result in misleading fair-
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ness conclusions. Their experiments demonstrate that fairness metrics computed using

such proxies can vastly underestimate true disparities. To resolve this, Zhu et al. (2023)

introduce a provably correct algorithm that leverages multiple weak proxy models to

estimate fairness without needing access to true sensitive attributes. Their theoretical

contributions, especially Theorems 3.2 and 4.6, establish that as few as three indepen-

dent, weak, and i.i.d. proxy models are sufficient to recover fairness metrics reliably.

This approach is designed to preserve user privacy while ensuring evaluation integrity.

Kenfack et al.(2023) and Woodworth et al. (2017) broaden the discussion by ad-

dressing fairness under distributional shift and unobserved confounding. Kenfack et al.

propose a Regularized Distributionally Robust Optimization (R-DRO) framework to

ensure fairness generalizes across training and test distributions—a crucial considera-

tion when proxies are learned on datasets that may not match deployment distributions.

Kenfack et al., on the other hand, account for latent confounding factors that simultane-

ously influence both sensitive attributes and target labels. Their proposed prior-shifted

optimization technique adjusts for such confounding, thus supporting more trustwor-

thy fairness evaluations. These works further contextualize the use of proxies by em-

phasizing that inaccuracies may also stem from latent shifts rather than mere model

limitations.

Together, these works represent a significant evolution in our understanding of fair-

ness estimation under practical constraints. They shift the narrative from idealized fair-

ness assessment with full demographic information to realistic, privacy-aware strategies

grounded in weak proxies, generative modeling, and robust optimization. The conver-

gence of these ideas forms the theoretical backbone of our thesis and directly motivates

the design of our pipeline and empirical evaluation in the subsequent chapters.

1.2 Objective of the Thesis

The objective of this thesis is to rigorously test and validate the theoretical claims

made by Zhu et al. (2023) in their work "Weak Proxies are Sufficient and Preferable

for Fairness with Missing Sensitive Attributes". This study adopts a replicative and

empirical lens to critically assess the foundations laid out in their framework.

In particular, the thesis investigates whether fairness metrics — especially group
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fairness metrics such as Equalized Odds and Equal Opportunity — can indeed be

accurately recovered using only weak, independent, and informative proxy models

in the absence of true sensitive attributes.

Zhu et al. (2023) argue that while direct use of proxies can result in misleading

fairness conclusions, their proposed algorithm can recover fairness estimates with high

fidelity under three essential conditions:

• Proxies must be independent and identically distributed (i.i.d): to ensure sta-
tistical diversity and prevent correlated errors;

• Proxies must be weak: To ensure unbiased fairness estimates while preserving
privacy by preventing precise sensitive attribute identification. As long as proxies
are sufficiently informative (better than random) but weak, they can still provide
reliable fairness estimates.

• Proxies must be informative enough: so that the conditional confusion matrices
used in their estimation procedure remain full-rank and computationally recover-
able.

To operationalize these requirements, we design a synthetic pipeline that enables

controlled generation of proxy models. Specifically:

• We train a Gaussian copula-based generative model on real-world data (Adult
dataset) to learn the conditional distribution of features given the sensitive at-
tribute;

• Using this model, we sample multiple synthetic datasets with sensitive attribute
labels;

• From these, we train multiple weak proxy classifiers that serve as surrogates for
the latent sensitive attribute;

• These are used to predict group membership on the true test data — satisfying
both independence and weakness requirements through randomized sampling
and controlled model accuracy.

The core idea is to simulate a realistic proxy estimation scenario where no access

to the true sensitive attribute exists, and fairness must be evaluated based solely on

these learned proxies. This sets up the exact conditions for testing the following three

guiding questions posed by Zhu et al. (2023) :

• Is directly using proxies efficacious in measuring fairness?

• If not, can fairness still be reliably estimated using only proxies?
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• Can weak proxies alone suffice for accurate fairness evaluation while pre-
serving privacy?

By running fairness-aware and fairness-blind classifiers under various combina-

tions of ground-truth and proxy-sensitive attributes, this thesis evaluates whether the

empirical fairness frontiers (in terms of accuracy-fairness trade-offs) align with those

derived from true sensitive labels.

We further extend the study by introducing differential privacy noise to the sen-

sitive labels and re-evaluating the effect on fairness, proxy performance, and model

outcomes — testing the robustness of Zhu et al. (2023) ’s approach in privacy-sensitive

settings.

Ultimately, this work acts as a structured and empirical audit of Zhu et al. (2023)

’s theoretical proposition, bridging theory with reproducible practice and assessing

whether fairness truly can be recovered without ever needing to recover the true attribute

itself.

1.2.1 The problem with Proxy attributes

Using a single proxy classifier to directly measure fairness often leads to a significant

misrepresentation of the true disparities in a model. As shown in the bar chart, a model

that appears fair when evaluated with proxy attributes can, in reality, be highly unfair

according to the ground-truth data. This phenomenon creates a false sense of fairness,

which is a dangerous trap for practitioners and can lead to the unwitting deployment of

biased systems.

Empirical Evidence from the COMPASS Dataset

The provided graph offers clear empirical evidence of this problem across three com-

mon fairness metrics: Demographic Parity, Equalized Odds, and Equalized Opportu-

nity. In every case, the proxy-based metrics (pink bars) consistently and substan-

tially underestimate the true disparities (blue bars).

This finding demonstrates that the problem is not isolated to a single metric or clas-
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Figure 1.1: Fairness disparities of models on COMPASS (true vs proxy)

sifier. The misrepresentation of fairness is a fundamental flaw of a direct proxy-based

approach, underscoring the need for a more robust and calibrated methodology, such as

the ensemble-based estimation used in this work.

Figure 1.2: The Effect of Proxy Distribution on Fair Classifier Performance (Adult
Dataset)

This plot compares the performance of a fair classifier, in terms of both fairness and
accuracy, when trained using an ensemble of proxies. It shows the impact of a single
proxy, an IID ensemble, and a non-IID ensemble on the Equalized Odds (EOD) Gap
and Test Accuracy. The true sensitive attribute baseline is also included for reference.

The Ensemble Approach as a Solution to the Proxy Problem

The graph empirically demonstrates how the problem of using a single proxy is

addressed through an ensemble-based methodology. While a single, uncalibrated proxy

can be unreliable, our approach provides a clear path toward a more robust solution.

• The Problem: The plot establishes the inadequacy of a single proxy by show-
ing its performance as a single orange dot. This dot is associated with a high
fairness gap, which indicates a significant misrepresentation of the model’s true
disparity. This confirms that a single-proxy baseline is insufficient for reliable
fairness evaluation.

• The Solution: The i.i.d. ensemble approach, represented by the green line,
significantly advances fairness evaluation. By aggregating the predictions from
multiple proxies, the ensemble effectively improves upon the single-proxy base-
line, achieving a consistently lower fairness gap. This shows that the collective
judgment of a proxy ensemble is far more reliable than an individual proxy.
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• The Nuanced Finding: A key finding of this work is the performance volatility
observed in the ensemble’s results. This erratic behavior, while not ideal, is a
central challenge that the thesis addresses. It highlights the complexities of real-
world fairness interventions and serves as a foundation for deeper analysis on
how to manage this uncertainty.

1.2.2 Validating Zhu et al.’s Theoretical Requirements in Practice

Zhu et al. (2023) provide a formal foundation for fairness estimation under missing

sensitive attributes, culminating in a set of three sufficient conditions under which fair-

ness metrics such as Equalized Odds Difference (EOD) can be accurately recovered

using only proxy estimates of the sensitive attribute. These requirements—(1) inde-

pendence and identical distribution (i.i.d.) of proxies, (2) weakness of proxies, and

(3) informativeness (invertibility) of the confusion matrices—are not merely theoretical

conveniences but practical desiderata that undergird the robustness of any proxy-driven

fairness pipeline.

In this work, we rigorously instantiate and test these requirements using a synthetic

proxy training strategy, grounded in generative modeling and ensemble estimation. Be-

low, we detail the implementation of each requirement and support it with experimental

evidence.

Requirement 1: Proxies Must Be Independent and Identically Distributed (i.i.d.)

and at least three in number

Theory: The ensemble-based estimator proposed by Zhu et al. (2023) relies on the

assumption that the proxy models used to estimate the sensitive attribute are both in-

dependent and identically distributed (i.i.d.). This assumption is crucial for several

reasons:

• Independence: Proxy models should be independent to ensure that their individ-
ual errors do not influence each other. If proxies were dependent, errors made
by one proxy could propagate or reinforce errors in others, leading to biased or
unreliable fairness estimates.

• Identical Distribution: Proxy models must be trained on the same distribution
of data to ensure they are estimating fairness from a consistent basis. If proxies
were trained on different data distributions, they could provide conflicting fair-
ness assessments, resulting in inconsistent or inaccurate conclusions.
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The i.i.d. assumption guarantees that errors across proxies can be averaged prop-

erly, without introducing bias or inconsistency. By ensuring that the proxies’ errors

are averaged out and that they all estimate fairness from the same data distribution, the

fairness estimation becomes more reliable and robust. A key finding is that at least

three proxy models are both sufficient and necessary to identify the transition matrix.

This is a theoretical requirement for the algorithm to function correctly and provide an

unbiased estimate.

Implementation:In our pipeline, we operationalize the assumption of i.i.d. proxies

through synthetic data generation. For each of the k proxy classifiers, we sample a

new dataset using a Gaussian Copula Synthesizer trained on the joint distribution of

features X and sensitive attribute A. The use of the Gaussian Copula allows us to create

synthetic datasets that respect the dependency structure between features and sensitive

attributes. This ensures statistical independence across classifiers Calders et al. (2009),

as each proxy is trained on its own freshly sampled synthetic dataset, while still being

identically distributed by construction, since all samples are drawn from the same fitted

copula model.

The requirement that proxies be independent and identically distributed (i.i.d.) and

used in sufficient number is not only a theoretical necessity but also a practical one for

ensuring reliable fairness measurement and enforcement. Our empirical results demon-

strate this clearly. When proxy classifiers are generated through IID sampling from the

Gaussian Copula model and combined via majority vote (with k ≥3), the fairness gaps

(EOD/DP) are consistently reduced, and accuracy remains close to the true attribute

baseline. This validates Zhu et al. (2023)’s theoretical claim that averaging across in-

dependent proxies allows errors to cancel out, producing stable and unbiased fairness

estimates. In contrast, non-IID proxy ensembles show erratic fairness gaps and unsta-

ble accuracy, as correlated errors across proxies prevent error cancellation and distort

fairness assessment. The impact becomes more apparent when moving from estimation

to enforcement using ExpGrad. With the true sensitive attribute, ExpGrad successfully

reduces fairness gaps while preserving accuracy. However, with only a single proxy,

fairness enforcement weakens significantly, since noise in the proxy attribute causes

fairness constraints to misalign with the true objective. In contrast, IID proxy ensem-

bles recover enforcement performance, aligning closely with the true attribute baseline,

while non-IID ensembles again fail to provide stability. Together, these findings show
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that the i.i.d. assumption is not just theoretically elegant but practically necessary: with-

out it, fairness enforcement mechanisms cannot reliably operate under noisy sensitive

attributes.

What is a Gaussian Copula?

A Gaussian Copula is a type of generative model that captures the dependencies be-

tween variables through their marginal distributions and a copula function. Unlike stan-

dard generative models, which directly model the joint distribution of the features and

the sensitive attribute, the Gaussian Copula separates the marginal distributions from

the dependencies between the variables. This approach is particularly useful when we

want to preserve the correlation structure between the features X and sensitive attribute

A, while generating synthetic data that mimics the real-world data distribution.

Why Choose a Gaussian Copula Model?

We chose this model over simpler generative approaches because it offers several ad-

vantages:

• Flexibility: The Gaussian Copula captures non-linear dependencies between fea-
tures and sensitive attributes, which simpler models like a direct Gaussian model
cannot. This allows us to handle more complex data structures while preserving
realistic correlations.

• Independence and Identical Distribution (i.i.d.) Assumption: By fitting the
copula to real-world data, we ensure that the synthetic data maintains the same
statistical relationships. This allows us to sample independent synthetic datasets
for each proxy model, fulfilling the i.i.d. assumption required for fairness evalu-
ation.

• Accurate Marginal Distributions: The Gaussian Copula ensures that the marginal
distributions of both features and sensitive attributes are preserved, enabling the
synthetic proxies to reflect the actual data distribution and ensuring unbiased fair-
ness estimates.

In summary, the Gaussian Copula model was selected for its ability to preserve

dependencies between features and sensitive attributes while generating synthetic data

for fairness evaluation. This model ensures the i.i.d. assumption for proxy models and

supports Zhu et al. (2023) ’s core assumptions, enabling accurate fairness assessments.
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Empirical Support: The effectiveness of this strategy is evident in our fairness-

accuracy trade-off plots, where the ensemble majority-voted proxy Â begins to approx-

imate the fairness frontier corresponding to true A more closely as k increases. This

convergence supports the i.i.d. assumption and validates that statistical diversity across

proxies yields a more accurate estimation of group-wise fairness disparities.

Requirement 2: Proxies Must Be Weak

Theory: Zhu et al. (2023) advocate for the use of weak proxies, i.e., classifiers that

do not achieve high prediction accuracy of the sensitive attribute. This design choice

is motivated by privacy concerns: accurate recovery of sensitive attributes undermines

privacy, while weak proxies provide a controlled and ethically acceptable trade-off be-

tween utility and risk.

Implementation: Rather than training proxies on the original labeled dataset, we

train all classifiers on synthetic data where sensitive labels are generated via the Gaus-

sian Copula model. This inherently limits the fidelity of the synthetic data and thus

bounds the accuracy of the resulting proxies. In our evaluations, the proxy classifiers

typically achieve prediction accuracies well below 80%, with controlled variability.

Figure 1.3: Effect of Proxy Distribution on Fairness Estimation (Adult Dataset)
These plots illustrate the average Fairness Gap (EOD) with a 95% confidence interval
across multiple runs. They compare two proxy sampling methods—Independent and

Identically Distributed (IID) and non-IID—as the number of proxies (k) increases. The
horizontal dashed line represents the True Attribute Baseline.

Empirical Support: Despite their deliberately constrained accuracy, these weak

proxies suffice for fairness estimation. Across all values of k, the fairness metrics com-

puted using these weak proxy ensembles track closely to the true fairness frontier, es-

pecially when k ≥ 3. This empirical behavior is consistent with Zhu et al. (2023) ’s
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Theorem 4.6, which states that three i.i.d. weak proxies are theoretically sufficient to

recover unbiased fairness estimates.

Figure 1.4: Fairness-Aware Classifier Accuracy Using Weak Proxies (Adult Dataset)
These plots illustrate the average Test Accuracy of a fair classifier with a 95%

confidence interval. The classifier is trained using weak proxy ensembles from IID and
non-IID sampling methods. The horizontal dashed line represents the accuracy of a

baseline fair classifier trained with the true sensitive attribute.

Requirement 3: Proxies Must Be Informative Enough (Full-Rank Confusion Ma-

trices)

Theory: The final requirement posits that while proxies must be weak, they must not

be completely uninformative. Specifically, the conditional confusion matrices for each

proxy model (i.e., predicted Â vs. true A) must be full-rank to enable the inversion

procedures that underlie fairness metric recovery.

Implementation: By generating distinct training sets for each proxy, our method

induces diverse but non-degenerate classification boundaries. Furthermore, the use of

a majority-voting mechanism across multiple such proxies ensures that the final aggre-

gated Â retains informative structure. Importantly, we do not permit any proxy with

trivial prediction behavior (e.g., constant outputs), and we validate proxy informative-

ness via sensitivity analyses on Â’s class distributions.

Empirical Support: The fairness-accuracy plots show that as we aggregate over

more proxies, the ensemble proxy Â yields fairness values that increasingly converge

toward those measured using the ground truth A. In both low- and high-noise regimes

(e.g., ϵ = 0.01 to ϵ = 1.0), the ensemble maintains sufficient signal to discriminate

across groups, further affirming the non-degeneracy of the confusion matrices.

The final requirement of the framework posits that while proxies must be weak for
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privacy, they cannot be completely uninformative. They must retain enough signal to

allow the ensemble to recover an accurate estimate. Our empirical results, as shown in

Figure 1.2, strongly support this assumption.

The plots demonstrate that the IID ensemble (green line) consistently provides a

stable and reliable performance in both fairness and accuracy, even as the proxies are

intentionally made weaker. The consistent and predictable behavior of the fairness gap

and accuracy, despite a lack of ground-truth sensitive attributes, indicates that our prox-

ies are indeed providing a meaningful signal. This is further highlighted by the contrast

with the non-IID ensemble (red line), which shows greater fluctuation and less stabil-

ity, proving that it is the combination of being both weak and IID that is key to the

framework’s success.

1.2.3 Empirical Examination of Zhu et al.’s Fairness Framework

Zhu et al. (2023) posed three foundational questions concerning fairness evaluation in

the presence of missing sensitive attributes. These questions guide the theoretical and

experimental direction of our thesis, and our pipeline has been intentionally structured

to test each claim under controlled yet realistic settings. Below, we revisit each question

and describe our methodology, results, and conclusions derived from empirical valida-

tion.

1. Is directly using proxies efficacious in measuring fairness?

Objective: To empirically assess whether fairness metrics computed with proxy-sensitive

attributes (Â) reflect the true fairness computed using actual sensitive attributes (A).

Our pipeline first trains a set of proxy classifiers to infer Â from features X , us-

ing a generative model trained on P (X|A). We then compute standard group fairness

metrics—particularly Equalized Odds Difference (EOD)—using both A and Â.

Findings: Using Â often underestimates disparities. For instance, in the Adult

dataset evaluation, fairness metrics computed using proxy-based classifiers appeared

substantially lower than those derived from ground-truth sensitive attributes.

Conclusion: Direct use of proxies without calibration misrepresents true fairness,
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Figure 1.5: Adult EOD
ϵ = 0.0100

Figure 1.6: Adult EO ϵ =
0.0100

Figure 1.7: COM-
PAS EOD
ϵ = 0.0100

Figure 1.8: COMPAS EO
ϵ = 0.0100

Figure 1.9: Synthetic
EOD
ϵ = 0.0100

Figure 1.10: Syn-
thetic EO
ϵ = 0.0100

Figure 1.11: Adult EOD
ϵ = 0.2575

Figure 1.12: Adult EO
ϵ = 0.2575

Figure 1.13: COM-
PAS EOD
ϵ = 0.2575

Figure 1.14: COM-
PAS EO
ϵ = 0.2575

Figure 1.15: Synthetic
EOD
ϵ = 0.2575

Figure 1.16: Syn-
thetic EO
ϵ = 0.2575
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leading to potential deployment of unfair models—a risk highlighted in both Zhu et al.

(2023) and our own experiments.

2. If not, is it possible to accurately evaluate fairness using proxies only?

Figure 1.17: ϵ > 1 Figure 1.18: ϵ > 1 Figure 1.19: ϵ > 1

Figure 1.20: Fairness vs Accuracy for Adult Demographic Parity, Equal Opportunity,
and Equalized Odds Difference with Different Epsilon Values

Objective: To verify whether weak but structured proxy ensembles can recover

fairness estimates without access to true A.

Zhu et al. (2023) assert that fairness can still be measured accurately using only

weak proxies—provided they satisfy three key conditions: (i) independence from the

downstream classifier, (ii) marginal informativeness, and (iii) conditional independence

given A.

To test this, we trained a generative model (Gaussian Copula Synthesizer) on (X,A)

and sampled multiple synthetic datasets to produce k = 10 independently trained proxy

classifiers. Each classifier contributes noisy predictions of Â, aggregated via majority

vote.

Findings: Fairness–accuracy frontiers using proxy ensembles of varying sizes (from

k = 1 to k = 10) show increasing alignment with the fairness metrics derived using

true A. This occurs even though the individual proxies are only moderately accurate

(68–70%), thus satisfying the weak proxy criteria.

Conclusion: Multiple weak, independent proxy classifiers—generated through a

controlled sampling process—are sufficient for consistent and unbiased fairness evalu-

ation, aligning with Theorem 4.6 of Zhu et al. (2023) .
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3. Given the ethical controversy over inferring user private information, is it pos-

sible to use only weak proxies to protect privacy?

Objective: To explore whether weak proxies can strike a balance between privacy

preservation and fairness estimation.

Highly accurate proxies risk re-identification of sensitive attributes, while weak

proxies—though less revealing—raise concerns about fairness measurement reliabil-

ity. To study this trade-off, we introduced controlled Laplace noise into A to simulate

privacy-preserving scenarios (with ϵ ranging from 0.01 to 1.0), thereby degrading proxy

quality deliberately.

Findings: The resulting fairness–accuracy frontiers under different ϵ levels ranging

from 0.01 to 1 show that increasing noise reduces the alignment between proxy-based

and true fairness metrics. However, even under high noise (e.g., ϵ = 0.2575 or 0.5050),

fairness estimates remain directionally consistent, especially with ensemble voting.

Conclusion: Weak proxies—when calibrated and aggregated—offer a privacy-preserving

yet valid means of fairness evaluation. This reinforces the broader goal of enabling fair-

ness audits in demographically scarce or privacy-sensitive environments.
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CHAPTER 2

Dataset Preparation — Theoretical Foundations and

Implementation Choices (Adult Dataset)

2.1 Problem Setting

In the real world, fairness evaluation is difficult because sensitive attributes (like gender

or race) are often not available due to privacy regulations. However, fairness metrics

(like Demographic Parity or Equalized Odds) require knowledge of these sensitive at-

tributes.

To bridge this gap, the paper investigates:

• Can we use proxy models to infer sensitive attributes and still estimate fairness
reliably?

• What happens when these proxy models are inaccurate?

• Can weak proxies still help evaluate or even improve fairness while protecting
privacy?

Our implementation begins by tackling this very question — starting from datasets

that contain the sensitive attribute, and then simulating the case where it’s missing and

must be inferred via proxies.

2.2 Theoretical Motivation: Problem of Missing Sensi-

tive Attributes

Fairness metrics such as Demographic Parity (DP) and Equalized Odds (EOd) are cal-

culated by comparing the outcomes across different sensitive groups. However, when

sensitive attributes are unavailable or noisy, any direct computation may produce mis-

leading results, undermining the trust in fairness conclusions. Therefore, we need a way

to prepare data in a way that both:



• Respects privacy regulations (by possibly removing true sensitive attributes)

• Enables proxy-based reasoning over fairness

Our preparation strategy ensures:

• Disentanglement of sensitive labels from the learning features

• Stratified data splits to preserve distributional parity

• A processed representation that enables downstream generative modeling of the
sensitive attribute

2.3 Goal of This Stage

Prepare the Adult, COMPAS, and Gaussian Synthetic datasets in such a way that:

• It mimics realistic privacy constraints: i.e., the sensitive attribute (e.g., sex or
race) is withheld from model training.

• It provides a ground-truth benchmark for evaluating how close proxy-based fair-
ness metrics are to the actual ones (calculated using true sensitive attributes).

• It allows controlled experiments where sensitive attributes are later reconstructed
or approximated via proxies.

2.4 Step-by-Step: Design and Rationale

Proxy modeling, as discussed in the paper, operates over a transformed feature space.

Therefore, careful preprocessing is not a peripheral task—it is essential.

2.4.1 Dataset Selection and Rationale We chose three distinct datasets to ensure the

robustness and generalizability of our findings. Each dataset serves a unique purpose

within our experimental design.

2.4.1.1 Adult Census Income Dataset We chose the Adult dataset because:

• It is a benchmark dataset for fairness research. The dataset is frequently used in
fairness literature due to its imbalanced demographics and meaningful socioeco-
nomic features.
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• It contains well-known sensitive features (e.g., sex, race) and a binary label (in-
come: >50K or ≤ 50K).

• The sensitive attribute is present during dataset preparation but withheld during
model training—which matches the “missing A” scenario.

2.4.1.2 COMPAS Dataset We chose the COMPAS dataset because:

• It is a benchmark dataset for fairness research in the criminal justice domain. It is
notorious for its use in fairness literature due to documented biases in recidivism
prediction.

• It contains features related to criminal history and demographics, with race as a
key sensitive attribute and a binary label indicating recidivism.

• Its use allows us to test the robustness of our pipeline in a high-stakes, real-world
context with known fairness issues.

2.4.1.3 Gaussian Synthetic Dataset We chose a Gaussian Synthetic dataset be-

cause:

• It provides a controlled, synthetic environment for validating our framework.

• The ground-truth biases are known and can be precisely controlled, which is cru-
cial for verifying theoretical claims.

• This dataset allows us to isolate and study the impact of a single variable, such as
proxy noise or ensemble size, without the confounding factors of real-world data.

2.4.2 Stratified Data Splitting by Sensitive Group + Label We perform a stratified

split on the sensitive attribute + label for all three datasets. Why? The paper emphasizes

disparities across sensitive groups. If the group proportions change between train/test,

fairness metrics become unreliable. So, stratification preserves the sensitive-label dis-

tribution across splits, ensuring:

• Balanced representation of subgroups (e.g., Male_>50K, Female_≤50K).

• Valid proxy model training (as proxy error is influenced by sample balance).

• Reliable fairness estimation.

• To mimic real-world label imbalances while retaining statistical parity across sen-
sitive subgroups.
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Step 1: Combine Group and Label to Form Strata This helps ensure the training

and testing distributions are aligned in terms of both sensitive attribute and label. Step

2: Stratified Split Stratification is necessary because fairness estimates are sensitive to

label proportions within each group. Random splitting would introduce bias and vari-

ability. Step 3: Save Output Both train and test sets are saved as CSVs to enable modu-

lar access across the pipeline. This aligns with the theoretical precondition that fairness

metrics are distribution-sensitive and can be misleading if group sizes are inconsistent.

2.4.3 Dropping Sensitive Attribute and Label for Fairness Modeling Once the data

is split, key objectives are as follows:

• De-bias Features: Remove sensitive attributes to ensure no leakage of true group
labels.

• Unify Representation: One-hot encode categorical variables to enable statistical
sampling by generative models.

• Normalize Inputs: Scale numeric attributes to stabilize training.

Columns Dropped:

• Adult: sex, race, annual_income

• COMPAS: race, two_year_recid

• Synthetic: sensitive, label

Then:

• Features X are used for training the main classifier.

• Sensitive attribute A is used only for evaluation or to simulate proxy estimation.

This aligns exactly with the experimental protocol of the paper: do not use A during

modeling, but preserve it for post-hoc fairness assessment.

2.4.4 Preprocessing: One-Hot Encoding + Normalization

• Categorical features are one-hot encoded (dense output), preserving linear sepa-
rability and to convert into dense binary representations.

• Numerical features are normalized to zero mean and unit variance for model sta-
bility.
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Why is this important? Proxy models (e.g., MLPs) and fairness estimators often

rely on good feature scaling. The fairness paper also uses proxy models with structured

features, and ensuring standardized input across experiments ensures comparability.

This mirrors the assumption in the paper that proxy model inputs are derived from

features X, without using the true A.

2.4.5 Outputs Prepared for Fairness Evaluation We output:

• x_train_df, x_test_df: Transformed features for classifier training

• y_train, y_test: True binary income labels

• z_train, z_test: Ground-truth sensitive attributes (for fairness computation
only)

These outputs form the foundation of:

• Proxy model training (g : X → Â)

• Classifier training (f : X → Ŷ )

• Post-hoc fairness metric estimation (∆EOd)

2.5 Final Thoughts on This Stage

This dataset preparation stage mirrors the theoretical and experimental motivations of

the Weak Proxies paper:

• It simulates the real-world challenge of missing sensitive data.

• It allows controlled use of true vs. proxy A for fairness comparisons.

• It preserves group-label distributions to ensure fairness estimates are meaningful.
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CHAPTER 3

Proxy Modeling and Generative Learning

This chapter addresses a key limitation in real-world fairness evaluation: the unavail-

ability of sensitive attributes due to privacy constraints. As emphasized in the Weak

Proxies paper, evaluating group fairness metrics like Demographic Parity (DP), Equal-

ized Odds (EOd), or Equal Opportunity (EOp) becomes fundamentally dependent on

group partitions. However, when true sensitive attributes (A) are inaccessible, we are

forced to estimate them. This chapter explores a principled approach to constructing

weak proxy models g : X → Â to enable fairness evaluation while preserving privacy.

3.1 Motivation: Why Proxy Models?

In both industrial and academic settings, organizations like MetaAlao et al. and Twit-

terBelli et al. (2023) have used proxy models to infer missing sensitive attributes and

subsequently evaluate fairness. However, as the Weak Proxies paper warns, this practice

raises three key concerns:

• Misleading fairness estimates: Proxies often underestimate disparity, leading to
a false sense of fairness.

• Incorrect model selection: Fairness comparison between models can be skewed,
potentially preferring unfair models.

• Ethical concerns: Highly accurate proxies could effectively reconstruct private
attributes, violating privacy.

Thus, the need arises for constructing weak but informative proxies—models that

provide just enough signal for fairness evaluation without breaching user privacy. This

balance between utility and ethical safety drives our pipeline design Veale and Binns

(2017), Chouldechova (2017).



3.2 Theoretical Foundation

The Weak Proxies paper formalizes the estimation error in fairness metrics through

Theorem 3.2, which provides an upper bound on the discrepancy between fairness

calculated using the true attribute (A) and the proxy Â. This error is dependent on:

• The true group disparity (δk)

• The accuracy of the proxy model (via conditional error matrices T and Tk)

• Conditional independence assumptions

The implication is clear: strong proxies can still yield misleading results, while

weak proxies, if calibrated correctly, can enable provably accurate fairness estimation

(Theorem 4.5 and 4.6).

3.3 Generative Modeling of Group-Conditional Features

To construct controlled proxy models, we first train a generative model to learn P (X|A)—

i.e., how features are distributed within each group:

synthesizer = train_generative_model(x_train_df, z_train, sensitive_attr=’sensitive’, model_type=’gaussian’)

Why Learn P (X|A) Instead of P (A|X)?

Training on P (X|A) enables us to sample synthetic data conditioned on the sensitive

attribute. This allows us to generate multiple hypothetical datasets that simulate how

features would be distributed under known group identities—without directly using true

group labels. It serves as a privacy-preserving method to bootstrap proxy learning.

We assume each group's feature distribution follows a multivariate Gaussian. This

choice ensures:

• Interpretability of the learned structure

• Ease of sampling

• Closed-form estimation of parameters
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We utilize the GaussianCopulaSynthesizer from the SDV library, enabling us to

fit structured multivariate dependencies among features.

3.4 Architecture of Proxy Models

To simulate weak proxies, we train multiple neural classifiers on group-conditional syn-

thetic data. Each proxy model is a Multi-Layer Perceptron (MLP) with the following

specifications:

• Hidden layers: Two layers with sizes (32, 16)

• Activation: ReLU

• Optimizer: Adam

• Max iterations: 1000

model = MLPClassifier(hidden_layer_sizes=(32, 16), activation=’relu’, solver=’adam’, max_iter=1000)

The MLP is trained using synthetic data generated from the Gaussian Copula model.

Each synthetic dataset reflects a plausible distribution of features given a sensitive at-

tribute. This setup mimics the absence of real group labels during training and allows

us to capture uncertainty through repeated sampling Hardt et al. (2016).

3.5 Constructing Multiple Weak Proxy Classifiers

Once the generative model is trained, we sample k = 10 synthetic datasets, each condi-

tioned on different sensitive groups (A = 0, A = 1). On each of these, we train a proxy

classifier:

models = train_proxy_classifier(synthesizer, x_train_df, z_train, k=10)

Each classifier gi : X → Âi serves as a weak proxy, capturing a different statis-

tical view of the sensitive attribute. This design is aligned with Theorem 4.6, which

shows that using multiple, diverse weak proxies enables accurate estimation of fairness

bounds.

Key benefits:
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• Avoids overfitting to a single proxy’s error

• Captures structural variance in attribute estimation

• Maintains alignment with privacy-preserving goals

3.6 Generating Final Proxy Labels Â

To consolidate the predictions from the ensemble of proxy models, we use majority

voting to assign final proxy labels to both train and test sets:

A_hat_train_f, A_hat_test_f = generate_A_hat_full(models, x_train_df, x_test_df)

This step ensures:

• Reduction of variance across model predictions

• Minimization of individual proxy model bias

• A single, stable Â estimate per sample for downstream fairness evaluation

Why Not Use the Best Proxy?

Because our goal is not to maximize classification accuracy, but to derive robust and

representative fairness estimates. Majority voting integrates multiple perspectives,

providing a more balanced approximation than any single model.

3.7 Measuring Proxy Accuracy (Weakness Guarantee)

To confirm that our proxies remain within ethical bounds, we explicitly measure:

• Accuracy of Â on true A labels (ztest)

This ensures that the ε0-weakness criterion (Definition 2.3) is satisfied: no proxy

should exceed a certain accuracy threshold (e.g., 68–70%), preventing over-identification

of private attributes.

This tradeoff reflects the paper's proposed privacy-utility balance:
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• Proxy models should be accurate enough to permit fairness estimation

• But not so accurate as to enable full group reconstruction

3.8 Summary

In this chapter, we implemented the foundational idea from the Weak Proxies paper:

fairness can be estimated using weak, privacy-preserving proxies. Through a principled

generative learning approach, we:

• Trained group-conditional generative models to simulate P (X|A)

• Sampled synthetic datasets to train multiple diverse proxy classifiers gi

• Defined proxy model architecture using MLPs to ensure flexibility yet controlled
performance

• Combined their predictions via majority voting to produce stable Â

• Ensured that proxy models remained intentionally weak to preserve user privacy

This proxy modeling pipeline prepares us to quantify and calibrate fairness dispari-

ties in a world where true sensitive attributes are ethically or legally inaccessible.

xxxiii



CHAPTER 4

Fairness Estimation with Proxy Attributes

Having generated the proxy labels Â through an ensemble of weak classifiers, we now

proceed to the central goal of the pipeline: measuring fairness. This chapter outlines

the techniques and rationale behind computing fairness metrics using these estimated

attributes, as well as the steps taken to evaluate the robustness of such measurements

under various assumptions.

4.1 The Problem of Fairness Evaluation with Proxies

Group fairness metrics, such as Demographic Parity (DP) and Equalized Odds (EOd),

require knowledge of sensitive group membership Awasthi et al. (2020) (A). However,

in real-world systems, the sensitive attribute is either censored or unavailable due to

privacy constraints. Our pipeline circumvents this by leveraging the proxy labels Â,

derived as described in Chapter 3.

The key research question becomes:

To what extent can we trust fairness metrics computed over Â, and how do

they relate to the metrics computed over the true (but hidden) A?

This question is non-trivial and addressed analytically in the Weak Proxies paper,

where the discrepancy between fairness over A vs Â is bounded under certain assump-

tions. Our empirical implementation is designed to mirror and probe these theoretical

limits.

4.2 Fairness Metrics Evaluated

We evaluate two core fairness criteria:



• Demographic Parity (DP):

DP = |P (Ŷ = 1 | Â = 1)− P (Ŷ = 1 | Â = 0)|

• Equalized Odds (EOd):

EOd = |P (Ŷ = 1 | Y = y, Â = 1)− P (Ŷ = 1 | Y = y, Â = 0)| ∀y ∈ {0, 1}

These are evaluated using the predicted sensitive attribute Â, rather than true A.

4.3 Evaluating Fairness using Proxy Labels

We use the following routine to compute fairness:

evaluate_fairness(x_train_df, x_test_df, z_train, z_test, y_train, y_test, A_hat_train_f, A_hat_test_f)

Here:

• xtrain, xtest: Processed features

• y: True target labels (income in Adult dataset)

• Â: Proxy sensitive attributes from Chapter 3

By comparing predictions across groups defined by Â, we simulate how fairness

metrics would be computed in real-world systems where the true A is unavailable.

4.4 Theoretical Caveats and Practical Choices

Theoretical Risk

According to the Weak Proxies paper:

• Estimating fairness using Â introduces bias due to misclassification in the proxies.

• This bias can vary with classifier type, proxy quality, and class imbalance.

xxxv



Practical Resolution

To mitigate this:

• We use majority voting over multiple proxies to stabilize Â

• We evaluate over both train and test splits to observe generalization behavior

• We benchmark against a group-blind baseline (see Chapter 6)

This triangulation helps ensure our conclusions do not rest on a single estimate or

model as per Ferrara (2023).

4.5 Visualizing the Fairness-Accuracy Frontier

While individual fairness metrics are helpful, we also study the trade-off frontier be-

tween fairness and accuracy across multiple classifiers. This helps us explore:

• How much fairness gain costs in accuracy

• Whether this trade-off behaves similarly across proxies

This is implemented as:

evaluate_frontiers(x_train_df, x_test_df, z_train, z_test, y_train, y_test, models)

Each model trained in Chapter 3 contributes one point on the frontier, with fairness

and accuracy plotted for visual inspection.

4.6 Summary

This chapter operationalized the fairness evaluation task using proxy-sensitive attributes.

We:

• Computed group-based fairness metrics using Â

• Visualized fairness-accuracy tradeoffs across multiple classifiers

• Anchored our empirical findings in theoretical concerns raised by the Weak Prox-
ies paper
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The next step is to study how injecting controlled noise into the sensitive attribute

affects these fairness measurements, which we address in Chapter 5.
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CHAPTER 5

Analyzing the Fairness-Accuracy Tradeoff under Noise

Perturbations

In this chapter, we extend our fairness evaluation framework to study the effect of noisy

sensitive attributes on fairness-accuracy tradeoffs. This is inspired by a core argument

in the Weak Proxies paper: the performance of fairness evaluations depends critically

on the quality of the proxy attributes used.

By deliberately injecting noise into the sensitive attribute A, we simulate varying

levels of proxy error. This enables us to empirically study how fairness metrics degrade

as the proxy becomes less reliable, validating the bounds presented in the paper and

analyzing practical implications for real-world systems Zhu et al. (2021).

5.1 Motivation: Why Add Noise?

Most real-world proxies are imperfect — they exhibit non-trivial prediction errors due

to limited data, privacy-preserving constraints, or adversarial conditions. The Weak

Proxies paper formalizes this by presenting theoretical bounds that relate fairness over

true A and proxy Â as a function of proxy quality.

To simulate this behavior, we introduce controlled random noise to the true sensi-

tive attribute A, parameterized by a privacy budget ϵ, akin to the logic used in differen-

tial privacy and fairness-aware proxy modeling.

This enables us to ask:

What happens to fairness evaluations as the noise in A increases?

We hypothesize that:

• Accuracy remains relatively stable (until extreme noise)

• Fairness measures computed over noisy proxies deviate more from true metrics

• Tradeoff frontiers shift with ϵ



5.2 Methodology: Noise Injection Framework

We use the following pipeline:

evaluate_noise_tradeoff(x_train_df, x_test_df, z_train, z_test, y_train, y_test)

This function performs the following steps for a range of noise levels:

1. Noise Addition: Perturb the sensitive attributes A with Laplace-style noise cali-
brated to different ϵ values.

2. Proxy Construction: Use noisy Ã as if it were the true group label.

3. Synthetic Data Generation: Fit a Gaussian Copula model to (X, Ã) and sample
synthetic datasets.

4. Proxy Classifier Training: Train an ensemble of proxy classifiers (typically
MLPs) over the synthetic data.

5. Majority Voting: Aggregate the weak predictions using majority voting to pro-
duce final Â.

6. Classifier Training: Train models (MLP and fair classifiers) using Â

7. Evaluation: Measure accuracy and Equalized Odds (EOd) under the noisy labels

For each ϵ, a fairness-accuracy frontier is computed and stored.

5.3 Experimental Setup

• Noise levels: ϵ ∈ {1.0, 0.5, 0.2, 0.1, 0.01}

• For each ϵ, synthetic noisy labels are generated

• Proxy classifiers are trained using the Gaussian Copula synthesizer and an en-
semble of MLPs

• Final Â labels are derived via majority voting

• Classifiers are trained as in Chapter 4, but with noisy group memberships

Each point on the frontier reflects a fairness-aware model evaluated with a different

subset of noisy proxies.
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5.4 Findings and Interpretations

Our empirical evaluation revealed the following patterns:

• Fairness error increases with decreasing ϵ, confirming the theoretical bounds.

• Accuracy is more stable, but drops for very small ϵ, due to noisy group align-
ment affecting model training.

• Frontier shapes shift — under high noise, the fairness gain diminishes even
when using fair classifiers.

These results underscore the caution highlighted in the Weak Proxies paper: using

inaccurate proxies can lead to flawed fairness conclusions Holstein et al. (2019).

Additionally, accuracy metrics for the noisy attributes themselves were computed

using:

evaluate_sensitive_accuracy(z_train, z_train_noisy)

evaluate_sensitive_accuracy(z_test, z_test_noisy)

This provided insight into the degradation of group label quality as a function of ϵ,

offering a direct connection between noise magnitude and downstream impact .

5.5 Theoretical Implication

This experiment ties directly to Theorem 3.2 in the Weak Proxies paper, where the

fairness estimation error is upper-bounded in terms of the proxy misclassification rate.

Our observed fairness deviations follow this bound empirically.

This validates the need for:

• Quantifying proxy reliability

• Avoiding over-reliance on fairness computed via weak or noisy proxies

• Using ensemble or calibrated approaches when noise is unavoidable
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5.6 Summary

This chapter introduced controlled noise into the sensitive attribute and observed its

impact on fairness-accuracy tradeoffs. We:

• Simulated real-world imperfect proxies via noise injection

• Observed degradation in fairness metrics as noise increases

• Empirically validated theoretical bounds from the Weak Proxies paper

• Introduced a robust experimental routine based on proxy learning and fairness
frontier analysis under varying ϵ

This sets the stage for evaluating group-blind baselines, which operate without any

sensitive attributes — the ultimate fallback when fairness estimation becomes infeasible

due to poor proxies (explored next in Chapter 6).

xli



CHAPTER 6

Group-Blind Baseline — A Fairness-Agnostic

Perspective

In scenarios where sensitive attributes are entirely unavailable, the most natural alterna-

tive is to train group-blind classifiers — models that do not use sensitive attributes at

any stage of learning or evaluation. This chapter explores such baselines in contrast to

proxy-based fairness interventions.

The aim is to answer a critical question:

How does a group-blind model perform on fairness and accuracy metrics

compared to models using sensitive or proxy attributes?

6.1 Motivation: Why Evaluate Group-Blind Models?

While the rest of the pipeline relies on some estimate of the sensitive attribute (true,

proxy, or noisy), real-world deployments often operate in settings where:

• Collection of sensitive attributes is legally restricted

• Proxy inference is ethically risky or computationally infeasible

• Fairness must be enforced without group-based interventions

In such contexts, a group-blind classifier serves as a necessary reference:

• It represents the minimal-intervention setting

• It provides a baseline for fairness when no group information is available



6.2 Methodology

We define a group-blind model as any classifier trained solely on non-sensitive features

X , without any access to sensitive attribute A or its proxy Â.

The implementation is simple but deliberate:

mlp_model = train_mlp(x_train_df, y_train)

y_pred = mlp_model.predict(x_test_df)

acc = accuracy_score(y_test, y_pred)

fairness = equalized_odds_difference(y_test, y_pred, sensitive_features=z_test)

Even though the model does not use A during training or prediction, fairness is

evaluated with respect to the true sensitive attribute to measure implicit biases that

may emerge from correlations in the data.

6.3 Key Observations

When we compare the group-blind model to those trained with true A or proxy Â, we

observe:

• Lower fairness scores: Group-blind classifiers often exhibit significant disparity
across sensitive groups.

• Competitive accuracy: Since the sensitive attribute is not always strongly pre-
dictive of Y , group-blind models may still achieve comparable accuracy.

• No explicit fairness control: Any fairness achieved is incidental and not by de-
sign.

6.4 Theoretical Framing

Group-blind baselines are consistent with the literature on fairness through unaware-

ness, which argues that removing sensitive attributes avoids direct discrimination. How-

ever, this comes with major caveats:

• Indirect discrimination: Correlated features can reintroduce group-specific dis-
parities
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• No accountability: Without access to group membership, fairness violations can-
not be measured or mitigated during training

Thus, while group-blind models avoid ethical/legal complications, they offer no

guarantees on fairness — and often perform poorly on fairness metrics.

6.5 Experimental Role in Our Pipeline

We include the group-blind baseline in all frontier evaluations as the k = 0 setting:

• No proxy classifiers are used

• No sensitive attributes are appended

This allows us to benchmark the best achievable fairness without group information,

against fairness-aware methods.

Our results show that:

• Group-blind models are usually the least fair in Equalized Odds

• Adding even weak proxy attributes improves fairness

• Group-blind serves as a lower bound on fairness intervention effectiveness

6.6 Summary

This chapter evaluated the role of group-blind classifiers as a fairness-agnostic baseline.

We:

• Motivated the use of such models in restricted environments

• Compared their performance with proxy-based and fairness-aware methods

• Observed that they often fall short on fairness despite decent accuracy

Group-blind classifiers remind us that ignoring group information does not ensure

fairness — and highlight the value of even imperfect proxies when sensitive attributes

are unavailable.

In the next chapter, we summarize the overall insights and propose future directions

for fairness evaluation under weak supervision.
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CHAPTER 7

Conclusion

This thesis successfully validates the theoretical framework for fairness evaluation in

the absence of sensitive attributes. Our work rigorously demonstrated that a naive,

single-proxy approach is fundamentally flawed, leading to a misleading and unreliable

assessment of model fairness. This finding underscores a critical need for a more robust

methodology.

The core contribution of this project is the empirical proof that an ensemble-based

pipeline provides a verifiable solution. We have shown that by leveraging multiple,

independent proxy classifiers, the ensemble’s collective judgment effectively averages

out noise and converges toward the true fairness frontier. This powerful finding is cor-

roborated by our analysis of the i.i.d. assumption, which we found to be a practical

necessity for ensuring the stability and reliability of fairness estimates.

Furthermore, this research offers a compelling answer to the crucial trade-off be-

tween privacy and utility. Our experiments with DP noise proved that it is possible to

use intentionally weak proxies to protect sensitive information while still maintaining

a high level of predictive accuracy. This balance positions our methodology as a vi-

able and ethical tool for fairness auditing in real-world scenarios. Ultimately, this thesis

moves beyond theoretical claims to provide a concrete, validated framework that en-

sures fairness can be measured and enforced, even when the necessary data is missing.
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