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Abstract
We address the problem of fair classification in settings where data is scarce and unbalanced
across demographic groups. Such low-data regimes are common in domains like medical
imaging, where false negatives can have fatal consequences.

We propose a novel approach OxEnsemble for efficiently training ensembles and enforcing
fairness in these low-data regimes. Unlike other approaches, we aggregate predictions across
ensemble members, each trained to satisfy fairness constraints. By construction, OxEnsemble
is both data-efficient, carefully reusing held-out data to enforce fairness reliably, and compute-
efficient, requiring little more compute than used to fine-tune or evaluate an existing model.
We validate this approach with new theoretical guarantees. Experimentally, our approach
yields more consistent outcomes and stronger fairness-accuracy trade-offs than existing
methods across multiple challenging medical imaging classification datasets.

1. Introduction

Deep learning performs exceptionally well when trained on large-scale datasets (Deng et al.,
2009; Gao et al., 2020; Hendrycks et al., 2020), but its performance deteriorates in small-data
regimes. This is especially problematic for marginalised groups, where labelled examples
are both scarce and demographically imbalanced (D’ignazio and Klein, 2023; Larrazabal
et al., 2020). In medical imaging, underrepresentation of minority groups leads to poor
generalisation and higher uncertainty (Ricci Lara et al., 2023; Mehta et al., 2024; Jiménez-
Sánchez et al., 2025). As a result, the very groups most at risk of harm are those for which
deep learning methods work least well.

Existing fairness methods often fail in low-data settings (Piffer et al., 2024). As data
on disadvantaged groups is needed to learn effective representations and to estimate group-
specific bias, most methods underperform empirical risk minimisation (Zong et al., 2022).

Ensembles offer a natural way to address these challenges. By aggregating predictions
across members, ensembles make more efficient use of scarce examples while leveraging
disagreement between members for robustness (Theisen et al., 2023). This makes ensembles
particularly attractive for fairness in low-data regimes, but without theoretical foundations,
improvements remain inconsistent (Ko et al., 2023; Schweighofer et al., 2025).

We address this by introducing OxEnsemble: ensembles explicitly designed to enforce
fairness constraints at the member level and provably preserve them at the ensemble level.
Our theoretical results show when minimum rate and error-parity constraints are guaranteed
to hold, and how much validation data is required to observe these guarantees in practice.
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Paper Deep Img. Interv. Min. Rates Low-data

Grgić-Hlača
et al. (2017)

✗ ✗ ✗ ✗ ✗

Bhaskaruni
et al. (2019)

✗ ✗ ✓ ✗ ✗

Gohar et al.
(2023)

✗ ✗ ✗ ✗ ✗

Ko et al.
(2023)

✓ ✓ ✗ ✗ ✗

Claucich et al.
(2025)

✓ ✓ ✓ ✗ ✗

Schweighofer
et al. (2025)

✓ ✓ ✓ ✗ ✗

OxEnsemble ✓ ✓ ✓ ✓ ✓

(a) Comparison with related work.

Shared Backbone

1) Training

Ta
rg

et

A
tt

rib
ut

e

Shared Backbone

2) Fair Fit 
(Validation)

Fa
ir

Shared Backbone

3) Prediction (Test)

Majority Vote

(b) OxEnsemble pipeline

Figure 1: (a) Comparisons. (b) OxEnsemble pipeline. Train (1): Members share
backbone and task + protected attributes. Validate (2): Enforce fairness constraint
while maximising accuracy. Predict (3): Majority vote. Partitioning ensures full
coverage; shared backbone improves efficiency, and voting provides guarantees.

Empirically, we demonstrate that OxEnsemble outperforms strong baselines in medical
imaging—where fairness is urgently needed but data for disadvantaged groups is limited.

We make three contributions:

1. Method: We introduce an efficient ensemble framework of fair classifiers (OxEnsemble)
tailored to fairness in small image datasets.

2. Theory: We prove that our fair ensembles are guaranteed to preserve fairness under
both error-parity and minimum rate constraints, and we derive how much data is
required to observe minimum rate guarantees in practice.

3. Results: Across three medical imaging datasets, our method consistently outperforms
existing baselines on fairness–accuracy trade-offs.

The article is organised as follows: § 2 presents related work in low-data fairness and
fairness in ensembles. § 3 describes both how we construct and train the ensemble (§ 3.1)
and the formal guarantees for when it works (§ 3.2). Finally, § 4 and § 5 provide empirical
support for the benefits of fair ensembles versus strong baselines on challenging datasets.

2. Related Work

Fairness Challenges in Low-Data Domains: Deep learning methods achieve near-
human performance on overall metrics (Liu et al., 2020), yet consistently underperform for
marginalised groups in medical imaging (Xu et al., 2024; Daneshjou et al., 2022; Seyyed-
Kalantari et al., 2021). A central source of bias is unbalanced datasets (Larrazabal et al.,
2020), where disadvantaged groups lack examples to learn reliable representations, leading
to poor calibration and uncertain predictions (Ricci Lara et al., 2023; Mehta et al., 2024;
Christodoulou et al., 2024).
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Defining fairness is equally challenging. Standard parity-based metrics such as equal
opportunity (Hardt et al., 2016) can be satisfied trivially by constant classifiers in imbalanced
datasets and often reduce performance for all groups, a phenomenon of “levelling down” with
serious real-world consequences (Zhang et al., 2022; Zietlow et al., 2022; Mittelstadt et al.,
2024). In safety-critical domains such as medicine, minimum rate constraints—which enforce
a performance floor across groups—are often more appropriate to ensure that classifiers serve
all subpopulations (Mittelstadt et al., 2024). For further works, see Appendix H.

Fairness in Ensembles: Prior work has observed that ensembles sometimes improve
fairness by boosting performance on disadvantaged groups (Ko et al., 2023; Schweighofer
et al., 2025; Claucich et al., 2025; Grgić-Hlača et al., 2017). However, these studies are
observational: improvements are not guaranteed, and in some cases ensembles can even
worsen disparities (Schweighofer et al., 2025). Our approach is interventionist. Building on
theoretical results for ensemble competence (Theisen et al., 2023), we extend their proofs to
fairness settings. This allows us to show formally why and when ensembles improve fairness,
unlike prior works which only demonstrated that they sometimes do. See Table 1(a) for a
complete comparison with related works. See Appendix H for comparison details.

Schweighofer et al. (2025) proposed per-group thresholding (Hardt et al., 2016) to enforce
equal opportunity on an ensemble’s output. This is inappropriate for imaging tasks as it
requires explicit group labels that are not part of images. It is also inappropriate for low-data
regimes as it requires a large held-out test set to reliably correct for unfairness.

3. Methods

Choice of fairness constraints: We focus on two fairness constraints: equal opportunity
(EOp, the maximum difference in recall across groups; Hardt et al., 2016) and minimum
recall (the recall of the worst-performing group; Mittelstadt et al., 2024). Both target false
negatives, which is appropriate when missing a positive case (e.g., a deadly disease) is far
more costly than overdiagnosis—a scenario that is especially relevant in medical imaging
(Seyyed-Kalantari et al., 2021). Of the two measures, we believe minimum recall rates to
be more clinically relevant, while equal opportunity is more common in the field. While
we highlight these two constraints, our approach can be applied any other fairness metrics
supported by OxonFair (Delaney et al., 2024).

3.1. Ensemble Construction and Training

We consider an ensemble of deep neural networks (DNNs) sharing a pretrained convolutional
backbone (Figure 1(b)). Each ensemble member is trained on a separate fold, stratified
by both target label and group membership (T r et al., 2023). Training each member on
different folds allows us to fully utilise the dataset, unlike standard fairness methods requiring
held-out validation data (Hardt et al., 2016; Delaney et al., 2024). Predictions are aggregated
by majority voting, which enforces the guarantees of Theisen et al. (2023) (see § 3.2).

Enforcing the fairness of ensemble members: Each ensemble member is trained as
a multi-headed classifier following OxonFair (Delaney et al., 2024). These heads predict
both the task label (e.g., disease vs. no disease) and the protected attribute (i.e., group
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membership; see Figure 1(b), left). The task prediction head is trained with standard cross-
entropy loss, while the group heads predict a one-hot encoding of the protected attribute
using a squared loss. The two heads are combined using OxonFair’s multi-head surgery. This
procedure relies on weights selected on a validation set to enforce fairness constraints while
maximising accuracy.

This formulation allows any group fairness definition that can be expressed as a function
of per-group confusion matrices to be optimized. Because weights are selected using held-out
data, we can enforce error-based criteria—such as equal opportunity or minimum recall—even
when the base model overfits during training. In practice, we enforce fairness per member
using the held-out data of their corresponding fold, and we optimize over accuracy together
with an experiment-specific fairness constraint: either minimum recall or equal opportunity.

Efficient ensembling of deep networks: The main computational bottleneck in deep
CNNs is the backbone. To avoid repeatedly running the same backbone for ensemble
members, we concatenate all classifier heads on a shared backbone. During training, the loss
is masked so only the relevant head is updated for each data point. When the backbone
is pretrained and frozen,1 this is equivalent to training each member independently while
requiring only a single backbone pass. A related idea with backbone fine-tuning is described
by Chen and Shrivastava (2020). We use EfficientNetV2 (Tan and Le, 2021) pretrained on
ImageNet (Deng et al., 2009) as the backbone in all experiments.

This yields substantial efficiency gains. Inference speed is essentially identical to a single
ERM model, while training is somewhat slower due to multiple heads, but still much faster
than training all members separately (which would be about M× slower for an M-member
ensemble). Appendix F provides empirical comparisons for the efficiency gains (see Tables 5
and 6), and Appendix A gives implementation details. To ensure robustness, each experiment
is repeated over three train/test splits.

3.2. Formal Guarantees for Fairness

We now ask: under what conditions can ensembles be expected to guarantee fairness
improvements? As mentioned in § 2, most prior work on fairness in ensembles is observational,
showing that ensembles sometimes improve fairness (Claucich et al., 2025; Ko et al., 2023,
e.g.,), while Schweighofer et al. (2025) showed that fairness could be enforced on the output of
an ensemble using standard postprocessing. In contrast, we take an interventionist approach
and ask, after enforcing fairness per ensemble member, can we expect it to transfer to the
ensemble as a whole?. We provide theoretical conditions under which fairness is improved,and
show how it can be used in practice.

The theory is based on Theisen et al. (2023), who show that competent ensembles never
hurt accuracy. Informally, an ensemble is competent over a distribution D if it is more likely
to be confidently right than confidently wrong. Let the error rate of an ensemble ρ be:2

Wρ = Wρ(X, y) = Eh∼ρ[1(h(X) ̸= y)]

and define

Cρ(t) = P(X,y)∼D(Wρ ∈ [t, 1/2))− P (Wρ ∈ [1/2, 1− t]) ∀t ∈ [0, 1/2)

1. Freezing the backbone helps prevent overfitting on small datasets.
2. For definitions of all notation used see Table 4.
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The ensemble is competent if Cρ(t) ≥ 0 for all t ∈ [0, 1/2). Theisen et al. (2023) showed that
if competence holds on a dataset (X, y), then majority voting improves accuracy relative to
a single classifier, with the improvement bounded by the disagreement between members.

To extend competence to fairness metrics, we evaluate competence on restricted subsets
of the data. Let G be the set of protected groups. For any group g ∈ G, write g+ for the
positives (y = 1, A = g) belonging to a group. We similarly write D+ for the set of all
positives in the distribution.We define

Cg+
ρ (t) = P(X,y)∼g+(Wρ ∈ [t, 1/2))− P(X,y)∼g+(Wρ ∈ [1/2, 1− t]) (1)

We say an ensemble is restricted groupwise competent if Cg+
ρ (t) > 0 for all t, g ∈ G, and say

it is restricted competent if CD+

ρ (t) > 0.
Based on this, we derive three main results:

1. Minimum rate constraints: If an ensemble is restricted groupwise competent, and
every member of the ensemble satisfies a minimum rate constraint, then the ensemble
as a whole also satisfies that minimum rate.

2. Error parity: If an ensemble is restricted groupwise competent, and if every member of
the ensemble approximately satisfies an error parity measure (e.g., equal opportunity),
then the ensemble as a whole also approximately satisfies it. The achievable bounds
depend on disagreement- and error rates of the members.

3. Restricted Groupwise Competence can be enforced by appropriate minimum recall
constraints.

Together these results show how ensemble competence on restricted subsets provides
guarantees for both minimum rate constraints and error parity measures, covering a broad
range of fairness definitions. Moreover, (iii) shows that, the conditions required for the
theorem to hold are exactly those enforced by setting minimum recall rates.

We begin with a lemma.

Lemma 1 Restricted competent ensembles do not degrade recall relative to the average
recall of a member.

Proof Proof follows immediately by applying the main result of Theisen et al. (2023) to D+

rather than D, and observing that accuracy when restricted to the positives is equivalent to
recall.3

This main result bounds the Error Improvement Rate (EIR)—the ensemble’s relative
improvement over a single classifier—by the Disagreement Error Ratio (DER). See Appendix
C for formal definitions. For binary classification, the bounds are given by Eq. 2 for an
arbitrary data distribution, D:

DERD ≥ EIRD ≥ max(DERD − 1, 0) (2)

Replacing D with D+ implies the error improvement rate on the positives must be non-
negative for a restricted competent ensemble as required.

3. A similar argument can be made using the negatives and sensitivity.
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3.2.1. Restricted Groupwise Competence Guarantees

1. Minimum rates for competent ensembles: We apply the result from lemma 1 to
each group independently. We observe that if the ensemble is restricted groupwise competent,
the recall rate for each group can not degrade by ensembling. Therefore the minimum recall
rate for any group, must also not be degraded. ■

2. Error parity from competence: Error-parity constraints such as approximate equal
opportunity (equality of recall across groups; Hardt et al., 2016) or approximate equality of
accuracy (Zafar et al., 2019) are harder to guarantee. The difficulty is that while ensembles can
improve average performance, unequal improvements across groups can increase disparities
(see, e.g., Schweighofer et al., 2025). Nonetheless, restricted groupwise competence still yields
limited but useful bounds.

We consider the L∞ form of approximate fairness: a classifier has k-approximate fairness
with respect to groups G if

k ≥ max
g∈G

Lg(h)−min
g∈G

Lg(h) (3)

where Lg is the average loss on group g, corresponding to 1 minus one of the measures we
are concerned with (typically recall). The question then is, if every member of the ensemble
exhibits k-approximate fairness, what fairness bounds do we have for the ensemble?

By applying Eq. 2 (see Appendix G.3 for derivation), we obtain the following bound:

k∗ ≤ k +max
g∈G

Eh∼ρ[Lg(h)]DERg∗ −max(0,min
g∈G

Eh∼ρ[Lg(h)](DERg∗ − 1)) (4)

Both bounds are pessimistic. In practice, our approach works well for enforcing equal
opportunity (see § 5). Still, two insights follow: First, viewed through the governance lens of
levelling down (Mittelstadt et al., 2024) these fairness violations are less concerning. Fairness
was enforced per ensemble member, and presumably performance per group was set at an
acceptable level. Any subsequent unfairness comes because groups are doing better than
expected, rather than worse. Second, the bound scales with Lg,and therefore the worst-case
disparity shrinks as group losses decrease. In practice, this means that enforcing additional
minimum rate constraints through our method can tighten the bounds.

3.2.2. Guarantees for Minimum Recall

The previous section showed that restricted groupwise-competent ensembles can improve
minimum rates and fairness. In this section, we show how to ensure restricted groupwise
competence by setting minimum recall rates.

Enforcing minimal recall rates for each ensemble member alters the decisions made.
Looking at Eq. 1, we observe that increasing the recall rate for all ensemble members over
some group g decreases the probability of error over the positives. As such, enforcing a
sufficiently high recall rate can guarantee competence (i.e., perfect recall implies no errors
and therefore competence).

In practice, identifying the smallest minimal recall rate that guarantees competence
is an empirical question and requires a further held-out set to measure competence as a
function of minimal recall. Given the paucity of data, we are not able to do this. Instead,
we prove that, for a minimum recall rate of more than 50%, competence is guaranteed for
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Figure 2: Competence Violations vs Recall. Competence violations (Cρ; 0=perfect) are
high when recall<0.5 and stabilize at recall>0.5. Left : Test set for fitting and
evaluation. Right : Validation set for fitting, test set for evaluation.

an ensemble where the members make independent errors. See appendix G.1 for details.
This result is consistent with Jury Theorems (Condorcet, 1785; Berend and Paroush, 1998;
Kanazawa, 1998; Pivato, 2017) that show that majority votes from mildly correlated voters
with average accuracy > 0.5 improve over individual voters, converging to perfect accuracy
as ensemble size increases (Mattei and Garreau, 2024). Similarly, when the minimum recall
for every member falls below (50%), ensembles are not restricted groupwise competent. We
demonstrate this empirically in Fig. 2, where no group achieves competence when k < 0.5
across two datasets (see § 4).

3.2.3. Minimum validation and evaluation sizes

Under the assumption of independent errors, a minimum recall of k > 0.5 on the test set,
guarantees that the ensemble will also have a minimum recall of k. The challenge here is that
recall constraints are imposed on validation data, and as we are dealing with very low-data
groups, sometimes with < 100 positive cases, the constraints need not generalise to test data.

To ensure these constraints generalise to test data, we want to determine the minimum
recall, Pmin, required the on a validation set with m positives in the minority group such
that with a probability α, the recall on an evaluation set with n positives will be at least
50%. This guarantees that the minimum recall of the ensemble is greater than the average
recall of each member. We assume that validation and test sets are of known sizes, m and
n respectively, and drawn from the same distribution. By drawing on the literature for
one-sided hypothesis tests on Bernoulli distributions, we arrive at Eq. 5.

pmin = 0.5 + 1
2z1−α

√
1
m + 1

n . (5)

Here z1−α is the z-score for significance 1− α. The primary implication of Eq. 5 larger n
decrease the need – especially for small data. For derivations see Appendix G.2. We find
empirical support for our theoretical guarantees of fairness on positive samples in Appendix E.
Here, we show that as long as the minimum recall is enforced at a sufficiently high threshold,
we observe restricted groupwise competence on the test set.
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Table 1: Evaluation datasets. “Min. Positives” is the number of positive examples in the
smallest group (bold). These small counts stress-test low-data fairness.

Dataset Task # Min. Positives Protected Attributes

HAM10000 Skin cancer 94 Age (0-40, 40-60, 60+)
Fitzpatrick17k Dermatology 60 Skin type (I-IV, V, VI)
Harvard-FairVLMed Glaucoma 399 Race (Asian, White, Black)

4. Experimental Setup

Data and Protected Attributes We evaluate on three medical imaging datasets from
MedFair (Zong et al., 2022) and FairMedFM (Jin et al., 2024)—see Table 1. Each task
is a binary classification with image-only inputs (discarding all auxiliary features for fair
comparison). For Fitzpatrick17k, the common binary split (I–III vs. IV–VI) can mask harms
to the darkest tone (VI), which comprises only 0.4% of positives. We instead separate out V
and VI, grouping I–IV to preserve adequate support elsewhere.

Preprocessing and splits: Images are centre-cropped and resized to 224x224 (Deng et al.,
2009) with random augmentations during training. Dataset-specific validation/test sizes
follow § 3.2.3 to guarantee 70% minimum observable recall. See Appendix A for full details.

Evaluation Metrics: Medical classification is a non-zero-sum game where “levelling down”—
reducing groups’ performance to achieve parity—can have fatal consequences (Mittelstadt
et al., 2024). The predominant harm is failing to diagnose ill people from disadvantaged
groups, making minimum recall a more appropriate metric than disparity-based measures such
as equal opportunity. Moreover, with positive class incidence below 10% for disadvantaged
groups, a trivial all-negative classifier achieves high accuracy, and perfectly satisfy equal
opportunity, while missing all sick patients.

However, a key question when using minimum recall rates is “What should the rate be
set to?” Our position is that this a deployment decision that must be made on a case-by-case
basis. As such, our primary metric, FairAUC, summarizes the possible choices by averaging
the best accuracy a achievable for each minimum recall threshold t ∈ T :

FairAUC =
1

|T |
∑
t∈T

(
max

(a,r)∈M,r≥t
a

)
(6)

where M are model configurations and r is minimum recall. We evaluate over T ∈ [0.5, 1]—
the zone with theoretical guarantees (§ 3.2). Confidence intervals use 200 bootstrap samples
at 95%. For baselines without explicit thresholding, we generate Pareto frontiers by varying
global thresholds on validation data.

Baselines and Ensemble Settings: We compare against established fairness methods
to ensure a meaningful contribution. As a reference, Empirical Risk Minimisation
(ERM) minimises training error without considering fairness (Vapnik, 2000). We include
Domain-Independent Learning, which trains a separate classifier for each protected class
with a shared backbone, and Domain-Discriminative Learning, which encodes protected
attributes during training and removes them at inference (Wang et al., 2020). Fairret
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Figure 3: Fairness–accuracy AUC (FairAUC) relative to ERM. OxEnsemble
achieves higher FairAUC than all baselines on Fitzpatrick17k (left) and HAM10000
(right). Error bars show 95% bootstrap CIs. Evaluation follows § 4 over minimum-
recall thresholds in [0.5, 1].

introduces a regularisation term accounting for the protected attribute and fairness criterion
(Buyl et al., 2023), while OxonFair tunes decision thresholds on validation data to enforce
group-level fairness (Delaney et al., 2024). Ensemble (HPP) implements a homogenous
ensemble (similar to Ko et al., 2023) followed by Hardt Post Processing (Hardt et al., 2016)
as proposed by Schweighofer et al. (2025). Finally, Ensemble (ERM) is equivalent to our
method without enforced constraints, serving as an ablation to assess whether OxEnsemble
increases FairAUC.

All baselines are trained with the same configuration as our ensembles. Minority groups
are rebalanced via upsampling as suggested by Claucich et al. (2025), and we reimplement
methods following Zong et al. (2022) and Delaney et al. (2024). Fairret requires a hyperpa-
rameter search over regularisation weights. To generate comparable Pareto frontiers, we fit
global prediction thresholds so that a minimum recall of k is enforced on a held-out validation
set, mirroring deployment where thresholds are tuned on available data but applied to unseen
test data (Kamiran et al., 2013).

Ensemble size: We use 21 members for all ensembles. Appendix D shows that FairAUC
is stable across different sizes from 3 to 21 within confidence intervals. We default to 21:
it is consistent with our theory that majority voting benefits from more members, while
our shared-backbone design keeps inference time essentially unchanged (see Appendix F for
efficiency comparisons).

5. Results

Table 2: Accuracy and fairness violations. Best value in bold.

Dataset Accuracy ↑ Fairness Violations ↓
OxEnsemble OxonFair OxEnsemble OxonFair

Fairvlmed 0.665 0.657 0.009 0.011
Fitzpatrick17K 0.642 0.623 0.057 0.048

Ham10000 0.707 0.679 0.067 0.082
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Figure 4: Pareto frontiers across datasets. OxEnsemble (green) yields better fair-
ness–accuracy trade-offs than baselines (grey). Left/centre: min recall (HAM10000,
Fitzpatrick17k). Right: equal opportunity (FairVLMed). See § 4 for definitions.

FairVLMed: In Figure 4 (right), only OxEnsemble maintains fairness at strict thresholds
(EqualOpportunity < 4%). Most methods break down above 6%. Compared to OxonFair,
OxEnsemble achieves higher accuracy with lower fairness violations (Table 2). While stan-
dard ensembles have slightly higher accuracy, OxEnsemble consistently reduces disparities
further (e.g., equal opportunity from 6% to < 5% with < 1pp accuracy loss). The HPP-based
method from Schweighofer et al. (2025) fails to enforce equal opportunity (EOp > 11%).

Fitzpatrick17k: Here, in the most challenging setting (60 positive samples in the smallest
group), OxEnsemble clearly outperforms all baselines. It reaches FairAUC = 67.7%, com-
pared to 57.0% for standard ensembles (58.9% with HPP) and 51.3% for ERM (Figure 3(a)).
Across thresholds, OxEnsemble is Pareto-optimal (Figure 4, centre).

HAM10000: OxEnsemble achieves the highest accuracy and lowest fairness violations.
Its FairAUC = 71.1% significantly outperforms ERM (65.7%), baseline ensembles (69.8% &
69.2%), and OxonFair (67.9%). All other methods perform worse than ERM.

6. Conclusion

A lack of data for minority groups remains one of the fundamental challenges in ensuring
equitable outcomes for disadvantaged groups. We have presented a novel framework for
constructing efficient ensembles of fair classifiers that address the challenge of enforcing fairness
in these low-data settings. Across three medical imaging datasets, our method consistently
outperforms existing fairness interventions on fairness-accuracy trade-offs. Unlike prior work
on ensembles that observed occasional fairness improvements, our approach guarantees that
fairness is not degraded and shows that ensembles are a practical tool for reusing scarce data
to produce more reliable fairness estimates.

Our theoretical analysis explains why these improvements occur. We prove that enforcing
minimum rate constraints above 0.5 ensures ensemble competence for the worst-performing
groups, derive bounds for error-parity measures such as equal opportunity, and provide
principled guidance on the validation and test sizes needed for these guarantees to hold in
practice. Together, these results expand the understanding of both when and why ensembles
improve fairness, offering a principled and empirically validated method for building more
equitable classifiers in high-stakes domains. Code can be found on GitHub.

10

https://github.com/jhrystrom/guaranteed-fair-ensemble


OxEnsemble: Fair Ensembles for Low-Data Classification

References

Daniel Berend and Jacob Paroush. When is Condorcet’s Jury Theorem valid? Social Choice
and Welfare, 15(4):481–488, August 1998. ISSN 1432-217X. doi: 10.1007/s003550050118.
URL https://doi.org/10.1007/s003550050118.

Dheeraj Bhaskaruni, Hui Hu, and Chao Lan. Improving prediction fairness via model
ensemble. In 2019 IEEE 31st International Conference on Tools with Artificial Intelligence
(ICTAI), pages 1810–1814, November 2019. doi: 10.1109/ICTAI.2019.00273. URL https:
//ieeexplore.ieee.org/document/8995403.

Lukas Biewald. Experiment tracking with weights and biases, 2020. URL https://www.
wandb.com/.

Maarten Buyl, MaryBeth Defrance, and Tijl De Bie. Fairret: A framework for differentiable
fairness regularization terms. In The Twelfth International Conference on Learning
Representations, October 2023. URL https://openreview.net/forum?id=NnyD0Rjx2B&
noteId=NnyD0Rjx2B.

Lei Cai, Jingyang Gao, and Di Zhao. A review of the application of deep learning in
medical image classification and segmentation. Annals of Translational Medicine, 8
(11):713, June 2020. ISSN 2305-5839. doi: 10.21037/atm.2020.02.44. URL https:
//www.ncbi.nlm.nih.gov/pmc/articles/PMC7327346/.

Hao Chen and Abhinav Shrivastava. Group ensemble: Learning an ensemble of ConvNets in
a single ConvNet, July 2020. URL http://arxiv.org/abs/2007.00649.

Evangelia Christodoulou, Annika Reinke, Rola Houhou, Piotr Kalinowski, Selen Erkan,
Carole H. Sudre, Ninon Burgos, Sofiène Boutaj, Sophie Loizillon, Maëlys Solal, Nicola Rieke,
Veronika Cheplygina, Michela Antonelli, Leon D. Mayer, Minu D. Tizabi, M. Jorge Cardoso,
Amber Simpson, Paul F. Jäger, Annette Kopp-Schneider, Gaël Varoquaux, Olivier Colliot,
and Lena Maier-Hein. Confidence intervals uncovered: Are we ready for real-world medical
imaging AI? In Marius George Linguraru, Qi Dou, Aasa Feragen, Stamatia Giannarou,
Ben Glocker, Karim Lekadir, and Julia A. Schnabel, editors, Medical Image Computing and
Computer Assisted Intervention – MICCAI 2024, pages 124–132, Cham, 2024. Springer
Nature Switzerland. ISBN 978-3-031-72117-5. doi: 10.1007/978-3-031-72117-5_12.

Estanislao Claucich, Sara Hooker, Diego H. Milone, Enzo Ferrante, and Rodrigo Echeveste.
Fairness of deep ensembles: On the interplay between per-group task difficulty and under-
representation. In Proceedings of the 2025 ACM Conference on Fairness, Accountability, and
Transparency, FAccT ’25, pages 3138–3147, New York, NY, USA, June 2025. Association
for Computing Machinery. ISBN 979-8-4007-1482-5. doi: 10.1145/3715275.3732200. URL
https://doi.org/10.1145/3715275.3732200.

Jean-Antoine-Nicolas de Caritat Condorcet. Essai Sur l’application de l’analyse à La
Probabilité Des Décisions Rendues à La Pluralité Des Voix ([Reprod.]). 1785. URL
https://gallica.bnf.fr/ark:/12148/bpt6k417181.

11

https://doi.org/10.1007/s003550050118
https://ieeexplore.ieee.org/document/8995403
https://ieeexplore.ieee.org/document/8995403
https://www.wandb.com/
https://www.wandb.com/
https://openreview.net/forum?id=NnyD0Rjx2B&noteId=NnyD0Rjx2B
https://openreview.net/forum?id=NnyD0Rjx2B&noteId=NnyD0Rjx2B
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC7327346/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC7327346/
http://arxiv.org/abs/2007.00649
https://doi.org/10.1145/3715275.3732200
https://gallica.bnf.fr/ark:/12148/bpt6k417181


Rystrøm Fu Russell

Aaron S. Coyner, Praveer Singh, James M. Brown, Susan Ostmo, R.V. Paul Chan, Michael F.
Chiang, Jayashree Kalpathy-Cramer, and J. Peter Campbell. Association of biomarker-
based artificial intelligence with risk of racial bias in retinal images. JAMA Ophthalmology,
141(6):543–552, June 2023. ISSN 2168-6165. doi: 10.1001/jamaophthalmol.2023.1310.
URL https://www.ncbi.nlm.nih.gov/pmc/articles/PMC10160994/.

Roxana Daneshjou, Kailas Vodrahalli, Roberto A. Novoa, Melissa Jenkins, Weixin Liang,
Veronica Rotemberg, Justin Ko, Susan M. Swetter, Elizabeth E. Bailey, Olivier Gevaert,
Pritam Mukherjee, Michelle Phung, Kiana Yekrang, Bradley Fong, Rachna Sahasrabudhe,
Johan A. C. Allerup, Utako Okata-Karigane, James Zou, and Albert S. Chiou. Disparities
in dermatology AI performance on a diverse, curated clinical image set. Science Advances,
8(32):eabq6147, August 2022. ISSN 2375-2548. doi: 10.1126/sciadv.abq6147.

Eoin D. Delaney, Zihao Fu, Sandra Wachter, Brent Mittelstadt, and Chris Rus-
sell. OxonFair: A flexible toolkit for algorithmic fairness. In The Thirty-
eighth Annual Conference on Neural Information Processing Systems, November 2024.
URL https://openreview.net/forum?id=ztwl4ubnXV&referrer=%5Bthe%20profile%
20of%20Zihao%20Fu%5D(%2Fprofile%3Fid%3D~Zihao_Fu1).

Jia Deng, Wei Dong, Richard Socher, Li-Jia Li, Kai Li, and Li Fei-Fei. ImageNet: A large-scale
hierarchical image database. In 2009 IEEE Conference on Computer Vision and Pattern
Recognition, pages 248–255, Miami, FL, June 2009. IEEE. ISBN 978-1-4244-3992-8. doi: 10.
1109/CVPR.2009.5206848. URL https://ieeexplore.ieee.org/document/5206848/.

Catherine D’ignazio and Lauren F. Klein. Data Feminism. MIT press, 2023. URL
https://books.google.com/books?hl=en&lr=&id=rHOdEAAAQBAJ&oi=fnd&pg=PR9&dq=
data+feminism+klein&ots=mXwrpceedi&sig=MI7_gJ8l1kdTlo-GEUXh2kRrskk.

Samuel Dooley, Rhea Sanjay Sukthanker, John P. Dickerson, Colin White, Frank Hutter, and
Micah Goldblum. On the importance of architectures and hyperparameters for fairness in
face recognition. In Workshop on Trustworthy and Socially Responsible Machine Learning,
NeurIPS 2022, November 2022. URL https://openreview.net/forum?id=NpuYNxmIHrc.

Karen Drukker, Weijie Chen, Judy Gichoya, Nicholas Gruszauskas, Jayashree Kalpathy-
Cramer, Sanmi Koyejo, Kyle Myers, Rui C. Sá, Berkman Sahiner, Heather Whitney,
Zi Zhang, and Maryellen Giger. Toward fairness in artificial intelligence for medical image
analysis: Identification and mitigation of potential biases in the roadmap from data
collection to model deployment. Journal of Medical Imaging, 10(6), April 2023. ISSN 2329-
4302. doi: 10.1117/1.JMI.10.6.061104. URL https://www.spiedigitallibrary.
org/journals/journal-of-medical-imaging/volume-10/issue-06/061104/
Toward-fairness-in-artificial-intelligence-for-medical-image-analysis/
10.1117/1.JMI.10.6.061104.full.

Raman Dutt, Ondrej Bohdal, Sotirios A. Tsaftaris, and Timothy Hospedales. FairTune:
Optimizing parameter efficient fine tuning for fairness in medical image analysis. In
The Twelfth International Conference on Learning Representations, October 2023. URL
https://openreview.net/forum?id=ArpwmicoYW.

12

https://www.ncbi.nlm.nih.gov/pmc/articles/PMC10160994/
https://openreview.net/forum?id=ztwl4ubnXV&referrer=%5Bthe%20profile%20of%20Zihao%20Fu%5D(%2Fprofile%3Fid%3D~Zihao_Fu1)
https://openreview.net/forum?id=ztwl4ubnXV&referrer=%5Bthe%20profile%20of%20Zihao%20Fu%5D(%2Fprofile%3Fid%3D~Zihao_Fu1)
https://ieeexplore.ieee.org/document/5206848/
https://books.google.com/books?hl=en&lr=&id=rHOdEAAAQBAJ&oi=fnd&pg=PR9&dq=data+feminism+klein&ots=mXwrpceedi&sig=MI7_gJ8l1kdTlo-GEUXh2kRrskk
https://books.google.com/books?hl=en&lr=&id=rHOdEAAAQBAJ&oi=fnd&pg=PR9&dq=data+feminism+klein&ots=mXwrpceedi&sig=MI7_gJ8l1kdTlo-GEUXh2kRrskk
https://openreview.net/forum?id=NpuYNxmIHrc
https://www.spiedigitallibrary.org/journals/journal-of-medical-imaging/volume-10/issue-06/061104/Toward-fairness-in-artificial-intelligence-for-medical-image-analysis/10.1117/1.JMI.10.6.061104.full
https://www.spiedigitallibrary.org/journals/journal-of-medical-imaging/volume-10/issue-06/061104/Toward-fairness-in-artificial-intelligence-for-medical-image-analysis/10.1117/1.JMI.10.6.061104.full
https://www.spiedigitallibrary.org/journals/journal-of-medical-imaging/volume-10/issue-06/061104/Toward-fairness-in-artificial-intelligence-for-medical-image-analysis/10.1117/1.JMI.10.6.061104.full
https://www.spiedigitallibrary.org/journals/journal-of-medical-imaging/volume-10/issue-06/061104/Toward-fairness-in-artificial-intelligence-for-medical-image-analysis/10.1117/1.JMI.10.6.061104.full
https://openreview.net/forum?id=ArpwmicoYW


OxEnsemble: Fair Ensembles for Low-Data Classification

Leo Gao, Stella Biderman, Sid Black, Laurence Golding, Travis Hoppe, Charles Foster, Jason
Phang, Horace He, Anish Thite, and Noa Nabeshima. The pile: An 800gb dataset of
diverse text for language modeling. arXiv preprint arXiv:2101.00027, 2020.

Usman Gohar, Sumon Biswas, and Hridesh Rajan. Towards understanding fairness and
its composition in ensemble machine learning. In 2023 IEEE/ACM 45th International
Conference on Software Engineering (ICSE), pages 1533–1545, Melbourne, Australia,
May 2023. IEEE. ISBN 978-1-6654-5701-9. doi: 10.1109/ICSE48619.2023.00133. URL
https://ieeexplore.ieee.org/document/10172501/.

Curtis Greene and Daniel J Kleitman. The structure of sperner k -families. Journal of
Combinatorial Theory, Series A, 20(1):41–68, January 1976. ISSN 0097-3165. doi: 10.
1016/0097-3165(76)90077-7. URL https://www.sciencedirect.com/science/article/
pii/0097316576900777.

Nina Grgić-Hlača, Muhammad Bilal Zafar, Krishna P. Gummadi, and Adrian Weller. On
fairness, diversity and randomness in algorithmic decision making, July 2017. URL
http://arxiv.org/abs/1706.10208.

Matthew Groh, Caleb Harris, Luis Soenksen, Felix Lau, Rachel Han, Aerin Kim, Arash
Koochek, and Omar Badri. Evaluating deep neural networks trained on clinical images
in dermatology with the fitzpatrick 17k dataset. In 2021 IEEE/CVF Conference on
Computer Vision and Pattern Recognition Workshops (CVPRW), pages 1820–1828, June
2021. doi: 10.1109/CVPRW53098.2021.00201. URL https://ieeexplore.ieee.org/
document/9522867.

Moritz Hardt, Eric Price, and Nati Srebro. Equality of opportunity in supervised learn-
ing. In Advances in Neural Information Processing Systems, volume 29. Curran As-
sociates, Inc., 2016. URL https://papers.nips.cc/paper_files/paper/2016/hash/
9d2682367c3935defcb1f9e247a97c0d-Abstract.html.

Dan Hendrycks, Collin Burns, Steven Basart, Andy Zou, Mantas Mazeika, Dawn Song, and
Jacob Steinhardt. Measuring massive multitask language understanding. In International
Conference on Learning Representations, October 2020. URL https://openreview.net/
forum?id=d7KBjmI3GmQ.

Amelia Jiménez-Sánchez, Natalia-Rozalia Avlona, Sarah de Boer, Víctor M. Campello,
Aasa Feragen, Enzo Ferrante, Melanie Ganz, Judy Wawira Gichoya, Camila Gonzalez,
Steff Groefsema, Alessa Hering, Adam Hulman, Leo Joskowicz, Dovile Juodelyte, Melih
Kandemir, Thijs Kooi, Jorge del Pozo Lérida, Livie Yumeng Li, Andre Pacheco, Tim
Rädsch, Mauricio Reyes, Théo Sourget, Bram van Ginneken, David Wen, Nina Weng,
Jack Junchi Xu, Hubert Dariusz Zajaç, Maria A. Zuluaga, and Veronika Cheplygina. In
the picture: Medical imaging datasets, artifacts, and their living review. In Proceedings
of the 2025 ACM Conference on Fairness, Accountability, and Transparency, FAccT ’25,
pages 511–531, New York, NY, USA, June 2025. Association for Computing Machinery.
ISBN 979-8-4007-1482-5. doi: 10.1145/3715275.3732035. URL https://dl.acm.org/doi/
10.1145/3715275.3732035.

13

https://ieeexplore.ieee.org/document/10172501/
https://www.sciencedirect.com/science/article/pii/0097316576900777
https://www.sciencedirect.com/science/article/pii/0097316576900777
http://arxiv.org/abs/1706.10208
https://ieeexplore.ieee.org/document/9522867
https://ieeexplore.ieee.org/document/9522867
https://papers.nips.cc/paper_files/paper/2016/hash/9d2682367c3935defcb1f9e247a97c0d-Abstract.html
https://papers.nips.cc/paper_files/paper/2016/hash/9d2682367c3935defcb1f9e247a97c0d-Abstract.html
https://openreview.net/forum?id=d7KBjmI3GmQ
https://openreview.net/forum?id=d7KBjmI3GmQ
https://dl.acm.org/doi/10.1145/3715275.3732035
https://dl.acm.org/doi/10.1145/3715275.3732035


Rystrøm Fu Russell

Ruinan Jin, Zikang Xu, Yuan Zhong, Qingsong Yao, Qi Dou, S. Kevin
Zhou, and Xiaoxiao Li. FairMedFM: Fairness benchmarking for medical
imaging foundation models. In The Thirty-eight Conference on Neural In-
formation Processing Systems Datasets and Benchmarks Track, November 2024.
URL https://openreview.net/forum?id=CyrKKKN3fs&referrer=%5Bthe%20profile%
20of%20Yuan%20Zhong%5D(%2Fprofile%3Fid%3D~Yuan_Zhong5).
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Appendix A. Implementation Details

The code and instructions for reproducing the results can be found in our GitHub repository4.
Optimisation for all models is done using Adam (Kingma and Ba, 2015) with a learning rate
of 0.0001.

The test splits for the baseline methods (see § 4) were all with the same seed as the first
run of the ensembles. All experiments were run with deterministic seeds for reproducibility
(see repository).

To choose the sizes of the validation and test sets, we use the theory described in § 3.2.3.
Applying a minimum observable recall of 70%, we get the below sizes. These were applied
consistently across all methods.

• Fitzpatrick17K: |Dvalid| = 33%, |Dtest| = 25%

• HAM10000: |Dvalid| = 20%, |Dtest| = 20%

• FairVLMed: |Dvalid| = 10%, |Dtest| = 10%

For fairret, we do evaluate over a set of regularisation parameters ranging, which include
[0.5, 0.75, 1.0, 1.25, 1.5]. While Buyl et al. (2023) technically doesn’t require a validation set,
it makes use a hyperparameter to govern the fairness/accuracy trade-off. This hyperparameter
can not be set a priori, and must be tuned for every dataset, requiring the use of validation
data. We do no additional parameter search for Domain Discriminative, ERM, or Domain
Independent.

All training was done on a single H100. For the final results of the paper, we ran analysis
on 3 datasets for 3 iterations using Weights & Biases (Biewald, 2020). Each run took 1̃1
minutes. In addition, the baseline experiments add an extra 20 runs. In total this results
in approximately 14.5 hours of compute to reproduce the complete results. Note, that the
experiments could have been run on cheaper hardware since the EfficientNetV2 models only
have 43M parameters.

While the above details the compute used to produce the results from the paper, further
experiments were made prior to this. Particularly, we experimented with a less efficient
ensemble structure requiring a separate run for each ensemble member. This required
significantly more compute time.

4. Link: https://github.com/jhrystrom/guaranteed-fair-ensemble
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Appendix B. Data Access and Information

We provide links for accessing the data in Table 3. While all data is openly available for
academic research, some of it requires approval by the providers.

For detailed summary statistics for HAM10000 and Fitzpatrick17k, see the supplemental
material in MedFair (Zong et al., 2022). For FairVLMed, we refer to the FairCLIP paper (Luo
et al., 2024) as well as the GitHub page. For further details, see the original publications.

Table 3: Dataset access information
Dataset Access URL Reference

Fitzpatrick17k https://github.com/
mattgroh/fitzpatrick17k

(Groh et al.,
2021)

HAM10000 https://dataverse.
harvard.edu/dataset.
xhtml?persistentId=doi:
10.7910/DVN/DBW86T

(Tschandl et al.,
2018)

FairVLMed https://github.com/
Harvard-Ophthalmology-AI-Lab/
FairCLIP

(Luo et al.,
2024)

Appendix C. Theoretical formalisms

Table 4 defines all notation used in the main paper.
As mentioned in the main paper, (Theisen et al., 2023) bound the improvements of an

ensemble (i.e., the Ensemble Improvement Ratio (EIR)) by the Disagreement-Error Ratio
(DER) of the ensemble, i.e., the ratio of the average pairwise disagreement rate to the average
error of ensemble members.

For completeness, we repeat their major results below. Note that while (Theisen et al.,
2023) considers a fixed distribution D = (X,Y ), which they frequently drop from their
notation, we preserve it as we will want to vary D.

Their results are as follows:
The ensemble improvement rate is defined as:

EIRD =
Eh∼ρ[LD(h)]− LD(hMV)

Eh∼ρ[LD(h)]
. (7)

and the Disagreement-Error Ratio as:

DERD =
Eh,h′∼ρ[DD(h, h

′)]

Eh∼ρ[LD(h)]
. (8)

Where LD(h) is the error rate for classifier, h, on data distribution, D, hMV is the majority
vote classifier, Eh∼ρ indicates the expected value over all ensemble members, and DD(h, h

′)
is the disagreement rate between classifiers, h and h′.
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Table 4: Summary of notation used in § 3.2.
Symbol Definition

D Data distribution over (X,Y )
X Input features
Y ∈ {0, 1} Binary label (1 = positive, 0 = negative)
A ∈ G Protected attribute; G is the set of groups
g ∈ G A particular protected group
Dg,+, Dg,− Conditional distributions D|(A = g, Y = 1) and D|(A = g, Y = 0)
g+, g− Shorthand for positives (A = g, Y = 1) and negatives (A = g, Y = 0)

h Individual classifier (ensemble member)
h′ Another (distinct) ensemble member
ρ Distribution over ensemble members (uniform in practice)
hMV Majority-vote classifier induced by ρ
N Ensemble size (number of members)

LD(h) Error rate (0–1 loss) of h on D
Lg(h) Groupwise loss on group g (e.g., 1− recall or 1− accuracy)
DD(h, h

′) Disagreement rate between h and h′ on D
Wρ(X,Y ) Ensemble error rate on D: Eh∼ρ[1{h(X) ̸= Y }]
W g+

ρ Ensemble error rate on positives in group g (i.e., on Dg,+)
W g−

ρ Ensemble error rate on negatives in group g (i.e., on Dg,−)

t ∈ [0, 1/2] Margin parameter in competence definitions
Cρ Competence on D: P (Wρ∈ [t, 1/2))− P (Wρ∈ [1/2, 1− t])
Cg+

ρ Restricted groupwise competence on g+ (analogously Cg−
ρ for g−)

EIRD Error Improvement Rate: Eh∼ρ[LD(h)]−LD(hMV)
Eh∼ρ[LD(h)]

DERD Disagreement–Error Ratio: Eh,h′∼ρ[DD(h,h′)]

Eh∼ρ[LD(h)]

g∗ Index for the distribution on which DER/EIR are computed (e.g., g+, g−, or full)
k Minimum rate constraint (e.g., minimum recall/sensitivity)
k∗ Upper bound on ensemble fairness gap under error-parity bounds

K Number of positive predictions among N members for a datapoint
Ki Bernoulli indicator of the i-th member’s positive prediction
pi Success prob. of Ki; pi = k + δ under enforced minimum rate
p̄ Mean recall across members: p̄ = 1

N

∑N
i=1 pi

δ ≥ 0 Margin by which enforced minimum rate exceeds k on validation

m,n # positives in validation/test for the minority group (for power analysis)
α Significance level in the one-sided test
z1−α (1− α)-quantile of the standard normal distribution
pmin Minimum observed validation recall to ensure test-time recall > 0.5:

pmin = 0.5 + 1
2z1−α

√
1
m + 1

n

Specifically, the authors provide upper and lower bounds on the EIR. Crucially, this rests
on an assumption of competence, which informally states that ensembles should always be at
least as good as the average member. More formally, (Theisen et al., 2023) state:
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Figure 5: Relationship between Ensemble Size (X-axis) and FairAUC (Y-axis) across two
datasets. No significant relationship is observed.

Assumption 1 (Competence) Let Wρ,D ≡ Wρ(X,Y ) = Eh∼ρ,D[1(h(X) ̸= Y )]. The
ensemble ρ is competent if for every 0 ≤ t ≤ 1/2,

P(Wρ,D ∈ [t, 1/2)) ≥ P(Wρ,D ∈ [1/2, 1− t]). (9)

This assumption can be interpreted as formalising the statement that a majority voting
ensemble is more likely to be confidently right than confidently wrong.

Based on this assumption, (Theisen et al., 2023) prove the following theorem:

Theorem 2 Competent ensembles never hurt performance, i.e., EIR ≥ 0.

This assumption is only required to rule out pathological cases. For most real-world
examples, this will be trivially satisfied. In the case of binary classification, the bounds on
EIR can be simplified to Eq. 2 from the main text.

Appendix D. Ablation: Ensemble Sizes

In this section, we ask: “How does ensemble size affect performance?” We examine how
FairAUC varies with ensemble size on the test set, and whether validation performance
predicts test performance.

Our design makes this straightforward: because ensemble members are trained indepen-
dently, we can form smaller ensembles by subsampling members. We construct ensembles
of size m ∈ {3, 5, . . . ,M} with M = 21, and compute FairAUC on both validation and test
sets for HAM10000 (Tschandl et al., 2018) and Fitzpatrick17k (Groh et al., 2021) across all
train/test partitions.

Figure 5 shows no consistent trend: confidence intervals are wide, and performance does
not vary systematically with ensemble size. An alternative heuristic is to use validation
FairAUC to select ensemble size, but as Figure 6 shows, the relationship between validation
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Figure 6: Relationship between FairAUC on validation (X-axis) and test set (Y-axis) across
ensemble sizes. The relationship is too noisy to guide model selection.

Table 5: Single-image inference
Latency (ms) ↓

Method CPU CUDA

ERM 112.22 ± 13.58 5.42 ± 0.31
Ensemble 107.15 ± 12.41 5.83 ± 0.38

and test performance is too noisy to be useful. This is expected, as our method already
leverages all non-test data to fit fairness weights.

Lacking a strong empirical heuristic, we adopt the largest ensemble (M = 21), which
best aligns with our theoretical results: larger ensembles provide stronger guarantees under
Jury-theorem arguments (see § 3.2.2).

Appendix E. Empirical Validation of Competence

We empirically validate our proofs from § 3.2.3 and § 3.2.2. Specifically, we want to show
that enforcing recall at k > 0.5 + δ leads to competent ensembles if δ is matches the size of
the datasets. This would help validate both theoretical extensions of Theisen et al. (2023).

To conduct this analysis, we set threshold = k + δ = 0.7 (as described in Appendix A).
We then run the competence calculations from Theisen et al. (2023) for different k above
and below the threshold. The resulting figure is Figure 7.

Appendix F. Benchmarking Efficiency

A big advantage of our OxEnsemble method is that it is efficient for training and inference
because it utilises a shared backbone (see § 3.1). In this section, we provide evidence for
these claims.
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Figure 7: Empirical validation of competence proofs. We show that enforcing minimum
recall, k > 0.5 + δ, leads to competent ensembles (see § 3.2). δ depends on the
data size (§ 3.2.3) and 0.5 comes from our proof in § 3.2.2. The data points above
thresholds, are above the X-axis, whereas the points below the threshold are on
both sides.
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The results for inference can be seen in Table 5. Here, we see comparable inference
speeds for ERM and ensemble across both CPU and GPU. The GPU runs are done on an
NVIDIA H100 80GB GPU. The runs are with a batch size of 1, averaged over 100 runs, with
a warm-up size of 10. There are no significant differences between the methods.

The results for training can be seen in Table 6 based on Weights & Biases data (Biewald,
2020). Here, we see a larger difference; ensembles take approximately 3x longer to train
compared to ERM. This may be because we are in essence training 84 times more classifiers
(21 members with four heads each). Still, because of the small size of the datasets, the
training times are manageable.

It is worth noting that substantial optimisation is available for training. Because the
backbone is frozen, the entire evaluation set (validation sets + test set) can be pre-computed.
This would drastically speed up the training. However, these optimisations were not done in
the interest of time.

Table 6: Average training runtime (in minutes)
Training Method Avg. Runtime (min) Std. Dev. (min)

Ensemble 31.79 5.13
ERM 8.51 2.28

Appendix G. Derivations

G.1. Restricted Groupwise Competence under minimum recall and
Independence Assumptions

To prove this, we assume independence of classifier errors and define Ip for any subset of
classifiers p ∈ ρ:

Ip(x) = Πi∈pP (ci(x) = 1)Πj∈p̄P (cj(x) = 0) (10)

then we decompose
P (W g+

ρ = t) =
∑
p∈ρ
|p|=s

Ip (11)

Sketch of the proof: The proof requires two observations:

1. Negative flips decrease probabilities(given by Lemma 3) Given a subset p of ensemble
models taking positive labels, with their complement taking negative labels, flipping
some of p so they also take negative labels to obtain a new q subset will result in q
having a lower probability of occurring than p.

2. Matching ps and qs(given by Lemma 4) It is possible to identify matching pairs of such
p of size s and q of size |ρ| − s in equation Eq. 17 determine.

Lemma 3 If p ⊇ q, the following inequality holds for their associated summands:

Ip ≥ Iq (12)
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Proof To see this, we write n = p̄ for the members of the ensemble that take a negative
label in both p and q and a = p/q for members of the ensemble that alter from positive label
to negative as we move from p to q. Then

Πa(ca(X) = 1) ≥ k|a| ≥ (1− k)|a| ≥ Πa(ca(X) = 0) (13)

and

Πa(ca(X) = 1)ΠpP (cp(X) = 1)ΠnP (cn(X) = 0) ≥
Πa(ca(X) = 0)ΠpP (cp(X) = 1)ΠnP (cn(X) = 0) (14)

As required.

Lemma 4 Now we need to establish the existence of a monotonic bijection m that maps
from sets of size s to sets of size |ρ| − s such that if m(p) = q then p ⊃ q.

Proof This follows from the existence of symmetric chain decomposition (see Greene and
Kleitman (1976) for details).

A Symmetric Chain (SC) is a symmetric chain, that is, a chain

A0 ⊂ A1 ⊂ · · · ⊂ At

in the Boolean lattice Bn whose ranks satisfy

|A0|+ |At| = n,

so the chain begins at rank k and ends at rank n− k, increasing in size by one at each step.
A Symmetric Chain Decomposition (SCD) is a decomposition of Bn, that is, a partition

of the lattice into pairwise disjoint symmetric chains whose union contains every subset of
{1, . . . , n}

By definition, every SC can only include one point of any size, and any SC that includes
a point of size k also includes a point of size n− k. As an SCD provides disjoint cover of the
hypercube, every point of size k is part of a single chain. Each of chain contains only one
point of size n− k, and as such any SCD defines a monotonic bijection from points of size k
to points of size n− k. ■

G.1.1. Proof

Let k ≥ 0.5 be the minimum recall rate. We will prove a stronger statement that for each
t ∈ [0, 0.5]:

P (W g+
ρ = t) ≥ P (W g+

ρ = 1− t)∀g ∈ G (15)

For individual datapoints, unless t = s
|ρ| for some integer s < |ρ|/2, the equation trivially

holds as left and right side of the equation are both 0.
When t = s

|ρ| , the above statement is equivalent to the probability of exactly s ≤ 0.5|ρ|
members of the ensemble voting correctly is higher than the probability of exactly s members
voting incorrectly.

24



OxEnsemble: Fair Ensembles for Low-Data Classification

We will establish a bijective correspondence between each summand to a smaller summand
in the expression

P (W g+
ρ = 1− t) =

∑
p∈ρ

|q|=|ρ|−s

Iq (16)

By application of Lemma 2, followed by Lemma 1 we can rewrite:

P (W g+
ρ = 1− t) =

∑
|q|=|ρ|−s
∀s≤|ρ|/2

Iq =
∑

q=m(p)
|p|=s

∀s≤|ρ|/2

Iq ≤
∑
|p|=s

∀s≤|ρ|/2

Ip = P (W g+
ρ = t)∀g ∈ G (17)

as required. ■

G.2. Minimum validation and evaluation sizes

Statistical Framework: We can frame the problem of ensuring minimum recall as a
one-sided hypothesis test:

H0 : pval = ptest = k vs. HA : pval > k. (18)

Where pval is our threshold of interest. Because both the test set and validation sets are
small, they both introduce sampling variability. Thus, we will explicitly account for the size
of both.

The hypothesis-testing framework has a few assumptions. First, it assumes that the
validation and test sets are independently drawn from the same distribution (an assumption
we explicitly follow; see § 4). Second, it assumes that each positive instance is an independent
Bernoulli trial that is either a true positive or a false negative. Finally, it assumes an
approximately normal distribution. The normality assumption is met by the Large Counts
Condition, which heuristically states that min(mk,m(1 − k), nk, n(1 − k)) ≥ 10, which in
our case simplifies to min(m2 ,

n
2 ) ≥ 10. We thus need roughly 20 positive instances of any

group in both test and validation as a minimum.

Deriving minimums: Under H0, the standard error of the difference between the minimum
recall proportions in the validation and test set is:

SE0 =

√
k(1− k)

(
1
m + 1

n

)
.

The one-sided z statistic fixing ptest = k is

z =
pval − k

SE0
.

Requiring a significance level of α (i.e., z ≥ z1−α) yields the minimal observable validation
recall:

pmin = k + z1−α

√
k(1− k)

(
1
m + 1

n

)
.

For k = 0.5, this simplifies to the result in Eq. 5.
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G.3. Derivation of Equal Opportunity Bounds

We derive the fairness bounds for ensembles under approximate equal opportunity (or
accuracy) constraints.

Starting from the definition of k′-approximate fairness for the ensemble, we have

k′ = max
g∈G

Eh∼ρ[Lg(h)](1− EIRg∗)−min
g∈G

Eh∼ρ[Lg(h)](1− EIRg∗) (19)

≤ max
g∈G

Eh∼ρ[Lg(h)]−min
g∈G

Eh∼ρ[Lg(h)](1− EIRg∗) (20)

≤ k −min
g∈G

Eh∼ρ[Lg(h)] · (−EIR)g∗ (21)

≤ k +max
g∈G

Eh∼ρ[Lg(h)]DERg∗ (22)

where g∗ is an appropriate distribution (e.g., positives, negatives or all points) constrained
to a particular group g. By substituting in the lower bound from Theorem 2 instead of 0, we
obtain the slightly tighter bound of Equation 4.

Appendix H. Detailed Related Work

Comparisons with Existing Literature: Table 1(a) presents a comparison with our
contribution in relation to previous works.

Fairness in Medical Imaging: Deep learning-based computer vision methods have
become highly popular for medical imaging applications (Cai et al., 2020), yet despite
achieving near-human performance on top-level metrics (Liu et al., 2020), they consistently
underperform for marginalised groups (Xu et al., 2024; Koçak et al., 2024). These biases
persist across different domains and modalities from dermatology (Daneshjou et al., 2022)
to chest X-rays (Seyyed-Kalantari et al., 2021) and retinal imaging (Coyner et al., 2023).
For instance, there is pervasive bias in skin condition classification (Oguguo et al., 2023;
Daneshjou et al., 2022; Groh et al., 2021), likely due to both bias in data collection (Drukker
et al., 2023) and treatment procedures (Obermeyer et al., 2019).

The sources of unfairness arise from different stages in the development process (Drukker
et al., 2023). One persistent issue is unbalanced datasets (Larrazabal et al., 2020). Unbalanced
datasets can lead to insufficient support for disadvantaged groups, which can lead to worse
representations and more uncertain results (Ricci Lara et al., 2023; Mehta et al., 2024).

A successful approach to mitigating fairness is to do extensive hyperparameter and
architecture search (Dutt et al., 2023; Dooley et al., 2022). By jointly optimising for fairness
and performance, these methods can reduce the generalisation gap and outperform other
methods. However, because of their computational cost, we do not compare against these
in this work. However, our method can be built on top of the backbones found by the
architecture search.

Defining fairness in the context of medical imaging is another challenge. While traditional
fairness metrics, like equal opportunity (Hardt et al., 2016), are concerned with minimising
disparities between groups, this might not be appropriate in a medical context. For instance,
Zhang et al. (Zhang et al., 2022) find that methods which optimise this notion of group
performance reduces the performance of all groups. This phenomenon of ‘levelling down’
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(Zietlow et al., 2022) can have fatal consequences for patients and not meet the legal standards
of fairness (Mittelstadt et al., 2024). Instead, researchers should strive to enforce minimum
rate constraints, i.e., the performance of the worst-performing groups, which can help
reduce persistent problems of underdiagnosis and undertreatment of disadvantaged groups
(Seyyed-Kalantari et al., 2021).
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