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Abstract

Ensembling is commonly regarded as an effective way to improve
the general performance of models in machine learning, while also
increasing the robustness of predictions. When it comes to algo-
rithmic fairness, heterogeneous ensembles, composed of multiple
model types, have been employed to mitigate biases in terms of de-
mographic attributes such as sex, age or ethnicity. Moreover, recent
work has shown how in multi-class problems even simple homoge-
neous ensembles may favor performance of the worst-performing
target classes. While homogeneous ensembles are simpler to imple-
ment in practice, it is not yet clear whether their benefits translate
to groups defined not in terms of their target class, but in terms of
demographic or protected attributes, hence improving fairness. In
this work we show how this simple and straightforward method is
indeed able to mitigate disparities, particularly benefiting under-
performing subgroups. Interestingly, this can be achieved without
sacrificing overall performance, which is a common trade-off ob-
served in bias mitigation strategies. Moreover, we analyzed the
interplay between two factors which may result in biases: sub-
group under-representation and the inherent difficulty of the task
for each group. These results revealed that, contrary to popular
assumptions, having balanced datasets may be suboptimal if the
task difficulty varies between subgroups. Indeed, we found that a
perfectly balanced dataset may hurt both the overall performance
and the gap between groups. This highlights the importance of con-
sidering the interaction between multiple forces at play in fairness.
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1 Introduction

Model ensembling [4, 9] is a widespread technique to boost the
performance of machine learning (ML) models in general, and deep
neural networks (DNNs) in particular. When it comes to fairness,
ensembling techniques pooling multiple model types (heteroge-
neous ensembles) have been proposed in order to mitigate biases
[7, 11, 15]. These methods require however training different archi-
tectures, complicating their applicability and the interpretability
of the ensemble model. Moreover, even simple homogeneous en-
sembles sharing the same architecture and hyper-parameters have
recently shown to reduce performance disparities in terms of the
target class in multi-class problems [16]. However, the work by Ko
et al. [16] limits its scope to understanding the impact of ensembles
on a target class (class label) in a supervised problem setting. Often,
issues with fairness are concerned with performance on a protected
attribute which defines sub-populations of the distribution being
modeled [6]. Here we explore whether this result would also ap-
ply to subgroups defined not in terms of their target class, but in
terms of protected attributes. That is, we considered the effective-
ness of ensembles as a bias mitigation strategy when performing
sub-population analysis.

Under-representation of protected sub-groups is a known cause
for biases in ML models, whereby model performance tends to be
lower for minorities or minoritized groups [5, 13, 19, 34]. A common
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and effective bias mitigation strategy is then to rebalance the data
in terms of protected attributes [26]. However, in most cases, the
gap is reduced by gaining performance for one group at the expense
of losing performance in another one (known as the leveling-down
effect) [35]. This trade-off creates an ethical dilemma and, in critical
domains such as healthcare, mitigating biases in such a way may go
against basic principles of bioethics such as that of non-maleficence
[2]. Hence, it is an increasingly urgent direction of research to
find solutions which are able to reduce this gap without negatively
impacting the performance of any subgroup.

Model ensembling is also known to improve robustness in Out-
of-Distribution (OOD) scenarios by aggregating diverse decision
boundaries from individual models, which helps mitigate the low
performance on weak learners [22]. In many fairness-sensitive ap-
plications, sub-populations defined by protected attributes may
be under-represented or exhibit data distributions that differ sig-
nificantly from the majority group. In this sense, fairness can be
framed as a particular case of an OOD generalization problem,
where the challenge lies in maintaining performance across distri-
butional shifts related to demographic factors. However, it is not
straightforward that the mechanisms through which ensembles
help in classical OOD scenarios would also benefit fairness. In this
work, we explore and confirm this connection: that ensembles can
help mitigate fairness-related performance gaps, suggesting their
capacity to generalize across sub-distributions corresponding to
protected groups.

Moreover, balance in terms of protected attributes may inter-
act with other factors, such as a varying degree of task difficulty
between sub-groups [1, 10, 32]. Indeed, in many scenarios (e.g.
medical imaging) differences related to sex, gender, skin-tones or
ethnicity, among others, may lead to varying levels of task difficulty
for different demographic sub-groups. In practice, however, the in-
trinsic difficulty of the task for different subgroups is not trivial to
determine and, as noted in Weng et al. [33], it can be difficult to
explain where the performance gaps originate for certain groups or
datasets. In this work we took the performance of models trained
on a balanced dataset as a proxy for relative difficulty between sub-
groups. This allowed us to explore the question of how ensembles
may leverage different and sometimes conflicting sources of bias.

In all, our work showcases the potential of homogeneous ensem-
bles to mitigate performance gaps both due to under-representation
and uneven task difficulty. Critically, we show how this may be
achieved without a loss in overall performance. Across the different
experiments, the relative improvements obtained with homoge-
neous ensembles ranged from 1.3% to 4%, reducing the gap between
the groups to be insignificant. We believe this work opens up a
valuable avenue of research for the generalization to other domains
and tasks, with potentially ample implications for the fairness com-
munity.

2 Related work

Although deep ensembles have been proposed as a means to im-
prove model performance [17], most existing research focuses on
the impact of ensemble diversity on model accuracy and robustness
[18, 20, 24, 25], while the implications in terms of fairness of such
models remain largely unexplored. The recent work by Ko et al. [16]
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is among the first to discuss these implications for deep ensembles.
Their study postulates that fairness naturally emerges from deep en-
sembling, as the performance of the disadvantaged group improves
disproportionately with an increasing number of models compared
to the advantaged group. However, when performing sub-group
analysis to identify advantaged and disadvantaged groups, the au-
thors focus on target classes rather than following the standard
practice in the fairness community of analyzing group fairness
by protected attributes—i.e. [30, 31], characteristics of the popu-
lation such as gender or age, which are not the target labels for
classification.

The closest work to ours is that of Schweighofer et al. [29], which,
similarly to our study, adheres to the standard group fairness frame-
work and evaluates fairness metrics by considering sub-populations
characterized by protected attributes. Their findings indicate that
deep ensembles unevenly benefit different protected groups (re-
ferred to as the disparate benefit effect). However, their focus is
on how this disparate benefit relates to the predictive diversity of
the ensemble, that is, on how varied the predictive distributions of
different models of the ensemble are. They argue that it is because
of the difference in predictive distributions between members of
the ensemble, that the group can improve on individual models.
Consistent with other research demonstrating that predictive di-
versity can serve as a proxy for anticipating biases in deep neural
networks [13, 23], they show that tasks exhibiting this disparate
benefit effect display significant differences in average predictive
diversity between groups, while tasks without this effect exhibit
only minimal differences. Related to these results, other studies
[8, 27] show that the discrimination level between subgroups is
sensitive to the quality of the training data, and that having a good
representation during training for each group is crucial for a fair-
ness perspective. In this work, we take a different approach by
investigating a factor overlooked in previous studies: the impact
of task difficulty on this disparate effect and how it relates to the
over- or under-representation of disadvantaged populations in bias
mitigation efforts.

3 Evaluating fairness of ensembles under
multiple sources of bias

To assess the potential of homogeneous ensembles to mitigate biases
and study the interaction between the under-representation of a
certain group and its corresponding task difficulty, we considered
synthetic and real scenarios.

3.1 Synthetic scenarios

We begun by building two synthetic scenarios that allowed us to
control every aspect of the experiment. Both of them consist of a
simple binary classification task using fully connected (FC) layers.
In each case, the samples are generated from Gaussian distributions
representing two different demographic subgroups and two target
classes. In order to build an intuition of how this translates to
a typical fairness scenario in the healthcare domain, we define
these subgroups as male (M) and female (F), and the target class as
healthy (0) or diseased (1). We acknowledge these groupings are
overly simplistic, but serve as a toy example to first explore the
phenomena in a fully controlled way.
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The distributions were constructed with the same standard de-
viation (¢ = 0.2), and their centers were symmetrically positioned
with respect to the origin, to discard any asymmetries originating
from weight regularization terms in the cost function. Datasets
are sampled from these distributions and the degree of balance or
under-representation can be controlled by the number of samples
taken from each. We took different ablations of the representation
for each subgroup raging from 0%-100% to 100%-0% for male-female,
with a step of 10%. In all cases, datasets are balanced in terms of
target class.

The two synthetic scenarios differ only in how we manipulated
task difficulty for the groups. Namely, when a model trained with a
perfectly balanced dataset performs equally well for every group,
we consider the task difficulty to be the same for each of those
groups. On the other hand, if performance is lower for a sub-group
in a balanced setting, we take the task difficulty to be higher for that
group. We follow two different strategies to increase task difficulty:

(1) Target class label noise: Increased difficulty for the female sub-
group is induced by having a varying percentage of randomly
selected samples with their target class labels flipped (see
Figure 1a). We tested scenarios with a label noise ranging
from 0% to 50% with a step of 5%.

Rotating decision boundary: Increased difficulty arises from
the miss-alignment of optimal decision boundaries for both
groups. The optimal decision boundary for the female sub-
group was rotated with respect to the horizontal line (see
Appendix A for an example). The use of an L1 regularization
when training the models generates an increased difficulty
for the rotated subgroup, breaking the symmetry of the prob-
lem. We rotated the boundary from 0 to 45 degrees, with a
step of 5.

@)

Without loss of generality, we vary the difficulty of the task for
the female group while the male subgroup has a constant difficulty.

3.2 Real scenarios

While we adopted a basic FC architecture for the synthetic case, we
considered more complex architectures for the real datasets. In this
case, the models consisted of ResNet-50 networks [12] pre-trained
on Image-Net, and fine-tuned for the CelebA [21] and CheXpert
[14] datasets. In each case the male and female subgroups were
constructed in terms of the gender attribute in CelebA and sex
attribute in CheXpert, defined for each sample.

CelebA consists of images of celebrities with multiple attributes.
In this case we tackled a binary hair-color prediction task with labels
blond (B) and not-blond (NB) as defined in prior works [13, 28].
In CelebA, to avoid known spurious correlations, we balanced the
dataset not only for male and female subgroups but also for the
blond attribute. This means that the four possible groups (M-B,
M-NB, F-B, F-NB) have the same number of samples (N = 4, 350)
in our pre-processed dataset.

CheXpert consists of frontal and lateral views of chest radio-
graphs for different patients. In this case, a binary classification for
lung opacity was performed. This class was created by fusing the
labels edema, consolidation, lung opacity, pneumonia, atelectasis,
and lung lesion into a single class, as they manifest similar find-
ings in the image. As CheXpert has several samples for a single
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patient, we first reduced the dataset by selecting only one sample
per patient. The final dataset was balanced by gender and opacity
attributes, once again having the same number of samples for the
four possible subgroups.

With these setups, we once again varied the balance ratio of male
and female samples during training. We did not however modify the
relative difficulty of the task as we did for the synthetic scenarios,
but rather inherited it by the problem itself. In these cases, we
define the most difficult group as the one that under-performs in a
balanced setting, i.e. for a 50%-50% representation of male-female.

4 Results

4.1 Synthetic Scenarios

For each ablation of per-group representation and task difficulty
in both synthetic scenarios we trained 20 models differing only
in their initialization. Moreover, 5 different folds were created for
statistical purposes. With these models, we generated ensembles of
varying sizes by randomly selecting the corresponding number of
models (from 1, i.e. a single model, to an ensemble of 20 models).
We did 500 random selections of the models to avoid the results
being susceptible to the order in which the models are selected,
averaging the results for all selections. Each model of an ensemble
is trained independently and with the same training samples. This
is important to guarantee that the amount of observed data does not
change with the ensemble size. With this homogeneous ensemble
setting the only difference between the models is the stochasticity
during initialization and training.

In Figure 1 we take an illustrative example for the label noise
scenario, for a 20-80 balance ratio for M-F and 40% of flipped labels
for the F subset (Fig. 1a). We first observe that the performance of
the model in terms of accuracy improves as the number of mod-
els in the ensembles grow, both in average (from 75.3% to 78.3%)
and for each population (Fig. 1b). For example, we see maximum
gains of 5% for M sub-group. Notably, the gap between the best
performing sub-group and the worst is reduced, from 1.9 points
of accuracy to marginally zero (Fig. 1c). These overall gains mean
that homogeneous ensembles improve fairness and performance
for every group simultaneously, as we further discuss below. We
also compute the relative improvement for each group (Fig. 1d),
which shows the same tendency as previously reported in Ko et al.
[16] for target classes, now for protected attributes.

We then studied the tension between per-group difficulty and
under-representation. Without loss of generality, we increased the
difficulty in the F group, and took an under-representation of the
M group. The problem is symmetric and the M and F groups could
have been inverted with the exact same results. We begin with a
low label-noise level, where the representation dominates, having
a higher performance for the F group (Figure 2, left column), and
progressively increasing the difficulty of the F group until these
factors compensate and the performance gap considerably narrows
down (Figure 2, see a and b panels, left to right).

Homogeneous ensembles promote positive-sum fairness. A
first important finding of our synthetic analysis is that no matter
the noise level or the balance ratio used, ensembles decrease the gap
in performance while increasing the individual performance of both
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Figure 1: Impact of ensembling on an imbalanced scenario (20% male and 80% female) and with a label noise applied to 40% of
female samples before training the models. Ensembles help to improve the performance of both subgroups, translating into an
improvement of the overall performance. The relative improvements tend to be greater for the underperforming one (male in

this scenario), reducing the gap between the groups.

groups, constituting a case of positive-sum fairness [3]. That holds
for a fixed relative difficulty (which is determined by the task and
the nature of the data) and given a fixed imbalance which may come
with the dataset. The counterpart of this concept is the leveling-
down effect, which denotes the tendency for a trade-off between
fairness and overall performance, which should be avoided [35]. In
this sense, our experiments show how homogeneous ensembles in-
duce positive-sum fairness gains, avoiding the leveling-down effect.

Subgroups with more difficult tasks benefit more from ho-
mogeneous ensembling. Another interesting behavior was that
the magnitude of the relative improvements increased with the dif-
ficulty of the task (Figure 2d). As a reference, the same experiments
were conducted with balanced datasets, where only the difficulty
varies (see dashed lines in Figure 2, b to d). We observed that the
relative improvement for the under-served population also grew as
the relative task difficulty increased in the balanced scenario.

Bias mitigation requires over-representation under unequal
task difficulty. Interestingly, when looking at the absolute gap
we noticed that while the gap was lower for the balanced sce-
nario where both groups had similar difficulty (Fig. 2c, left), this
tendency eventually reverses as one of the tasks becomes more
difficult for one of the groups (from left to right). Specifically, for
the label flipping variant we observe that at 25% and 40% label
flipping the gap from the gains from ensembling widen from 1.3
points of accuracy (favoring the balanced scenario) to 10.6 (favoring
the imbalanced scenario), middle and right columns at Figure 2c,
respectively. Namely, if a task is harder for one subgroup, achieving
a less biased model requires breaking the balance in favor of the
harder subset. Similar tendencies in the rotating decision bound-
ary scenario can be found in Appendix A. In Figure 3 we zoom
in into this behavior by plotting the overall accuracy and gap, as
a function of M-F imbalance for different noise percentages (see
left panel). Starting from a scenario where both groups have the
same difficulty level (0% female noise, less intense line), we found
that the ideal balance ratio is 50%, as expected. And as we increase
the noise percentage (i.e. the difficulty) on females, we would need
more samples of this subgroup to compensate for this, so the ideal
balance ratio will be one with more females than males. Notably,
we observe that the M-F ratio that minimizes the performance gap,
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also maximizes the overall accuracy (Figure 3 vertical lines in left
panel, and right panel).

4.2 Real scenarios: CelebA and CheXpert

We now see if our findings in a synthetic setting extend to more
complex heavily used datasets. For the real world datasets, we
followed a similar methodology, where we train 20 models for 5
folds and built ensembles of different sizes. Results for these models
follow a similar pattern as observed with the synthetic experiments
(Figure 4). Crucially, for both datasets (top and bottom rows) the
accuracy systematically increased with the ensemble size for all
groups.

In CheXpert (Figure 4, top row), we saw that by using a balanced
dataset the performance difference between males and females was
not very significant. Nonetheless, we could also find a non-balanced
scenario that achieves positive-sum fairness. In this case, this ratio
was close to the balanced scenario (40%). With this M-F ratio fixed,
the under-served population for a single model is F, which is the
one with the largest improvement as the ensemble size grows (4.4%
with 20 models in the ensemble). Curiously, the improvement is
so big for this group that it ends up having a better performance
for larger ensembles. This is evidenced in the v-shaped function
for the gap (which is measured as an absolute value). In this case,
an ensemble of 3 total models results in the minimal gap, but is
important to notice that regardless the ensemble size, the imbalance
scenario showcased here achieves a lower gap than the balanced
one (see Figure 4b top row).

In CelebA (Figure 4, bottom row) the worst performing group in
a balanced scenario is M, by a larger margin than in the previous
setting. Consequently, this means a stronger imbalance is required
to compensate this effect, but again we find that a value exists
(80-20 ratio), which reduces the gap by 3.4 points of accuracy while
increasing the overall performance by 0.45%. Once again, for this
fixed task difficulty and balance ratio, ensembles reduce the gap
while improving performance for all groups (1.5 and 0.7 points of
accuracy for M and F, respectively).

5 Discussion and conclusions

In this work, we evaluated the use of simple homogeneous ensem-
bles as a technique to address fairness, as well as the interplay
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Figure 2: Results for the label noise synthetic scenario. Each column represents different noise levels in the female subgroup
while keeping a constant 20% under-representation of males (20-80 M-F). (a) Samples of both distributions under different
noise-balance configurations. The following rows correspond to (b) model accuracy for male (orange), female (light blue),
and overall (green); (c) absolute performance gap (line color represents the group that is being benefited), and (d) relative
improvements by the ensemble size. Dashed lines correspond to the same noise configuration but in a balanced scenario (50-50

M-F).

between under-representation of certain groups and per-group task

difficulty in this context.

Importantly, we showcased in synthetic and real datasets that
homogeneous ensembles robustly reduce the performance gap be-
tween groups while increasing the individual performance of both

groups, achieving positive-sum fairness. This departs from a com-

mon observation from bias mitigation techniques, which target
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biases at the expense of a decrease in overall performance, resulting
in a leveling-down effect. While generally relevant, this is criti-
cal for applications in the healthcare domain, where intentionally
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reducing the performance of a given sub-population, even if it bene-
fits the whole, may be considered to violate the bioethical principle
of non-maleficence.

Although per-group difficulty can be hard to manipulate in real-
life settings, if starting from a balanced or close-to-balanced dataset,
the degree of representation could be in principle manipulated dur-
ing training. Contrary to the established cannon, which advocates
for balance as a basic goal when it comes to fairness, we find that
the interaction between per-group difficulty and representation
shifts the optimal balance point from 50-50. While for similar diffi-
culties the optimal balance sits indeed close to 50%, as the relative
difficulties increase, this number may reach values as high as 80-20.
In other words, these results serve as a cautionary tale that stan-
dard rebalancing techniques may actually be harmful if the relative
difficulty of the task is not taken into consideration.

Taken together, these results highlight the importance of inter-
sectional studies when it comes to the sources of biases, and the
potential value of traditional ML tools such as ensembles to achieve
positive-sum fairness. Substantial work remains to be done to un-
derstand if and how these findings generalize to other ML domains
and tasks, opening up a valuable avenue of research.

6 Limitations

Although this paper is among the first to explore the fairness impli-
cations of deep homogeneous ensembles, particularly in relation
to task difficulty and under-representation, it is not without limita-
tions.

First, in the real-world scenarios we analyzed, our notion of task
difficulty was limited. We used the performance gap in balanced
training datasets as a proxy for task difficulty. Then, based on the as-
sumption that when training samples are equally distributed across
different sub-groups, differences in performance can be attributed
to task difficulty rather than under-representation. However, this
assumption may not hold in cases where sampling is unequal, for
example, when samples in one subpopulation exhibit less variabil-
ity than those in another. Future research should account for this
factor when defining task difficulty. Moreover, this may depend on
model choice. Ideally, one would want a measure of difficulty which
directly captures how often experts would fail for that particular
case. Datasets with multiple expert annotators would be greatly
beneficial in this regard. We note that this is a similar challenge to
the one faced by standard calibration assessment methods, where
one does not have access to the true uncertainty of the annotations.

Second, here we experimented with an FC architecture for the
synthetic experiments in tabular data, and a CNN architecture
for the real scenarios in image classification. More complex archi-
tectures could be considered (like Visual Transformers for image
classification, for example) to ensure that our conclusions also hold
for larger vision models.
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Figure 5: Results for the rotating decision boundary synthetic scenario. Each column represents a different angle on which
the decision boundary is rotated for the female subgroup. The higher the angle, the higher the difficulty for this subgroup.
Every case was trained with a sub-representation of males by 40% (40-60 M-F). (a) Samples of both distributions under different
angle-balance configurations (in green, the decision boundary with its corresponding angle). The following rows correspond to
(b) model accuracy for male (orange), female (light blue), and overall (green); (c) absolute performance gap (line color represents
the group that is being benefited), and (d) relative improvements by the ensemble size. Dashed lines correspond to the same
angle configuration but in a balanced scenario (50-50 M-F).
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Figure 6: (Left) Overall accuracy and gap for different noise percentages by the balance ratio between male and female subgroups
for rotating decision boundary. (Right) Ideal male-female balance ratio for the different noise percentages. As the discrepancy
in difficulty increases for both subgroups, more samples are needed for the most difficult one to achieve the best overall
performance and minimum gap between the groups.
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