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ABSTRACT

With the rise of machine learning as a decision-making tool, there
have been concerns regarding bias and discrimination in predictive
models. Fairness metrics, such as equal opportunity and demo-
graphic parity, have been proposed as one mechanism to address
potential unfairness in algorithms. Prior work has also developed
methods for inference and hypothesis testing for fairness metrics.
Here, we present a novel approach to inference in algorithmic fair-
ness using targeted learning. Notably, targeted learning broadens
the types of quantities we can perform inference on, and in doing
so, broadens how we explore fairness in algorithms.
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1 INTRODUCTION

In the past few decades, machine learning algorithms have begun
to augment and automate human decision-making processes. In
theory, predictive models can remove bias that is ever-present in hu-
man discretion. In practice, however, predictive models can learn to
perpetuate past discrimination, as witnessed by fields ranging from
criminal justice to healthcare. Concerns around bias and discrim-
ination in algorithmic decision-making have motivated research
in algorithmic fairness. Work on algorithmic fairness is largely
focused on detecting, measuring, and minimizing differences in
decision between groups [1].

Fairness metrics form a significant portion of research in algorith-
mic fairness. Since data are random, some work has also developed
methods for quantifying probabilistic uncertainty for fairness met-
rics. Current approaches to uncertainty quantification in fairness
typically assume that the model is fixed so that the only uncer-
tainty is associated with the data themselves. Here, we propose a
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novel approach to quantifying uncertainty in fairness metrics using
targeted learning.

Though this project is still in the works, we seek to do the fol-
lowing;:

(1) Introduce targeted learning to the fairness literature

(2) Derive efficient influence functions for several quantities of

interest
(3) Demonstrate the usefulness of targeted learning for fairness
(4) Discuss the implications of targeted learning for fairness

2 INFERENCE WITH EFFICIENT INFLUENCE
FUNCTIONS

Inference, estimating population quantities from data, is a cen-
tral goal of statistics. Traditional approaches to inference tend
to rely on strong (and often unrealistic) assumptions about the
data-generating distribution. Moreover, traditional methods lead
statisticians to use models that are overly simplistic and divorced
from the quantity of interest. As discussed in [3], it is common
to perform inference using a model that is ’close enough’ to the
quantity that we care about rather than performing inference on
the exact quantity. Recent advancements in non-parametric infer-
ence have enabled statistical learning without strict distributional
assumptions, in particularly leveraging so-called efficient influence
functions (EIFs). We introduce EIFs and targeted learning below.
For a fuller introduction, see [2].

Suppose we have an estimand ¥(+) : $ +— R, where P € P is a
distribution. For example, our estimand could be the mean of a ran-
dom variable X, ¥1(P) = Ep[X]. When we’ve defined an estimand,
we can easily obtain a point estimate for our quantity of interest.
However, in statistical inference we care not only about the point
estimate, but the likely range of possible values for our quantity of
interest. With general estimands, we cannot rely on the central limit
theorem or delta method for uncertainty quantification. Instead,
we can analyze how sensitive our estimand is to perturbations in
P. The efficient influence function of an estimand is a measure of
the aforementioned sensitivity to perturbation. For ¥ (P), the EIF
is ¢(X,P) = X — ¥;(P) = X — EpX. In the case of a point mass
X, ¢(x,P) = x — EpX implies that our estimand is shifted in the
direction of x. We leave the details of how to calculate the EIF for a
longer tutorial. In short, we can derive the EIF in several ways, all
of which are centered on the effect of distributional perturbations
on our estimand.

Given an estimand and its corresponding EIF, we can define
an estimator. Since we do not have access to P, we plug-in an
estimate of P into our estimand. In the case of the mean, a natural
plug-in is the empirical distribution, P,, where n is the sample size.
However, the empirical distribution is not suitable for more complex
estimands. Fortunately, we can plug-in a wide range of estimates for
P, including machine learning models. With this flexibility, we need
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a general approach for assessing uncertainty. Analysis of the plug-
in estimator shows that the estimator’s EIF provides information
on bias and variance. Particularly, the average value of the EIF for
held-out data is the bias of the estimator, and the variance of the
EIF is the variance of the estimator.

This setup provides a toolkit to perform nonparametric inference
for a quantity of interest. Rather than assuming a distribution and
estimating a parameter of that distribution, we define an estimand
and perform inference in a data-adaptive manner. That is, instead
of telling the data how they should be distributed, we let the data
speak for themselves.

3 TARGETED LEARNING FOR FAIRNESS

In the context of algorithmic fairness, there are a multitude of
relationships and quantities we may want to make inferences about.
Most current methods treat a model as fixed and seek to infer
the value of a fairness metric for the model under a given data
distribution. This approach is useful particularly when a fixed model
is used to make decisions using data similar to the training data.
Other methods seek to discover associations in data that might lead
to biased models. Overall, existing methods tend to set up inference
problems that can be solved with permutation tests, bootstrapping,
or optimal transport.

Targeted learning offers a new approach to inference for fairness.
In particular, targeted learning allows us to perform inference on
population quantities we could not perform inference on before.
Instead of using whatever existing approach is 'close enough’ to
our quantity of interest, we can perform inference on the exact
quantity we care about. Consequently, targeted learning expands
how we think about and investigate bias and fairness in algorithms.

3.1 Example: Demographic Parity

To show how targeted learning can be used in algorithmic fairness,
we walk through an example using demographic parity. [1] defines
demographic parity as

P(g = 1|g:) = P(§ = 1lg;)

where 7 is the prediction from a machine learning model and
gi»gj denote group membership. This definition itself inherently
conditional on the estimated model: we treat the model as fixed. To
test if our model violates demographic parity, we could perform a
permutation test. If group membership does not impact predictions,
we would expect that randomly shuffling group labels would not
affect the conditional probability of a positive prediction. However,
this test does not take into account any uncertainty in the model
itself. This approach is often appropriate, for example, when we
just want to perform a sanity check before deploying a model.
Nonetheless, it does not capture the myriad ways in which we may
want to do inference around demographic parity.

Suppose we want to investigate demographic (dis)parity in the
Bayes optimal decision rule f(x) = 1{P(Y = 1|X = x) > c}.
In this setup, we care not about the outputs of a specific model,
but about the decisions that are made under the distribution of
Y|X. This could be useful, for example, when deciding whether
to use a dataset for a task. In that scenario, we may have a range
of potential models in mind. Training and tuning multiple models
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may be a waste of resources, and we may want to know something
about demographic parity before beginning the modeling process.
Additionally, only looking at one model does not account for the
inductive bias that choosing a model entails. Simply looking at the
distribution of labels across groups is insufficient, since our models
will be making predictions of the form P(Y = 1|X). Even if there are
differences across groups, if X is independent of G, our models may
not demonstrate disparity. Therefore, we turn to targeted learning
to perform inference about demographic parity.
Our estimand is

Ypp(P) = P(f(X) =1|G = gi) = P(f(X) =1|G = g;)
that is, we are interested in the difference in the Bayes optimal rule
between two groups. To simplify the EIF, we split our estimand into
components by group, for example, ¥y, (P) = P(f(X) = 1|G = g;).
The corresponding EIF is

$(x, P) = (ri(x) —rj(x)) = (¥g;(P) — ¥, (P))
where r;j(x) is 1 if f(x) = 1 and 0 otherwise. For brevity, we leave
out the derivation of the EIF.

Finally, we need to define as estimator for our estimand ¥pp(P).
For a plug-in estimator, we need to estimate P. First, we note that
¥pp(P) is defined by the distributions of X, Y|X, and f(X)|G, there-
fore, it is sufficient to only estimate these distributions. For X, we
can use the empirical distribution from our data, since the distri-
bution is marginal. For f(X)|G, we can also rely on the empirical
distribution, since the distribution is a 2x2 table. However, Y|X is
more complex. We need to take into account the dependencies that
Y has with X, and without any assumptions, it is difficult to say
what the distribution of Y|X is. Fortunately, we can estimate Y|X
with a flexible nonparametric approach, such as a machine learning
model. [4] advocates for the use of a ’SuperLearner’, a model that
combines the predictions of several models. To perform inference,
we plug in our estimate for P into our estimand using held-out data;
this returns a point estimate. To analyze the bias and variance of
our estimate, we evaluate the EIF on held-out data as well. The
mean of the EIF is the bias, and the EIF’s variance is roughly the
variance of our estimate. !

4 NEXT STEPS

In this proposal, we have described the efficient influence function
for demographic parity and discussed its use. Moving forward,
we plan to derive EIFs for other fairness metrics, such as equal
opportunity and conditional mutual information. We will walk
through the derivation for a subset of metrics to demonstrate how
to derive efficient influence functions in the context of fairness.
After deriving EIFs, we will empirically analyze simulated and real
data using targeted learning.
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