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Abstract

This paper surveys Machine Learning approaches to build
predictive models that know what they don’t know. The con-
sequential action of this knowledge can consist of abstain-
ing from providing an output (rejection), deferring to another
model (dynamic model selection), deferring to a human ex-
pert (learning to defer), or informing the user (uncertainty
estimation). We formally state the problems each approach
solves and point to key references. We discuss open issues
that deserve investigation from the scientific community.

Introduction
Humans deem important to find ways of knowing what they
do not know. For example, a medical doctor that is given
contrasting medical test results may abstain from making
a diagnosis. The capability of knowing what one does not
know prevents making ineffective or even harmful decisions,
such as a wrong medical treatment. Also, it may triggers the
acquisition of additional information, such as new medical
tests, or the acquisition of new knowledge, e.g., through the
consultation with other doctors. Overall, such a capability is
at the core of the process of knowledge revision and expan-
sion (Grant 2023).

As for humans, intelligent systems should be able to find
ways of knowing what they do not know. In many high-stake
domains, abstaining from providing an output is a better
strategy than bearing the risk of wrong outputs. Examples
include AI systems for job candidate screening, predictive
policing, medical diagnosis, and credit scoring. For instance,
chatbot developers struggle to detect questions whose an-
swers are not in the capability of the language model (Cheng
et al. 2024). Overall, the ability of an intelligent system to
know what it does not know empowers the trust of the user
and supports accountability in its usage.

In this paper, we survey approaches in the Machine Learn-
ing (ML) research to build predictive models that know what
they don’t know. The consequential action of this knowledge
can consist of abstaining from providing an output (rejec-
tion), deferring to another model (dynamic model selection),
deferring to a human expert (learning to defer), or inform-
ing the user (uncertainty estimation). The paper is struc-
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tured according to those actions. The first case is further dis-
tinguishing based on the type of uncertainty of the model,
either aleatoric or epistemic (Hüllermeier and Waegeman
2021; Gruber et al. 2023). Aleatoric uncertainty is the (ir-
reducible) uncertainty arising from the inherent randomness
of an event. Ambiguity rejection addresses aleatoric uncer-
tainty of predictions by abstaining on instances close to the
decision boundary. Epistemic uncertainty is the (reducible)
uncertainty due to a lack of knowledge. Further, it can be
divided into model uncertainty, related to the correct choice
of the ML model structure, and estimation uncertainty, re-
lated to the correct estimation of model parameters. Novelty
rejection addresses estimation uncertainty of predictions for
instances far from the distribution of the training set, such as
outliers or (distribution) shifted data. Dynamic model selec-
tion addresses model uncertainty by deciding which model,
among a diverse set, to use on a given instance. Learning to
defer differs as the prediction is not deferred to another ML
model, but to a human expert with some costs/limitations in
the number of predictions the expert can provide. Moreover,
the human expert has already been “trained”, i.e., it cannot
be changed, and its structure is a possibly inconsistent black
box. Regarding the direct estimation of uncertainty, classical
(parametric and non-parametric) statistical approaches can
help estimate both aleatoric and epistemic uncertainty of ML
models. Conformal prediction is a non-parametric approach
specific for ML classification and regression models.

This paper is structured as follows. First, we introduce
notation for canonical ML predictors. Then, we survey each
of the approaches, stating the problem it solves and pointing
to key references. Finally, we discuss open research lines
that deserve investigation from the scientific community.

Canonical Predictors
Let X be an input space, Y the target space and P (X,Y)
the (unknown) joint probability distribution of random vari-
ables X,Y over X×Y . Given a hypothesis space F of func-
tions that map X to Y , the goal of a machine learning algo-
rithm (a learner) is to find a hypothesis f : X → Y ∈ F ,
called a predictor, that minimizes the risk

R(f) = E[l(f(X), Y )]

where l : Y × Y → R is a user-specified loss function.
We call f a classifier if Y is a finite set of classes; a prob-
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Figure 1: Left: Canonical SVM Classifier. Instances above the black line are predicted as blue circle-shaped instances, while
those below are predicted as pink diamond-shaped. Center: Ambiguity Rejection. Abstention occurs for instances close to the
decision boundary. Right: Novelty Rejection. Abstention occurs for the instances far from the training data.

abilistic classifier if Y is the set of k-dimensional discrete
distributions1; an ordinal classifier if Y is a totally-ordered
finite set of labels; a regressor if Y = R; a (list-wise)
ranker if X = X1, . . . ,Xn and Y = Gn is the set of
all permutations of {1, . . . , n}; a generator if Y is the set
of all strings. The data type of X further determines spe-
cialized predictors for tabular data, sequences, time series,
spatial data, text, images, video, etc. In addition to fore-
cast predictions on input instances, predictors can provide
knowledge on the unknown distribution P (X,Y) either di-
rectly (for interpretable predictors) or through explainable
AI techniques. As an example, Figure 1 (left) shows a Sup-
port Vector Machine (SVM) classifier that distinguishes pink
diamond-shaped points and blue circle-shaped ones through
a hyperplane over the input space.

Abstaining: Ambiguity Rejection
Reconsider the example in Figure 1 (left). The two classes
are not perfectly separable, due to inherent randomness of
class membership. Ambiguity rejection addresses this prob-
lem by abstaining on instances close to the decision bound-
ary of the SVM hyperplane – the orange area in Figure 1
(center). Two methods for ambiguity rejection have been
considered in the literature: selective prediction (SP) and
learning to reject (LtR).

Selective Prediction A selective predictor is a pair (f, g)
where f is a canonical predictor and g : X → {0, 1} is a
selection function that determines whether f ’s prediction on
an instance is provided (accepted or selected instance) or the
model abstains (rejected instance):

(f, g)(x) =

{
f(x) if g(x) = 1

abstain otherwise.
(1)

Selective classification (SC) refers to the case that f is a clas-
sifier, and selective regression (SR) to the case f is a regres-
sor. Similarly, one can extend it to other types of predictors.

1Formally, Y = {p ∈ [0, 1]k |
∑

i pi = 1}. For an instance x,
f(x) is then a discrete probability distribution for k classes.

In practice, the selection function g is defined by (i) learn-
ing a confidence function2 υf : X → [0, 1] (also called soft
selection (Geifman and El-Yaniv 2017)) that measures how
likely it is that the predictor f is correct, and (ii) setting a
threshold τ ∈ [0, 1] that defines the minimum confidence
for providing a prediction, yielding:

g(x) = 1{υf (x) > τ} (2)

A widely used confidence function for a probabilistic clas-
sifier f is the softmax response: υf (x) = maxi f(x)i. For
selective regression, the selection function is based on an es-
timate of the conditional variance (Zaoui, Denis, and Hebiri
2020), namely g(x) = 1{E[(Y − f(x))

2 | X = x] < τ}.
To control for the fraction of instances for which a prediction
is made, SP methods consider the coverage:

ϕ(g) = E[g(X)]

namely, the probability mass of the non-rejected region. An-
other core measure is the risk over the accepted region, com-
monly called the selective risk and defined as:

R(f, g) =
E[l(f(X), Y )g(X)]

ϕ(g)

For the 0-1 loss, namely l(f(X, Y ) = 1{f(X) ̸= Y }, se-
lective risk is called selective error rate. The inherent trade-
off between coverage and risk can be summarized by a risk-
coverage curve (El-Yaniv and Wiener 2010). Moreover, such
a trade-off allows framing the selective prediction task ac-
cording to two variants (Franc, Průša, and Vorácek 2023).
In the bounded improvement model, the problem is formu-
lated by fixing an upper bound ϵ (called target risk) for the
selective risk and then looking for a selective predictor that
maximizes coverage (Geifman and El-Yaniv 2017).
Problem 1 (Bounded-improvement model) Given a tar-
get risk ϵ, an optimal selective predictor (f, g) parametrized
by (θ∗, ψ∗) is defined as:

(θ∗, ψ∗) = argmax
θ,ψ

ϕ(gψ) s.t. R(fθ, gψ) ≤ ϵ

2A good confidence function υf should rank instances based
on descending loss, i.e., if υf (xi) ≤ υf (xj) then l(f(xi), yi) ≥
l(f(xj), yj).
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In the bounded-abstention model, we fix a lower bound c
(called target coverage) for coverage and then look for a se-
lective predictor that minimizes selective risk (Geifman and
El-Yaniv 2019).
Problem 2 (Bounded-abstention model) Given a target
coverage c ∈ [0, 1], an optimal selective predictor (f, g)
parameterized by θ∗, ψ∗ is defined as:

(θ∗, ψ∗) = argmin
θ,ψ

R(fθ, gψ) s.t. ϕ(gψ) ≥ c

The estimation of (θ∗, ψ∗) can be modeled either as an end-
to-end learning problem, or through a coverage-calibration
post-training procedure for estimating the threshold τ in (2).
The latter is done by estimating the (1 − c) · 100-th per-
centile of the confidence function over a held-out calibration
dataset. The usage of such a held-out dataset will occur in
most of the methods we will survey, as using the confidence
function over the training set may overfit the data. As an ex-
ception, Pugnana and Ruggieri (2023a,b) adopt cross-fitting
rather than the held-out set.

El-Yaniv and Wiener (2010) present a comprehensive
Probably Approximately Correct (PAC) analysis of the opti-
mal selective classifier in the bounded-improvement model.
Geifman and El-Yaniv (2017) propose an algorithm that
achieves optimal results by thresholding the confidence
function. For the bounded-abstention setting in a noisy bi-
nary setting, Denis and Hebiri (2020) provide an optimal
strategy to build a selective classifier when considering the
0-1 loss. From a practical perspective, in recent years, sev-
eral neural network architectures - e.g., (Geifman and El-
Yaniv 2019; Huang, Zhang, and Zhang 2020; Feng et al.
2023; Corbière et al. 2019) - have been proposed to solve
the bounded-abstention problem. For an extensive experi-
mental comparison of state-of-the-art methods, we refer to
Pugnana et al. (2024). Limited attention has been devoted to
the problem of selective regression. The main contributions
in this setting are due to Zaoui, Denis, and Hebiri (2020),
where the authors provide theoretical results for the mean
squared error (MSE) loss function.

Learning to Reject Learning to Reject (LtR), or cost-
based abstention (Franc, Průša, and Vorácek 2023), is based
on the seminal work by Chow (1970). Similarly to SC, LtR
aims to learn a selective predictor. However, LtR methods
learn a pair (classifier, rejector) that trade-offs between ab-
stention and prediction through a parameter a, representing
the cost of abstention. Let us revise the definition of ex-
pected risk as:

R(f, g, a) = E[l(f(X), Y )g(X) + a(1− g(X))]

The goal then becomes to minimize such a risk.
Problem 3 (Cost-based model) Given the cost of rejection
a, an optimal selective predictor (f, g) parameterized by θ∗,
ψ∗ is defined as:

(θ∗, ψ∗) = argmin
θ,ψ

R(fθ, gψ, a)

LtR deviates from SC in two major aspects. First, the re-
jection strategy does not rely on confidence functions, but

it is based on the parameter a. Defining such a parameter is
not straightforward, and it is heavily context-dependent (De-
nis and Hebiri 2020). Second, LtR methods are not meant
to consider a target coverage c as an objective to achieve.
An in-depth theoretical analysis for both LtR and SC can be
found in (Franc, Průša, and Vorácek 2023), showing that the
two frameworks share similar optimal strategies.

A recent survey on LtR in binary classification is due to
Cortes, DeSalvo, and Mohri (2024). Key theoretical studies
are due to Chow (1970), who provides an optimal strategy
for the 0-1 loss and assumingP (X, Y ) is known, and to Her-
bei and Wegkamp (2006), who extend it to the case where
P (X, Y ) is not known through the plug-in approach. While
most of the LtR methods are model-agnostic with respect
to the learner of f , a few model-specific approaches have
been proposed for k-Nearest Neighbour classifiers (Hell-
man 1970), SVMs (Fumera and Roli 2002), neural networks
(Cordella et al. 1995b), and ensembles (Cortes, DeSalvo,
and Mohri 2016). Notably, Fischer, Hammer, and Wersing
(2016) investigate optimal rejection methods for classifiers
that partition the input space, such as prototype-based classi-
fiers, SVMs, and decision trees. They consider (un)certainty
metrics, such as the distance to the closest decision bound-
ary, and propose methods to determine optimal local thresh-
olds, linking the LtR problem to the Knapsack problem.

Abstaining: Novelty Rejection
Novelty rejection (Dubuisson and Masson 1993; Cordella
et al. 1995a) deals with estimation uncertainty by abstain-
ing on instances that are unlikely in the distribution generat-
ing the training data. E.g., in the healthcare context, Van der
Pias et al. (2023) use a Local Outlier Factor-based rejector
to avoid providing predictions for patients that are younger
than the ones used to train the model. In general, methods for
density estimation or for out-of-distribution detection read-
ily apply to novelty rejection (Hendrickx et al. 2024).

Regarding density estimation methods, the rejector g is in-
tended to estimate the marginal density P (X) from the train-
ing set and to accept an instance if the tail probability of ob-
serving such an instance F̂ (x) ≈ P (X > x) is greater than
a fixed threshold, namely g(x) = 1{F̂ (x) > τ}. Several
methods have been considered for computing F̂ : Landgrebe
et al. (2004) propose Gaussian Mixtures Models (GMM),
Nalisnick et al. (2019) resort to deep neural networks using
Normalizing Flows, and Wang and Yiu (2020) employ Vari-
ational Autoencoders. A variant (Condessa, Bioucas-Dias,
and Kovacevic 2015) consists of estimating the class condi-
tional density function P (X = x | Y = y), and then define
a novelty-confidence function as:

υnov(x) = max
y∈Y

P (X = x | Y = y)

and g(x) = 1{υnov(x) > τ}. The novelty-confidence func-
tion can be estimated using GMM, as done by Vailaya and
Jain (2000), or using heuristics, such as the distance from
the closest prototype (Conte et al. 2012).

Regarding out-of-distribution detection, an option is to
employ a one-class classification model that learns to bound
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the region of the training dataset and flag as novel all the
instances outside such a region (Coenen, Abdullah, and
Guns 2020). Alternatively, a few approaches assign a nov-
elty score to an instance, and abstain when such a score is
above a certain level: Liang, Li, and Srikant (2018) adopt
temperature scaling and add small perturbations to the in-
put to help separate the neural network softmax score dis-
tributions for out-of-distribution instances from in-sample
ones; Kühne, März et al. (2021) combine a deep learning
model with an autoencoder, and test if the autoencoder is
able to reconstruct the input instance. Drapal, de Menezes e
Silva Filho, and Prudêncio (2024) propose meta-learning
techniques for learning data characteristics that are informa-
tive for determining when to reject predictions.

A few works try and merge novelty and ambiguity re-
jection in the so-called unknown detection (Kim, Koo, and
Hwang 2023). A first heuristics was proposed by Xia and
Bouganis (2022), while a theoretical analysis of unknown
detection can be found in Franc, Paplhám, and Prruvsa
(2024) and in Narasimhan et al. (2024).

Deferring to Another Predictor: Dynamic
Model Selection

In its most simple form, a dynamic predictor uses the selec-
tion function g to decide between two (base) predictors:

({f0, f1}, g)(x) =
{
f1(x) if g(x) = 1

f0(x) otherwise.
(3)

Contrasting to (1), the choice now is between the two
predictors f0 and f1, rather than between a predictor and
the abstention option. More in general, multiple base pre-
dictors3 can be considered to choose from – the result-
ing system, when base predictors are classifiers, is called
a multi-classifier system (Wozniak, Graña, and Corchado
2014) (also called delegating classifiers). The base predic-
tors are diverse in one or more respects (Cruz, Sabourin, and
Cavalcanti 2018) such as: initialisation (e.g., of the same
neural network), hyper-parameters (e.g., learning rate), ar-
chitectures (e.g., number of hidden layers), model families
(e.g., neural networks and decision trees), training sets (e.g.,
random subsets or time-dependent subsets), and predictive
feature sets (e.g., random subsets or cost-based subsets).
For instance, in an AI-of-things scenario, an energy-efficient
predictor uses a low number of features, while an energy-
demanding classifier uses all available features. The energy-
efficient predictor can be accurate enough for most of the
cases, and the selection function has to discriminate the dif-
ficult cases in order to call the energy-demanding predictor.

In general, the selection function g partitions the space of
instances into regions of competence (based on some per-
formance metric) of the two predictors f0 and f1. For an
input instance x, g(x) is the id of the most competent pre-
dictor for the region x is located into. The upper limit per-
formances of a dynamic predictor are given by the oracle

3As another extension, more than one predictor can be selected.
This requires some fusion of their outputs, e.g., weighting, voting,
or stacking mechanisms (Cruz, Sabourin, and Cavalcanti 2018).

selection function, which always selects a correct predictor
if it exists (Kuncheva 2002). As in abstaining predictors, the
selection function is trained on a hold-out labeled set, here
called the dynamic selection dataset (DSEL). A simple ap-
proach is to cluster instances in DSEL, and then determining
for each cluster the most competent predictor. Competence
can be quantified based on different metrics, ranging from
local confidence (Jitkrittum et al. 2023) to data complexity
of cluster instances (Schmeing, Brun, and Silva 2022).

Selective (1) and dynamic (3) predictors share a common
formulation – and, historically, a common parent in Chow
(1965, 1970). The main difference between the two frame-
works is that the latter assumes the base predictors as given,
and only the selection function g is learnt. Selective predic-
tion approaches do not necessarily make such an assump-
tion, allowing for end-to-end learning of both f and g. An-
other difference is that dynamic predictors do not optimize
for a target coverage in the fraction of usage of the base
classifier f0 or for a cost of its usage. Moreover, dynamic
predictors are driven by competence, while selective pre-
dictors by ambiguity or novelty – even though ambiguity-
based dynamic predictors have been proposed by dos San-
tos, Sabourin, and Maupin (2007). However, selective and
dynamic predictors can be combined, namely one can learn
a selective predictor where f is a dynamic predictor. We are
not aware of approaches that learn effective selection func-
tions for such a combination.

For surveys on dynamic model selection, we refer the
reader to Britto, Sabourin, and de Oliveira (2014) (cate-
gorization of approaches), Wozniak, Graña, and Corchado
(2014) (survey and applications), Cruz, Sabourin, and Cav-
alcanti (2018) (survey and experimental comparison), and
Schmeing, Brun, and Silva (2022) (experimental evaluation
of complexity measures).

Deferring to a Human: Learning to Defer
Learning to Defer (LtD) (Madras, Pitassi, and Zemel 2018),
also known as “learning under triage” (Okati, De, and
Gomez-Rodriguez 2021), combines ML predictors f and
human expert knowledge, modeled as predictor h. LtD can
be seen as an instance of dynamic prediction:

({f, h}, g)(x) =
{
h(x) if g(x) = 1

f(x) otherwise.

The human expert predictor h is accessible only for a (typ-
ically, small) sample of training/test instances. Human ex-
perts can exploit knowledge and features not available to ML
predictors, e.g., for the example from the introduction, addi-
tional medical test results. Since h is assumed to be given,
the predictor f and the selection function g are the only to
be learnt. However, the overall risk R(f, h, g) is defined as
a linear combination of the risks of the two predictors:

E[lM (f(X), Y )g(X) + lH(h(X), Y )(1− g(X))] (4)

where lM and lH are machine-specific and human-specific
loss functions. The human loss lH , in particular, may be
strictly positive to account for a cost in asking the human
expert, whether the answer is correct or not. This makes the
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choice between a ML predictor and a human predictor an
asymmetric objective. LtD inherits from selective prediction
the constraint on target coverage c, intended to bound the
fraction of predictions deferred to the human expert.
Problem 4 (LtD) Given a target coverage c ∈ [0, 1], and
a human expert predictor h, an optimal LtD predictor
({f, h}, g) parameterized by θ∗, ψ∗ is defined as:

(θ∗, ψ∗) = argmin
θ,ψ

R(fθ, h, gψ) s.t. ϕ(gψ) ≥ c

Most methods consider a soft selection function g(x) =
1{k(x) > κ} (cfr (2)), where the reject score function
k : X → R estimates whether the human expert predic-
tion is more likely to be correct than the one of the ML
predictor (Mozannar et al. 2023). Okati, De, and Gomez-
Rodriguez (2021) show that such a thresholding strategy is
optimal. In practice, one can estimate the threshold κ in a
similar way as for selective classification, namely through a
coverage-calibration procedure by setting κ as the c · 100-th
percentile of the reject score values over an hold-out dataset
(Pugnana et al. 2024). In a relaxed problem, with no cover-
age constraint, a linear search procedure can be run to se-
lect the κ that minimize the empirical risk over the hold-out
dataset (Mozannar et al. 2023).

LtD is an instance of hybrid decision making where hu-
mans oversee machines (Punzi et al. 2024). From a theo-
retical perspective, De et al. (2020) show that the problem
of learning under human assistance when choosing a ridge
regression as a base predictor is NP-hard. By reformulat-
ing the problem using submodular functions, they devise a
greedy algorithm with some theoretical guarantees. Similar
results also hold for the classification setting when consider-
ing margin-based classifiers, as shown by De et al. (2021). A
formal characterization of the scenarios where a predictive
model can take advantage of including humans in the loop is
provided by Okati, De, and Gomez-Rodriguez (2021). They
show that standard ML models that are trained to predict
over all the instances may be suboptimal when it comes to
LtD. Due to the difficulties in directly optimizing (4), con-
sistent surrogate losses are adopted to jointly learn both the
selection function and the ML predictor (Mozannar and Son-
tag 2020; Charusaie et al. 2022; Verma and Nalisnick 2022;
Mozannar et al. 2023; Cao et al. 2023; Liu et al. 2024; Wei,
Cao, and Feng 2024). Recent works extend the LtD problem
to account for multiple human experts, e.g., see Verma, Bar-
rejón, and Nalisnick (2023); Mao et al. (2023) and Cao et al.
(2023), and cases where the ML model is already given and
not jointly trained, e.g., Mao et al. (2023).

Informing the User: Uncertainty Estimation
There are situations where abstaining or deferring would
be detrimental, such as time-critical and mission-critical
decision making. These include medical emergency, car
collision-detection, cyberthreat blocking, online fraud detec-
tion, aircraft autopilot, etc. In such cases, uncertainty estima-
tions is a valid solution to inform the decision maker or to
trigger rule-based decisions.

A general distinction can be made between set-
valued predictions and uncertainty quantification methods

(Hüllermeier and Waegeman 2021). The former methods
provide a set of predictions that comprise the true value with
a probability guarrantee. Conversely, uncertainty quantifica-
tion methods provide a single prediction and equip it with
additional information about how that prediction is certain.

Concerning set-valued predictions, one of the most com-
mon approaches is conformal prediction (CP) (Papadopou-
los et al. 2002). It consists of transforming a predictor (typi-
cally, a probabilistic classifier) f : X → Y into a set-valued
predictor C : X → 2Y such that:

P (Y ∈ C(X)) ≥ 1− α (5)

where α is the maximum error probability (that the true
value does not belong to the predicted set). A simple pro-
cedure is based on the notion of conformal score, which is
a function s : X × Y → R that increases whenever a pre-
diction is far from the truth. To guarantee that Eq. (5) holds,
the procedure: (i) estimates the distribution of s (typically
over a held-out set); (ii) computes the (1 − α)-quantile of
s (denoted as q̂); (iii) includes in the prediction set all the
class labels for which the estimated conditional probability
is greater than 1−q̂. The conformal score is closely related to
the concept of confidence function. However, CP focuses on
quantifying the uncertainty associated with each prediction
set (Straitouri et al. 2023; De Toni et al. 2024), rather than
minimizing selective risk for a subset of predictions (the
target coverage). We refer the reader to Angelopoulos and
Bates (2023) for an introduction to conformal prediction; an
early book is (Vovk, Gammerman, and Shafer 2005), while
domain-specific surveys cover text (Campos et al. 2024),
and spatio-temporal data (Sun 2022).

Regarding uncertainty quantification of predictions, this
is a very active research area in the context of dynami-
cal systems (Smith 2024; Soize 2017), i.e. time-space de-
pendent models. For ML models that are dynamical, such
as the vector autoregressive models (Kilian and Lütkepohl
2017), one can reuse/adapt methods and tools for: modeling
uncertainty of the inputs (initial states or boundary condi-
tions), for uncertainty propagation, for sensitivity analysis
of the input over the system states and outputs, for prob-
abilistic inverse problems (abduction of inputs from out-
puts). A ML model with uncertainty augments point-wise
predictions with additional information, such as confidence
intervals, standard errors, or a density estimate. For statis-
tical regression models, such information are provided un-
der some assumptions (homoscedastic gaussian noise) (Kut-
ner et al. 2004). Non-parametric approaches, such as quan-
tile regression and its extension to ensembles (Meinshausen
2006), directly tackle the prediction of confidence intervals.
Probabilistic classifiers naturally assign a probability score
to each class value. Such a score may not necessarily be
calibrated, i.e., the score is the true probability of the class
value. Silva Filho et al. (2023) provide a complete overview
of calibration methods. In general, most ML models do not
natively tackle uncertainty at their outputs. Survey papers
on uncertainty quantification are Hüllermeier and Waege-
man (2021); Abdar et al. (2021); Gawlikowski et al. (2023).
They contrast approaches along different dimensions: fre-
quentist/ensembling vs Bayesian methods; model-agnostic
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vs model-specific methods; methods tackling in-domain vs
domain-shift vs out-of-domain uncertainty.

Open Research Issues
Several relevant aspects of the research presented remain
open for further investigation. Next, we consider four of
them. A few others can be only mentioned, including ab-
staining/deferring: in evolving scenarios as in continual
learning; for non-tabular data, such as time series, graphs,
or text; for ranking problems, such as pair-wise or list-wise
ranking of applicants to a position; in privacy-preserving
applications; and extensions exploiting background knowl-
edge, such as knowledge graphs or logic rules. The issue
of knowing what they don’t know is especially relevant to
Large Language Models, for which specialized solutions
must be considered (Kapoor et al. 2024; Yin et al. 2023).

Fairness. The literature on methods for documenting, mit-
igating, and controlling bias and fairness in AI is vast and
multidisciplinary (Álvarez et al. 2024; Ntoutsi et al. 2020;
Mehrabi et al. 2022), yet with several obstacles to their prac-
tical applicability (Ruggieri et al. 2023). Intuitively, know-
ing what ML models don’t know appears a natural means to
prevent making decisions that may be wrong or unfair. This
is not necessarily the case. Jones et al. (2021) show that even
if accuracy can improve on average for accepted instances,
selective classification can simultaneously magnify accu-
racy disparities between protected social groups. Another in-
teresting aspect of rejecting instance regards how rejection
is distributed over different social groups. To some extent,
rejected instances may suffer from delayed decision or even
no decision at all. Initial works on fair selective prediction
include Lee et al. (2021); Shah et al. (2022); Schreuder and
Chzhen (2021); Lenders et al. (2024).

Explainability. Explainable AI aims at providing expla-
nations of the decision logic of complex and obscure AI
models (Guidotti et al. 2019; Minh et al. 2022). The rea-
sons for rejecting or deferring an instance, or for provid-
ing an uncertainty estimate, are clearly part of the decision
logic that need to be explained. However, the current litera-
ture on explaining the selection mechanism is rather limited.
Fischer, Hammer, and Wersing (2016) propose a reject op-
tion for interpretable-by-design models such as prototype-
based ones. This allows for directly characterizing the re-
jected instances. For black-box models, Artelt et al. (2022)
propose counterfactual explanations, which describe what to
change in an instance for reversing the output of the selec-
tion function. Other model-agnostic methods include Artelt
and Hammer (2022); Artelt, Visser, and Hammer (2023).
Explaining the differences between ML model and human
predictions is explored by Mecke et al. (2024). Finally,since
explanations are directed to humans (users, developers, au-
ditors), an important factor is how to communicate uncer-
tainty. Cognitively-robust communication (Kompa, Snoek,
and Beam 2021) and explanation (Zukerman and Maruf
2024) of uncertainty is an open problem.

Effective decision-making. Decision-making supported
by AI is increasingly being used in many application do-

mains. Multiple studies found that the usage of AI can in-
duce some cognitive bias in the human decision maker (Ras-
togi et al. 2022). For instance, Green and Chen (2019) in-
vestigated with a controlled experiment the effectiveness of
using an ML-based risk assessment model as a decision aid.
Their results suggest that the human participants: (i) were
incapable of accurately assessing the validity of their pre-
dictions or the risk assessment’s predictions; (ii) did not ad-
just their level of trust in the risk assessment tool based on
its performance; (iii) showed prejudice in their interactions
with the risk assessment model. The issue of trust in AI
has been studied since by multiple disciplines (Henrique and
Santos 2024). Although such concerns apply also to abstain-
ing/deferring predictors, to the best of our knowledge, only
Bondi et al. (2022) examine the impact of using a selective
predictor on human decision makers. The authors show that
human performance can be enhanced by alerting the human
about the decision to defer while withholding the prediction
of the AI system. More work is needed for understanding
the consequences of abstaining/deferring on human under-
standing and behavior from a multidisciplinary (technical,
psychological, moral, legal) perspective.

Robustness. Robustness refers to an AI system’s ability to
maintain its integrity and operate effectively in challenging
settings, e.g., under adversarial attacks, disturbances, and
data contamination (Amodei et al. 2016). Abstaining pre-
dictors can enhance the robustness of AI systems. Prelimi-
nary works in this challenging objective include the follow-
ing. Laidlaw and Feizi (2019) present a technique known
as Combined Abstention Robustness Learning (CARL) to
train a classifier that is both accurate and resilient. Pang et al.
(2022) design a way for estimating a rectified confidence
and for using it to train a selected classifier in an adversar-
ial manner. Balcan et al. (2023) introduce a random feature
subspace threat model and show that classifiers lacking the
capability to reject are susceptible to this adversary. Chen
et al. (2023) theoretically analyze the stratified rejection set-
ting and devise a novel defense approach, called Adversarial
Training with Consistent Prediction-based Rejection (CPR)
for building an abstaining classifier that mitigates the ex-
posure to adversarial attacks. On the other hand, however,
abstaining predictors may exhibit robustness issues. For in-
stance, due to the usage of hold out sets and non-robust
statistics, the selection function may not be statistically ro-
bust, with instances being rejected as a consequence of ran-
domness, outliers, missing values.

Conclusions
The capability to know what is not known is an expression
of human intelligence, which lead to abstain from making
a decision, or to defer to somebody else, or to reason over
uncertainty estimates. We have surveyed approaches in the
ML literature to build models that learn the above form of
intelligence, and outlined a few open research issues. Be-
yond technical advancements, we highlight the need for risk-
aware training of human decision makers supported by AI,
so that AI system abstention, deferring, or uncertainty esti-
mate can be properly evaluated and trusted.
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