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Abstract
Machine learning plays a role in many deployed decision systems, often in ways
that are difficult or impossible to understand by human stakeholders. Explaining,
in a human-understandable way, the relationship between the input and output of
machine learning models is essential to the development of trustworthy machinelearning-based systems. A burgeoning body of research seeks to define the goals
and methods of explainability in machine learning. In this paper, we seek to review and categorize research on counterfactual explanations, a specific class of
explanation that provides a link between what could have happened had input to
a model been changed in a particular way. Modern approaches to counterfactual
explainability in machine learning draw connections to the established legal doctrine in many countries, making them appealing to fielded systems in high-impact
areas such as finance and healthcare. Thus, we design a rubric with desirable
properties of counterfactual explanation algorithms and comprehensively evaluate
all currently-proposed algorithms against that rubric. Our rubric provides easy
comparison and comprehension of the advantages and disadvantages of different
approaches and serves as an introduction to major research themes in this field.
We also identify gaps and discuss promising research directions in the space of
counterfactual explainability.

1

Introduction

Machine learning is increasingly accepted as an effective tool to enable large-scale automation in
many domains. In lieu of hand-designed rules, algorithms are able to learn from data to discover
patterns and support decisions. Those decisions can, and do, directly or indirectly impact humans;
high-profile cases include applications in credit lending [99], talent sourcing [97], parole [102], and
medical treatment [46]. The nascent Fairness, Accountability, Transparency, and Ethics (FATE) in
machine learning community has emerged as a multi-disciplinary group of researchers and industry
practitioners interested in developing techniques to detect bias in machine learning models, develop
algorithms to counteract that bias, generate human-comprehensible explanations for the machine
decisions, hold organizations responsible for unfair decisions, etc.
Human-understandable explanations for machine-produced decisions are advantageous in several
ways. For example, focusing on a use case of applicants applying for loans, the benefits would
include:
• An explanation can be beneficial to the applicant whose life is impacted by the decision. For example, it helps an applicant understand which of their attributes were strong drivers in determining a
decision.
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• Further, it can help an applicant challenge a decision if they feel an unfair treatment has been
meted, e.g., if one’s race was crucial in determining the outcome. This can also be useful for
organizations to check for bias in their algorithms.
• In some instances, an explanation provides the applicant with feedback that they can act upon to
receive the desired outcome at a future time.
• Explanations can help the machine learning model developers identify, detect, and fix bugs and
other performance issues.
• Explanations help in adhering to laws surrounding machine-produced decisions, e.g., GDPR [10].
Explainability in machine learning is broadly about using inherently interpretable and transparent
models or generating post-hoc explanations for opaque models. Examples of the former include
linear/logistic regression, decision trees, rule sets, etc. Examples of the latter include random forest,
support vector machines (SVMs), and neural networks.
Post-hoc explanation approaches can either be model-specific or model-agnostic. Explanations
by feature importance and model simplification are two broad kinds of model-specific approaches.
Model-agnostic approaches can be categorized into visual explanations, local explanations, feature
importance, and model simplification.
Feature importance finds the most influential features in contributing to the model’s overall accuracy
or for a particular decision, e.g., SHAP [80], QII [27]. Model simplification finds an interpretable
model that imitates the opaque model closely. Dependency plots are a popular kind of visual
explanation, e.g., Partial Dependence Plots [51], Accumulated Local Effects Plot [14], Individual
Conditional Expectation [53]. They plot the change in the model’s prediction as a feature, or multiple
features are changed. Local explanations differ from other explanation methods because they only
explain a single prediction. Local explanations can be further categorized into approximation and
example-based approaches. Approximation approaches sample new datapoints in the vicinity of the
datapoint whose prediction from the model needs to be explained (hereafter called the explainee
datapoint), and then fit a linear model (e.g., LIME [92]) or extracts a rule set from them (e.g.,
Anchors [93]). Example-based approaches seek to find datapoints in the vicinity of the explainee
datapoint. They either offer explanations in the form of datapoints that have the same prediction as
the explainee datapoint or the datapoints whose prediction is different from the explainee datapoint.
Note that the latter kind of datapoints are still close to the explainee datapoint and are termed as
“counterfactual explanations”.
Recall the use case of applicants applying for a loan. For an individual whose loan request has
been denied, counterfactual explanations provide them feedback, to help them make changes to
their features in order to transition to the desirable side of the decision boundary, i.e., get the loan.
Such feedback is termed actionable. Unlike several other explainability techniques, counterfactual
explanations do not explicitly answer the “why” part of a decision; instead, they provide suggestions
in order to achieve the desired outcome. Counterfactual explanations are also applicable to black-box
models (only the predict function of the model is accessible), and therefore place no restrictions on
model complexity and do not require model disclosure. They also do not necessarily approximate
the underlying model, producing accurate feedback. Owing to their intuitive nature, counterfactual
explanations are also amenable to legal frameworks (see appendix C).
In this work, we collect, review and categorize 39 recent papers that propose algorithms to generate
counterfactual explanations for machine learning models. Many of these methods have focused on
datasets that are either tabular or image-based. We describe our methodology for collecting papers
for this survey in appendix B. We describe recent research themes in this field and categorize the
collected papers among a fixed set of desiderata for effective counterfactual explanations (see table 1).
The contributions of this review paper are:
1. We examine a set of 39 recent papers on the same set of parameters to allow for an easy
comparison of the techniques these papers propose and the assumptions they work under.
2. The categorization of the papers achieved by this evaluation helps a researcher or a developer
choose the most appropriate algorithm given the set of assumptions they have and the speed
and quality of the generation they want to achieve.
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3. Comprehensive and lucid introduction for beginners in the area of counterfactual explanations for machine learning.

2

Background

This section gives the background about the social implications of machine learning, explainability
research in machine learning, and some prior studies about counterfactual explanations.
2.1

Social Implications of Machine Learning

Establishing fairness and making an automated tool’s decision explainable are two broad ways in
which we can ensure equitable social implication of machine learning. Fairness research aims at
developing algorithms that can ensure that the decisions produced by the system are not biased
against a particular demographic group of individuals, which are defined with respect to sensitive
features, for e.g., race, sex, religion. Anti-discrimination laws make it illegal to use the sensitive
features as the basis of any decision (see Appendix C). Biased decisions can also attract widespread criticism and are therefore important to avoid [55, 69]. Fairness has been captured in several
notions, based on a demographic grouping or individual capacity. Verma and Rubin [109] have
enumerated, and intuitively explained many fairness definitions using a unifying dataset. Dunkelau
and Leuschel [45] provide an extensive overview of the major categorization of research efforts in
ensuring fair machine learning and enlists important works in all categories. Explainable machine
learning has also seen interest from other communities, specifically healthcare [103], having huge
social implications. Several works have summarized and reviewed other research in explainable
machine learning [11, 22, 58].
2.2

Explainability in Machine Learning

This section gives some concrete examples that emphasize the importance of explainability and
give further details of the research in this area. In a real example, the military trained a classifier to
distinguish enemy tanks from friendly tanks. Although the classifier performed well on the training
and test dataset, its performance was abysmal on the battlefield. Later, it was found that the photos of
friendly tanks were taken on sunny days, while for enemy tanks, photos clicked only on overcast days
were available [58]. The classifier found it much easier to use the difference between the background
as the distinguishing feature. In a similar case, a husky was classified as a wolf because of the
presence of snow in the background, which the classifier had learned as a feature associated with
wolves [92]. The use of an explainability technique helped discover these issues.
The explainability problem can be divided into model explanation and outcome explanation problems [58].
Model explanation searches for an interpretable and transparent global explanation of the original
model. Various papers have developed techniques to explain neural networks and tree ensembles
using single decision tree [25, 70, 34] and rule sets [28, 13]. Some approaches are model-agnostic,
e.g. Golden Eye, PALM [59, 71, 116].
Outcome explanation needs to provide an explanation for a specific prediction from the model. This
explanation need not be a global explanation or explain the internal logic of the model. Modelspecific approaches for deep neural networks (CAM, Grad-CAM [115, 96]), and model agnostic
approaches (LIME, MES [92, 106]) have been proposed. These are either feature attribution or model
simplification methods. Example based approaches are another kind of explainability techniques
used to explain a particular outcome. In this work, we focus on counterfactual explanations which is
an example-based approach.
By definition, counterfactual explanations are applicable to supervised machine learning setup where
the desired prediction has not been obtained for a datapoint. The majority of research in this area
has applied counterfactual explanations to classification setting, which consists of several labeled
datapoints that are given as input to the model, and the goal is to learn a function mapping from the
input datapoints (with say m features) to labels. In classification, the labels are discrete values. X m
is used to denote the input space of the features, and Y is used to denote the output space of the
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labels. The learned function is the mapping f : X m → Y, which is used to predict labels for unseen
datapoints in the future.
2.3

History of Counterfactual Explanations

Counterfactual explanations have a long history in other fields like philosophy, psychology, and the
social sciences. Philosophers like David Lewis, published articles on the ideas of counterfactuals
back in 1973 [78]. Woodward [114] said that a satisfactory explanation must follow patterns of
counterfactual dependence. Psychologists have demonstrated that counterfactuals elicit causal
reasoning in humans [20, 21, 62]. Philosophers have also validated the concept of causal thinking
due to counterfactuals [17, 114].
There have been studies which compared the likeability of counterfactual explanations with other
explanation approaches. Binns et al. [18] and Dodge et al. [32] performed user-studies which showed
that users prefer counterfactual explanations over case-based reasoning, which is another examplebased approach. Fernández-Loría et al. [48] give examples where counterfactual explanations are
better than feature importance methods.

3

Counterfactual Explanations

This section illustrates counterfactual explanations by giving an example and then outlines the major
aspects of the problem.
3.1

An Example

Suppose Alice walks into a bank and seeks a home mortgage loan. The decision is impacted in large
part by a machine learning classifier which considers Alice’s feature vector of {Income, CreditScore,
Education, Age}. Unfortunately, Alice is denied for the loan she seeks and is left wondering (1) why
was the loan denied? and (2) what can she do differently so that the loan will be approved in the
future? The former question might be answered with explanations like: “CreditScore was too low”,
and is similar to the majority of traditional explainability methods. The latter question forms the basis
of a counterfactual explanation: what small changes could be made to Alice’s feature vector in order
to end up on the other side of the classifier’s decision boundary. Let’s suppose the bank provides
Alice with exactly this advice (through the form of a counterfactual explanation) of what she might
change in order to be approved next time. A possible counterfactual recommended by the system
might be to increase her Income by $10K or get a new master’s degree or a combination of both.
The answer to the former question does not tell Alice what action to take, while the counterfactual
explanation explicitly helps her. Figure 1 illustrates how the datapoint representing an individual,
which originally got classified in the negative class, can take two paths to cross the decision boundary
into the positive class region.
The assumption in a counterfactual explanation is that the underlying classifier would not change
when the applicant applies in the future. And if the assumption holds, the counterfactual guarantees
the desired outcome in the future time.
3.2

Desiderata and Major Themes of Research

The previous example alludes to many of the desirable properties of an effective counterfactual
explanation. For Alice, the counterfactual should quantify a relatively small change, which will lead
to the desired alternative outcome. Alice might need to increase her income by $10K to get approved
for a loan, and even though an increase of $50K would do the job, it is most pragmatic for her if she
can make the smallest possible change. Additionally, Alice might care about a simpler explanation it is easier for her to focus on changing a few things (such as only Income) instead of trying to change
many features. Alice certainly also cares that the counterfactual she receives is giving her advice,
which is realistic and actionable. It would be of little use if the recommendation were to decrease her
age by ten years.
These desiderata, among others, have set the stage for recent developments in the field of counterfactual explainability. As we describe in this section, major themes of research have sought to
incorporate increasingly complex constraints on counterfactuals, all in the spirit of ensuring the result4

ing explanation is truly actionable and useful. Development in this field has focused on addressing
these desiderata in a way that is generalizable across algorithms and is computationally efficient.

Figure 1: Two possible paths for a datapoint (shown in blue), originally classified in the negative
class, to cross the decision boundary. The end points of both the paths (shown in red and green) are
valid counterfactuals for the original point. Note that the red path is the shortest, whereas the green
path adheres closely to the manifold of the training data, but is longer.
1. Validity: Wachter et al. [111] first proposed counterfactual explanations in 2017. They posed
counterfactual explanation as an optimization problem. Equation (1) states the optimization
objective, which is to minimize the distance between the counterfactual (x0 ) and the original
datapoint (x) subject to the contraint that the output of the classifier on the counterfactual is
the desired label (y 0 ∈ Y). Converting the objective into a differentiable, unconstrained form
yields two terms (see Equation (2)). The first term encourages the output of the classifier on the
counterfactual to be close to the desired class and the second term forces the counterfactual to be
close the original datapoint. A metric d is used to measure the distance between two datapoints
x, x0 ∈ X , which can be the L1/L2 distance, or quadratic distance, or distance functions which
take as input the CDF of the features [107]. Thus, this original definition already emphasized that
an effective conterfactual must be small change relative to the starting point.
arg min
d(x, x0 ) subject to f (x0 ) = y 0
0

(1)

arg min
max λ(f (x0 ) − y 0 )2 + d(x, x0 )
0

(2)

x

x

λ

A counterfactual which indeed is classified in the desired class is a valid counterfactual. As
illustrated in fig. 1, the points shown in red and green are valid counterfactuals, as they are indeed
in the positive class region, and the distance to the red counterfactual is smaller than the distance
to the green counterfactual.
2. Actionability: An important consideration while making recommendation is about which features
are mutable (for e.g. income, age) and which aren’t (for e.g. race, country of origin). A
recommended counterfactual should never change the immutable features. In fact, if change to
a legally sensitive feature produces a change in prediction, it shows inherent bias in the model.
Several papers have also mentioned that an applicant might have a preference order amongst the
mutable features (which can also be hidden.) The optimization problem is modified to take this
into account. We might call the set of actionable features A, and update our loss function to be,
arg min
max λ(f (x0 ) − y 0 )2 + d(x, x0 )
0
x ∈A

λ

(3)

3. Sparsity: There can be a trade-off between the number of features changed and the total amount
of change made to obtain the counterfactual. A counterfactual ideally should change smaller
number of features in order to be most effective. It has been argued that people find it easier to
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understand shorter explanations [84], making sparsity an important consideration. We update our
loss function to include a penalty function which encourages sparsity in the difference between
the modified and the original datapoint, g(x0 − x), e.g. L0/L1 norm.
arg min
max λ(f (x0 ) − y 0 )2 + d(x, x0 ) + g(x0 − x)
0
x ∈A

λ

(4)

4. Data Manifold closeness: It would be hard to trust a counterfactual if it resulted in a combination
of features which were utterly unlike any observations the classifier has seen before. In this sense,
the counterfactual would be "unrealistic" and not easy to realize. Therefore, it is desirable that
a generated counterfactual is realistic in the sense that it is near the training data and adheres to
observed correlations among the features. Many papers have proposed various ways of quantifying
this. We might update our loss function to include a penalty for adhering to the data manifold
defined by the training set X , denoted by l(x0 ; X )

arg min
max λ(f (x0 ) − y 0 )2 + d(x, x0 ) + g(x0 − x) + l(x0 ; X )
0
x ∈A

(5)

λ

In fig. 1, the region between the dashed lines shows the data manifold. For the blue datapoint,
there are two possible paths to cross the decision boundary. The shorter, red path takes it to a
counterfactual that is outside the data manifold, whereas a bit longer, green path takes it to a
counterfactual that follows the data manifold. Adding the data manifold loss term, encourages the
algorithm to choose the green path over red path, even if it is slightly longer.
5. Causality: Features in a dataset are rarely independent, therefore changing one feature in the real
world affects other features. For example, getting a new educational degree necessitates increasing
to the age of the individual by at least some amount. In order to be realistic and actionable,
a counterfactual should maintain any known causal relations between features. Generally, our
loss function now accounts for (1) counterfactual validity, (2) sparsity in feature vector (and/or
actionability of features), (3) similarity to the training data, (4) causal relations.
Following research themes are not added as terms in the optimization objective; they are properties
of the counterfactual algorithm.
6. Amortized inference: Generating a counterfactual is expensive, which involves solving
an optimization process for each datapoint. Mahajan et al. [82] focused on “amortized
inference” using generative techniques. Thus learning to predict the counterfactual allows
the algorithm to quickly compute a counterfactual (or several) for any new input x, without
requiring to solve an optimization problem.
7. Alternative methods: Finally, several papers solve the counterfactual generation problem
using linear programming, mixed-integer programming, or SMT solvers. These approaches
give guarantees and optimize fast, but are limited to classifiers with linear (or piece-wise
linear) structure.
8. [[Add about model-agnosticity and black-boxness]].
3.3

Relationship to other related terms

Out of the papers collected, different terminology often captures the basic idea of counterfactual
explanations, although subtle differences exist between the terms. Several terms worth noting include:
• Recourse - Ustun et al. [107] point out that counterfactuals do not take into account the actionability
of the prescribed changes, which recourse does. The difference they point out was from the original
work of Wachter et al. [111]. Recent papers in counterfactual generation take actionability and
feasibility of the prescribed changes, and therefore the difference with recourse has blurred.
• Inverse classification - Inverse classification aims to perturb an input in a meaningful way in order
to classify it into its desired class [12, 72]. Such an approach prescribes the actions to be taken
in order to get the desired classification. Therefore inverse classification has the same goals as
counterfactual explanations.
• Contrastive explanation - Contrastive explanations generate explanations of the form “an input
x is classified as y because features f1 , f2 , . . . , fk are present and fn , . . . , fr are absent”. The
features which are minimally sufficient for a classification are called pertinent positives, and the
6

features whose absence is necessary for the final classification are termed as pertinent negatives.
To generate both pertinent positives and pertinent negatives, one needs to solve the optimization
problem to find the minimum perturbations needed to maintain the same class label or change it,
respectively. Therefore contrastive explanations (specifically pertinent negatives) are related to
counterfactual explanations.
• Adversarial learning - Adversarial learning is a closely-related field, but the terms are not interchangeable. Adversarial learning aims to generate the least amount of change in a given input
in order to classify it differently, often with the goal of far-exceeding the decision boundary and
resulting in a highly-confident misclassification. While the optimization problem is similar to the
one posed in counterfactual-generation, the desiderata are different. For example, in adversarial
learning (often applied to images), the goal is an imperceptible change in the input image. This
is often at odds with the counterfactual’s goal of sparsity and parsimony (though single-pixel
attacks are an exception). Further, notions of data manifold and actionability/causality are rarely
considerations in adversarial learning.

4

Assessment of the approaches on counterfactual properties

For easy comprehension and comparison, we identify several properties that are important for a
counterfactual generation algorithm to be assessed on. For all the collected papers which propose an
algorithm to generate counterfactual explanation, we assess the algorithm they propose against these
properties. The results are presented in table 1. For papers that do not propose new algorithms, but
discuss related aspects of counterfactual explanations are mentioned in section 4.2. The methodology
which we used to collect the papers is given in appendix B.
4.1

Properties of counterfactual algorithms

This section expounds on the key properties of a counterfactual explanation generation algorithm.
The properties form the columns of table 1.
1. Model access - The counterfactual generation algorithms require different levels of access to
the underlying model for which they generate counterfactuals. We identify three distinct access
levels - access to complete model internals, access to gradients, and access to only the prediction
function (black-box). Access to the complete model internals are required when the algorithm uses
a solver based method like, mixed integer programming [95, 107, 64, 65, 63] or if they operate
on decision trees [104, 47, 79] which requires access to all internal nodes of the tree. A majority
of the methods use a gradient-based algorithm to solve the optimization objective, modifying
the loss function proposed by Wachter et al. [111], but this is restricted to differentiable models
only. Black-box approaches use gradient-free optimization algorithms such as Nelder-Mead [56],
growing spheres [74], FISTA [30, 108], or genetic algorithms [72, 98, 26] to solve the optimization
problem. Finally, some approaches do not cast the goal into an optimization problem and solve
it using heuristics [57, 91, 113, 67]. Poyiadzi et al. [89] propose FACE, which uses Dijkstra’s
algorithm [31] to find the shortest path between existing training datapoints to find counterfactual
for a given input. Hence, this method does not generate new datapoints.
2. Model agnostic - This column describes the domain of models a given algorithm can operate on.
As examples, gradient based algorithms can only handle differentiable models, the algorithms
based on solvers require linear or piece-wise linear models [95, 107, 64, 65, 63], some algorithms
are model-specific and only work for those models like tree ensembles [104, 63, 47, 79]. Black-box
methods have no restriction on the underlying model and are therefore model-agnostic.
3. Optimization amortization - Among the collected papers, the proposed algorithm mostly returned
a single counterfactual for a given input datapoint. Therefore these algorithms require to solve the
optimization problem for each counterfactual that was generated, that too, for every input datapoint.
A smaller number of the methods are able to generate multiple counterfactuals (generally diverse
by some metric of diversity) for a single input datapoint, therefore they require to be run once per
input to get several counterfactuals [57, 95, 98, 85, 82, 64, 26, 47]. Mahajan et al. [82]’s approach
learns the mapping of datapoints to counterfactuals using a variational auto-encoder (VAE) [33].
Therefore, once the VAE is trained, it can generate multiple counterfactuals for all input datapoints,
without solving the optimization problem separately, and is thus very fast. We report two aspects
of optimization amortization in the table.
7

• Amortized Inference - This column is marked Yes if the algorithm can generate counterfactuals for multiple input datapoints without optimizing separately for them, otherwise it is
marked No.
• Multiple counterfactual (CF) - This column is marked Yes if the algorithm can generate
multiple counterfactual for a single input datapoint, otherwise it is marked No.
4. Counterfactual (CF) attributes - These columns evaluate algorithms on sparsity, data manifold
adherence, and causality.
Among the collected papers, methods using solvers explicitly constrain sparsity [107, 64], blackbox methods constrain L0 norm of counterfactual and the input datapoint [74, 26]. Gradient
based methods typically use the L1 norm of counterfactual and the input datapoint. Some of the
methods change only a fixed number of features [113, 67], change features iteratively [76], or
flip the minimum possible split nodes in the decision tree [57] to induce sparsity. Some methods
also induce sparsity post-hoc [74, 85]. This is done by sorting the features in ascending order of
relative change and greedily restoring their values to match the values in the input datapoint until
the prediction for the CF is still different from the input datapoint.
Adherence to the data manifold has been addressed using several different approaches, like training
VAEs on the data distribution [29, 61, 108, 82], constraining the distance of a counterfactual from
the k nearest training datapoints [26, 63], directly sampling points from the latent space of a VAE
trained on the data, and then passing the points through the decoder [87], mapping back to the
data domain [76], using a combination of existing datapoints [67], or by simply not generating
any new datapoint [89].
The relation between different features is represented by a directed graph between them, which
is termed as a causal graph [88]. Out of the papers that have addressed this concern, most
require access to the complete causal graph [65, 66] (which is rarely available in the real world),
while Mahajan et al. [82] can work with partial causal graphs. These three properties are reported
in the table.
• Sparsity - This column is marked No if the algorithm does not consider sparsity, else it
specifies the sparsity constraint.
• Data manifold - This column is marked Yes if the algorithm forces the generated counterfactuals to be close to the data manifold by some mechanism. Otherwise it is marked
No.
• Causal relation - This column is marked Yes if the algorithm considers the causal relations
between features when generating counterfactuals. Otherwise it is marked No.
5. Counterfactual (CF) optimization (opt.) problem attributes - These are a few attributes of the
optimization problem.
Out of the papers that consider feature actionability, most classify the features into immutable
and mutable types. Karimi et al. [65] and Lash et al. [72] categorize the features into immutable,
mutable, and actionable types. Actionable features are a subset of mutable features. They point
out that certain features are mutable but not directly actionable by the individual, e.g., CreditScore
cannot be directly changed; it changes as an effect of changes in other features like income, credit
amount. Mahajan et al. [82] uses an oracle to learn the user preferences for changing features
(among mutable features) and can learn hidden preferences as well.
Most tabular datasets have both continuous and categorical features. Performing arithmetic over
continuous feature is natural, but handling categorical variables in gradient-based algorithms
can be complicated. Some of the algorithms cannot handle categorical variables and filter them
out [74, 79]. Wachter et al. [111] proposed clamping all categorical features to each of their
values, thus spawning many processes (one for each value of each categorical feature), leading to
scalability issues. Some approaches convert categorical features to one-hot encoding and then treat
them as numerical features. In this case, maintaining one-hotness can be challenging. Some use a
different distance function for categorical features, which is generally an indicator function (1 if
a different value, else 0). Genetic algorithms and SMT solvers can naturally handle categorical
features. We report these properties in the table.
• Feature preference - This column is marked Yes if the algorithm considers feature actionability, otherwise marked No.
• Categorical distance function - This column is marked - if the algorithm does not use a
separate distance function for categorical variables, else it specifies the distance function.
8

Table 1: Assessment of the collected papers on the key properties, which are important for readily
comparing and comprehending the differences and limitations of different counterfactual algorithms.
Papers are sorted chronologically. Details about the full table is given in appendix A.
Assumptions

Optimization amortization

CF attributes

Paper

Model
access

Model
domain

Amortized
Inference

Multiple
Sparsity
CF

[72]

Blackbox

Agnostic

No

No

[111]

Gradients

Differentiable No

[104]

Complete

Tree ensemble

[74]

Blackbox

[57]

Blackbox

CF opt. problem attributes

Data
manifold

Causal
relation

Feature
preference

Categorical
dist. func

Changes
iteratively

No

No

Yes

-

No

L1

No

No

No

-

No

No

No

No

No

No

-

Agnostic

No

No

L0 and posthoc

No

No

No

-

Agnostic

No

Yes

Flips min.
split nodes

No

No

No

Indicator

[29]

Gradients

Differentiable No

No

L1

Yes

No

No

-

[56]

Blackbox

Agnostic

No

No

No

No

No

No1

-

[95]

Complete

Linear

No

Yes

L1

No

No

No

N.A.2

No

No

Yes

-

[107]

Complete

Linear

No

No

Hard
constraint

[98]

Blackbox

Agnostic

No

Yes

No

No

No

Yes

Indicator

[30]

Blackbox or
gradient

Differentiable No

No

L1

Yes

No

No

-

[91]

Blackbox

Agnostic

No

No

No

No

No

No

-

[61]

Gradients

Differentiable No

No

No

Yes

No

No

-

[90]

Gradients

Differentiable No

No

No

No

No

No

-

[113]

Blackbox

Agnostic

No

No

Changes
one feature

No

No

No

-

[85]

Gradients

Differentiable No

Yes

L1 and posthoc

No

No

No

Indicator

[89]

Blackbox

Agnostic

No

No

No

Yes3

No

No

-

[108]

Blackbox or
gradient

Differentiable No

No

L1

Yes

No

No

Embedding

[82]

Gradients

Differentiable Yes

Yes

No

Yes

Yes

Yes

-

No

No

Yes

Indicator

[64]

Complete

Linear

No

Yes

Hard
constraint

[87]

Gradients

Differentiable No

No

No

Yes

No

Yes

N.A.4

[67]

Blackbox

Agnostic

No

No

Yes

Yes

No

No

-

[65]

Complete

Linear and
causal graph

No

No

L1

No

Yes

Yes

-

[66]

Gradients

Differentiable No

No

No

No

Yes

Yes

-

[76]

Gradients

Differentiable No

No

Changes
iteratively

Yes

No

No5

-

[26]

Blackbox

Agnostic

No

Yes

L0

Yes

No

Yes

Indicator

[63]

Complete

Linear
and
tree
ensemble

No

No

No

Yes

No

Yes

-

[47]

Complete

Random
Forest

No

Yes

L1

No

No

No

-

[79]

Complete

Tree ensemble

No

No

L1

No

No

No

-
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4.2

Other works

There exist papers which do not propose novel algorithms to generate counterfactuals, but explore
other aspects about it.
Sokol and Flach [101] list several desirable properties of counterfactuals inspired from Miller [84]
and state how the method of flipping logical conditions in a decision tree satisfies most of them.
Fernández-Loría et al. [48] point out at the insufficiency of feature importance methods for explaining
a model’s predictions, and substantiate it with a synthetic example. They generate counterfactuals by
removing features instead of modifying feature values. Laugel et al. [75] says that if the explanation
is not based on training data, but the artifacts of non-robustness of the classifier, it is unjustified.
They define justified explanations to be connected to training data by a continuous set of datapoints,
termed E-chainability. Laugel et al. [73] enlist proximity, connectedness, and stability as three
desirable properties of a counterfactual, along with the metrics to measure them. Barocas et al. [16]
state five reasons which have lead to the success of counterfactual explanations and also point out
at the overlooked assumptions. They mention the unavoidable conflicts which arises due to the
need for privacy-invasion in order to generate helpful explanations. Pawelczyk et al. [86] provide a
general upper bound on the cost of counterfactual explanations under the phenomenon of predictive
multiplicity, wherein more than one trained models have the same test accuracy and there is no
clear winner among them. Artelt and Hammer [15] enlists the counterfactual optimization problem
formulation for several model-specific cases, like generalized linear model, gaussian naive bayes,
and mention the general algorithm to solve them. Wexler et al. [112] developed a model-agnostic
interactive visual tool for letting developers and practitioners visually examine the effect of changes in
various features. Tsirtsis and Gomez-Rodriguez [105] cast the counterfactual generation problem as a
Stackelberg game between the decision maker and the person receiving the prediction. Given a ground
set of counterfactuals, the proposed algorithm returns the top-k counterfactuals, which maximizes
the utility of both the involved parties. Downs et al. [36] propose to use conditional subspace VAEs,
which is a variant of VAEs, to generate counterfactuals that obey correlations between features, causal
relations between features, and personal preferences. This method directly uses the training data and
is not based on the trained model. Therefore it is unclear whether the counterfactual generated by this
method would also get the desired label by the model.

5

Evaluation of counterfactual generation algorithms

This section lists the common datasets used to evaluate counterfactual generation algorithms and the
metrics they are typically evaluated and compared on.
5.1

Commonly used datasets for evaluation

The datasets used in evaluation in the papers we review can be categorized into tabular and image
datasets. Not all methods support image datasets. Some of the papers also used synthetic datasets for
evaluating their algorithms, but we skip those in this review since they were generated for a specific
paper and also might not be available. Common datasets in the literature include:
• Image - MNIST [77].
• Tabular - Adult income [37], German credit [40], Compas recidivism [60], Student Performance [43], LSAT [19], Pima diabetes [100], Breast cancer [38], Default of credit [39], FICO [50],
Fannie Mae [81], Iris [41], Wine [44], Shopping [42].
5.2

Metrics for evaluation of counterfactual generation algorithms

Most of the counterfactual generation algorithms are evaluated on the desirable properties of counterfactuals. Counterfactuals are thought of as actionable feedback to individuals who have received
1

It considers global and local feature importance, not preference.
All features are converted to polytope type.
3
Does not generate new datapoints
4
The distance is calculated in latent space.
5
It considers feature importance not user preference.
2
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undesirable outcome from automated decision makers, and therefore a user study can be considered a
gold standard. However, none of the collected papers perform a user study. The ease of acting on a
recommended counterfactual is thus measured by using quantifiable proxies:
1. Validity - Validity measures the ratio of the counterfactuals that actually have the desired class
label to the total number of counterfactuals generated. Higher validity is preferable. Most papers
report it.
2. Proximity - Proximity measures the distance of a counterfactual from the input datapoint. For
counterfactuals to be easy to act upon, they should be close to the input datapoint. Distance
metrics like L1 norm, L2 norm, Mahalanobis distance are common. To handle the variability of
range among different features, some papers standardize them in pre-processing, or divide L1
norm by median absolute deviation of respective features [111, 85, 95], or divide L1 norm by the
range of the respective features [65, 64, 26]. Some papers term proximity as the average distance
of the generated counterfactuals from the input. Lower values of average distance are preferable.
3. Sparsity - Shorter explanations are more comprehensible to humans [84], therefore counterfactuals
ideally should prescribe a change in a small number of features. Although a consensus on hard
cap on the number of modified features has not been reached, Keane and Smyth [67] cap a sparse
counterfactual to at most two feature changes.
4. Counterfactual generation time - Intuitively, this measures the time required to generate counterfactuals. This metric can be averaged over the generation of a counterfactual for a batch of input
datapoints or for the generation of multiple counterfactuals for a single input datapoint.
5. Diversity - Some algorithms support the generation of multiple counterfactuals for a single input
datapoint. The purpose of providing multiple counterfactuals is to increase the ease for applicants
to reach at least one counterfactual state. Therefore the recommended counterfactuals should
be diverse, giving applicants the choice to choose the easiest one. If an algorithm is strongly
enforcing sparsity, there could be many different sparse subsets of the features that could be
changed. Therefore, having a diverse set of counterfactuals is useful. Diversity is encouraged
by maximizing the distance between the multiple counterfactuals by adding it as a term in the
optimization objective [85, 26] or as a hard constraint [107, 64], or by minimizing the mutual
information between all pairs of modified features [76]. Mothilal et al. [85] reported diversity
as the feature-wise distance between each pair of counterfactuals. A higher value of diversity is
preferable.
6. Closeness to the training data - Recent papers have considered the actionability and realisticness
of the modified features by grounding them in the training data distribution. This has been captured
by measuring the average distance to the k-nearest datapoints [26], or measuring the local outlier
factor [63], or measuring the reconstruction error from a VAE trained on the training data [82, 108].
A lower value of the distance and reconstruction error is preferable.
7. Causal constraint satisfaction (feasibility) - This metric captures how realistic the modifications in
the counterfactual are by measuring if they satisfy the causal relation between features. Mahajan
et al. [82] evaluated their algorithm on this metric.
8. IM1 and IM2 - Van Looveren and Klaise [108] proposed two interpretability metrics specifically
for algorithms that use auto-encoders. Let the counterfactual class be t, and the original class be
o. AEt is the auto-encoder trained on training instances of class t, and AEo is the auto-encoder
trained on training instances of class o. Let AE be the auto-encoder trained on the full training
dataset (all classes.)
kxcf − AEt (xcf )k22
(6)
IM 1 =
kxcf − AEo (xcf )k22 + 
IM 2 =

kAEt (xcf ) − AE(xcf )k22
kxcf k1 + 

(7)

A lower value of IM1 implies that the counterfactual (xcf ) can be better reconstructed by the
auto-encoder trained on the counterfactual class (AEt ) compared to the auto-encoder trained on
the original class (AEo ). Thus implying that the counterfactual is closer to the data manifold of the
counterfactual class. A lower value of IM2 implies that the reconstruction from the auto-encoder
trained on counterfactual class and the auto-encoder trained on all classes is similar. Therefore, a
lower value of IM1 and IM2 means a more interpretable counterfactual.
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Some of the reviewed papers did not evaluate their algorithm on any of the above metrics. They only
showed a couple of example input and respective counterfactual datapoints, details about which are
available in the full table (see appendix A).

6

Open Questions

In this section, we delineate the open questions and challenges yet to be tackled by future work in
counterfactual explanations.
Research Challenge 1 Unify counterfactual explanations with traditional “explainable AI.”
Although counterfactual explanations have been credited to elicit causal thinking and provide actionable feedback to users, they do not tell which feature(s) was the principal reason for the original
decision, and why. It would be nice if, along with giving actionable feedback, counterfactual explanations also gave the reason for the original decision, which can help applicants understand the model’s
logic. This is addressed by traditional “explainable AI” methods like LIME [92], Anchors [93],
Grad-CAM [96]. Guidotti et al. [57] have attempted this unification, as they first learn a local decision
tree and then interpret the inversion of decision nodes of the tree as counterfactual explanations.
However, they do not show the counterfactual explanations they generate, and their technique also
misses other desiderata of counterfactuals (see section 3.2.)
Research Challenge 2 Provide counterfactual explanations as discrete and sequential steps of
actions.
Current counterfactual generation approaches return the modified datapoint, which would receive the
desired classification. The modified datapoint (state) reflects the idea of instantaneous and continuous
actions, but in the real world, actions are discrete and often sequential. Therefore the counterfactual
generation process must take the discreteness of actions into account and provide a series of actions
that would take the individual from the current state to the modified state, which has the desired class
label.
Research Challenge 3 Counterfactual explanations as an interactive service to the applicants.
Counterfactual explanations should be provided as an interactive interface, where an individual can
come at regular intervals, inform the system of the modified state, and get updated instructions to
achieve the counterfactual state. This can help when the individual could not precisely follow the
earlier advice due to various reasons.
Research Challenge 4 Ability of counterfactual explanations to work with incomplete—or missing—
causal graphs.
Incorporating causality in the process of counterfactual generation is essential for the counterfactuals
to be grounded in reality. Complete causal graphs and structural equations are rarely available in
the real world, and therefore the algorithm should be able to work with incomplete causal graphs.
Mahajan et al. [82]’s approach works with incomplete causal graphs, but this challenge has been
scarcely incorporated into other methods.
Research Challenge 5 The ability of counterfactual explanations to work with missing feature
values.
Along the lines of an incomplete causal graph, counterfactual explanation algorithms should also be
able to handle missing feature values, which often happens in the real world [52].
Research Challenge 6 Scalability and throughput of counterfactual explanations generation.
As we see in table 1, most approaches need to solve an optimization problem to generate one
counterfactual explanation. Some papers generate multiple counterfactuals while solving optimizing
once, but they still need to optimize for different input datapoints. Counterfactual generating
algorithms should, therefore, be more scalable. Mahajan et al. [82] learn a VAE which can generate
multiple counterfactuals for any given input datapoint after training. Therefore, their approach is
highly scalable.
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Research Challenge 7 Counterfactual explanations should account for bias in the classifier.
Counterfactuals potentially capture and reflect the bias in the models. To underscore this as a
possibility, Ustun et al. [107] experimented on the difference in the difficulty of attaining the provided
counterfactual state across genders, which clearly showed a significant difference in the difficulty.
More work requires to be done to find how equally easy counterfactual explanations can be provided
across different demographic groups, or how adjustments should be made in the prescribed changes
in order to account for the bias.
Research Challenge 8 Generate robust counterfactual explanations.
Counterfactual explanation optimization problems force the modified datapoint to obtain the desired
class label. However, the modified datapoint could be labeled either in a robust manner or due to
the classifier’s non-robustness, e.g., an overfitted classifier. This can generate counterfactuals that
might be non-sensical and have the desired class label only because of the classifier’s artifact. Laugel
et al. [73] term this as the stability property of a counterfactual. This is specifically a challenge
for approaches that solve an optimization problem each time they generate a counterfactual (see
RC6.) We see potential overlap between this nascent literature and the certifiability literature from
the adversarial machine learning community.
Research Challenge 9 Counterfactual explanations should handle dynamics (data drift, classifier
update, applicant’s utility function changing, etc.)
All counterfactual explanation papers we review, assume that the underlying black box does not
change over time and is monotonic. However, this might not be true; credit card companies and
banks update their models as frequently as 12-18 months [7]. Therefore counterfactual explanation
algorithms should take data drift, the dynamism and non-monotonicity of the classifier into account.
Research Challenge 10 Counterfactual explanations should capture applicant’s preferences.
Along with the distinction between mutable and immutable features (finely classified into actionable,
mutable, and immutable), counterfactual explanations should also capture preferences specific to
an applicant. This is important because the ease of changing different features can differ across
applicants. Mahajan et al. [82] captures the applicant’s preferences using an oracle, but that is
expensive and is still a challenge.
Research Challenge 11 Counterfactual explanations should also inform the applicants about what
must not change
If a counterfactual explanation advises someone to increase their income but does not tell that their
length of last employment should not decrease. And the applicant, in order to increase their income,
switches to a higher-paying job may find themselves in a worse position than earlier. Thus by failing
to disclose what must not change, an explanation may lead the applicant to an unsuccessful state [16].
This corroborates RC3, whereby an applicant might be able to interact with an interactive platform to
see the effect of a potential real-world action they are considering to take to achieve the counterfactual
state.
Research Challenge 12 Handling of categorical features in counterfactual explanations
Different papers have come up with various methods to handle categorical features, like converting
them to one-hot encoding and then enforcing the sum of those columns to be 1 using regularization
or hard-constraint, or clamping an optimization problem to a specific categorical value, or leave
them to be automatically handled by genetic approaches and SMT solvers. Measuring distance in
categorical features is also not obvious. Some papers use indicator function, which equates to 1 for
unequal values and 0 if the same; other papers convert to one-hot encoding and use standard distance
metric like L1/L2 norm. Therefore none of the methods developed to handle categorical features are
obvious; future research must consider this and develop appropriate methods.
Research Challenge 13 Evaluate counterfactual explanations using a user study.
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The evaluation for counterfactual explanations must be done using a user study because evaluation
proxies (see section 5) might not be able to precisely capture the psychological and other intricacies
of human cognition on the ease of actionability of a counterfactual.
Research Challenge 14 Counterfactual explanations should be integrated with visualization features.
Counterfactual explanations will be directly interacting with consumers who can have varying
technical knowledge levels, and therefore, counterfactual generation algorithms should be integrated
with visualizations. We already know that visualization can influence behavior [24]. This could
involve collaboration between machine learning and HCI communities.
Research Challenge 15 Strengthen the ties between machine learning and regulatory communities.
A joint statement between the machine learning community and regulatory community (OCC, Federal
Reserve, FTC, CFPB) acknowledging successes and limitations of where counterfactual explanations
will be adequate for legal and consumer-facing needs would improve the adoption and use of
counterfactual explanations in critical software.

7

Conclusions

In this paper, we collected and reviewed 39 papers, which proposed various algorithmic solutions to
finding counterfactual explanations to the decisions produced by automated systems, specifically
automated by machine learning. The evaluation of all the papers on the same rubric helps in quickly
understanding the peculiarities of different approaches, the advantages, and disadvantages of each
of them, which can also help organizations choose the algorithm best suited to their application
constraints. This has also helped us identify the gaps readily, which will be beneficial to researchers
scouring for open problems in this space and for quickly sifting the large body of literature. We hope
this paper can also be the starting point for people wanting to get an introduction to the broad area of
counterfactual explanations and guide them to proper resources for things they might be interested in.
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A

Full Table

Initially, we categorized the set of papers with more columns and in a much larger table. We selected
the most critical columns and put them in table 1. We will provide the full table in the final version of
the paper.

B
B.1

Methodology
How we collected the paper to review?

We collected a set of 39 papers. In this section, we provide the exact procedure used to arrive at this set
of papers. We started from a seed set of papers recommended by other people [82, 85, 90, 107, 111],
followed by snowballing their references.
For an even complete search, we searched for "counterfactual explanations", "recourse", and "inverse
classification" on two popular search engines for scholarly articles, Semantic Scholar and Google
scholar. On both the search engines, we looked for papers published in the last five years. This
is a sensible time-frame since the paper that started the discussion of counterfactual explanations
in the context of machine learning (specifically for tabular data) was published in 2017 [111]. We
collect papers that were published before 31st July 2020. The papers we collected were published at
conferences like KDD, IJCAI, FAccT, AAAI, WWW, NeurIPS, WHI, or uploaded to Arxiv.
B.2

Scope of the review

Even though the first paper we reviewed was published online in 2017, and most other papers we
review cite it Wachter et al. [111] as the seminal paper that started the discussion around counterfactual
explanations, we do not claim that this is an entirely new idea. Communities from data mining [49, 83],
causal inference [88], and even software engineering [23] have explored similar ideas to identify
the principal cause of a prediction, an effect, and a bug, respectively. Even before the emergence
of counterfactual explanations in applied fields, they have been the topic of discussion in fields like
social sciences [84], philosophy [68, 78, 94], psychology [20, 21, 62]. In this review paper, we
restrict our discussion to the recent set of papers that discuss counterfactual explanations in machine
learning, specifically classification settings. These papers have been inspired by the emerging trend of
FATE and the legal requirements pertaining to explainability in tasks automated by machine learning
algorithms.

C

Burgeoning legal frameworks around explanations in AI

To increase the accountability of automated decision systems—specifically, AI systems—laws and
regulations regarding the decisions produced by such systems have been proposed and implemented
across the globe [35]. The most recent version of the European Union’s General Data Protection
Regulation (GDPR), enforced starting on May 25, 2018, offered a right to information about the
existence, logic, and envisaged consequences of such a system [54]. This also includes the right to
not being a subject of an automated decision making system. Although the closeness of this law
to "right to explanation" is debatable and ambiguous [110], the official interpretation by Working
Party for Article 29 has concluded that the GDPR requires explanations of specific decisions, and
therefore counterfactual explanations are apt. In the US, the Equal Credit Opportunity Act (ECOA)
and the Fair Credit Reporting Act (FCRA) require the creditor to inform the reasons for an adverse
action, such as rejection of a loan request [8, 1]. They generally compare the applicant’s feature to the
average value in the population to arrive at the principal reasons. Government reports from the United
Kingdom [2] and France [6, 9] also touched on the issue of explainability in AI systems. In the US,
Defense Advanced Research Projects Agency (DARPA) launched the Explainable AI (XAI) program
in 2016 to encourage research into designing explainable models, understanding the psychological
requirements of explanations, and the design of explanation interfaces [4]. The European Union has
taken similar initiatives as well [3, 5]. While many techniques have been proposed for explainable
machine learning, it is yet unclear if and how these specific techniques can help address the letter of
the law. Future collaboration between AI researchers, regulators, the legal community, and consumer
watchdog groups will help ensure the development of trustworthy AI.
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