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ABSTRACT Anumber of algorithms in the field of artificial intelligence offer poorly interpretable decisions.

To disclose the reasoning behind such algorithms, their output can be explained by means of so-called

evidence-based (or factual) explanations. Alternatively, contrastive and counterfactual explanations justify

why the output of the algorithms is not any different and how it could be changed, respectively. It is of crucial

importance to bridge the gap between theoretical approaches to contrastive and counterfactual explanation

and the corresponding computational frameworks. In this work we conduct a systematic literature review

which provides readers with a thorough and reproducible analysis of the interdisciplinary research field under

study. We first examine theoretical foundations of contrastive and counterfactual accounts of explanation.

Then, we report the state-of-the-art computational frameworks for contrastive and counterfactual explanation

generation. In addition, we analyze how grounded such frameworks are on the insights from the inspected

theoretical approaches. As a result, we highlight a variety of properties of the approaches under study and

reveal a number of shortcomings thereof. Moreover, we define a taxonomy regarding both theoretical and

practical approaches to contrastive and counterfactual explanation.

INDEX TERMS Computational intelligence, contrastive explanations, counterfactuals, explainable artificial

intelligence, systematic literature review.

I. INTRODUCTION

In the last few decades, the field of Artificial Intelligence

(AI) has witnessed major changes. As available computa-

tional resources have grown significantly, AI algorithms are

attracting a significant amount of attention in industry and

research [1].While a great number of such algorithms present

strikingly accurate decisions, their decision-making appara-

tus is frequently left unclear to users of such applications.

In particular, a number of Machine Learning (ML)-based

algorithms are often perceived as ‘‘black-box’’ algorithms

because they are overloaded with millions of hardly inter-

pretable parameters to be optimized at the training stage. This

fact makes the algorithm’s output hard to explain. A lack of

The associate editor coordinating the review of this manuscript and
approving it for publication was Francesco Piccialli.

the ability to explain such automatic decisions undermines

users’ trust and hence decreases usability of such systems [2].

Furthermore, it prevents users from a responsible exploita-

tion of their decisions [3]. In addition, many of the existing

eXplainable AI (XAI1) methods provide summaries of auto-

matically made predictions rather than true explanations [4].

As a result, the need to motivate automatic decisions with a

clear explanation of why the algorithm outputs a particular

decision has made the XAI research field grow quickly [5].

Since the number of high-stakes AI applications found

in daily life increases, the requirements to their explana-

1XAI stands for eXplainable Artificial Intelligence. This acronym was
made popular by the USA Defense Advanced Research Projects Agency
when launching to the research community the challenge of designing
self-explanatory AI systems (https://www.darpa.mil/program/
explainable-artificial-intelligence).

11974
This work is licensed under a Creative Commons Attribution-NonCommercial-NoDerivatives 4.0 License.

For more information, see https://creativecommons.org/licenses/by-nc-nd/4.0/ VOLUME 9, 2021

https://orcid.org/0000-0002-4508-7555
https://orcid.org/0000-0003-3673-421X
https://orcid.org/0000-0002-3677-672X
https://orcid.org/0000-0002-1982-2472
https://www.darpa.mil/program/explainable-artificial-intelligence
https://www.darpa.mil/program/explainable-artificial-intelligence


I. Stepin et al.: Survey of Contrastive and Counterfactual Explanation Generation Methods for Explainable AI

tory capacity increase accordingly. This also provokes the

introduction of regulations and laws concerned with expla-

nation requirements for AI-based applications. For instance,

the need for explaining reasoning mechanisms behind such

applications is now legally regulated in the European Union

by means of the General Data Protection Regulation.2

According to these legal provisions, the data subject must

be provided with ‘‘meaningful information about the logic

involved’’ in the automatic decision making process, which is

commonly referred to as the ‘‘right to explanation’’ [6]. Thus,

an AI application is expected not only to provide accurate

decisions but also to justify them in a comprehensive manner

to end-users.

The goal of approaching human-centric AI has led towards

a deeper research on the nature of explanation. However,

no agreement about a definition of explanation has been

reached despite the fact that explanation has called a signif-

icant amount of attention in, e.g., philosophy of science [7],

[8]. In its most general form, explanation is normally treated

as ‘‘an answer to the question of why something is the case’’

[9]. In the context of AI, it often bases on judgments about

why a certain outcome is predicted by an AI algorithm and

hypotheses about causes with respect to given effects [10].

The need of generating more human-like explanations has

attracted AI researchers’ attention to particular properties of

explanation as well as its sub-types [11]. Thus, it appears

particularly challenging to explain a given algorithm’s output

in terms of reasonable yet non-occurring alternatives given a

possibly infinite set of such options. Furthermore, this can be

enhanced with the ability of suggesting relevant changes in

the input so that the algorithm outputs a different decision.

Given a rising interest towards these types of explanation

(referred to as contrastive and counterfactual, respectively)

within the XAI community, it is of crucial importance to

review the existing theoretical accounts of contrastive and

counterfactual explanation as well as state-of-the-art compu-

tational frameworks for automatic generation thereof. Thus,

the aim of this study is to fulfill the next three objectives:

(1) to scrutinize theoretical works on the contrastive and

counterfactual accounts of explanation; (2) to summarize

state-of-the-art methods in the field of automatic explanation

generation thereof; and (3) to discuss a degree of synergy

between the revised theories and their related up-to-date

implementations.

The rest of the manuscript is organized as follows.

Section II introduces the notions of contrastive and coun-

terfactual explanation as well as their main application

areas. Section III presents the terminology used through-

out the review, poses the research questions, and describes

the methodology employed to address the given questions.

Section IV presents the main findings collected within the

present survey and the emerging taxonomy thereof. Section V

discusses peculiarities of the existing theoretical and compu-

2https://eur-lex.europa.eu/legal-content/EN/TXT/?uri=CELEX:
02016R0679-20160504

tational frameworks of contrastive and counterfactual expla-

nation. Finally, we conclude in Section VI.

II. BACKGROUND

A. CONTRASTIVE EXPLANATION

Findings on explanation accumulated in humanities and

social sciences show that it is intrinsically contrastive [11].

The property of contrastiveness presupposes that an expla-

nation answers the given why-question regarding the cause

of the event in question (‘‘Why did P happen?’’) in terms of

hypothesized non-occurring alternatives (‘‘Why didP happen

rather than Q?’’) [12]. Thus, supporters of the pragmatic

approach to explanation argue that it is exactly the ability

to distinguish the answer to an explanatory question from

a set of contrastive hypothesized alternatives that provides

the explainee with sufficiently comprehensive information on

the reasoning behind the question [13]. This approach is also

claimed to set a minimum criterion that an explanation must

fulfill: it must favor the probability of the observed event P

to all the hypothetical alternatives (Q1,Q2, . . . ,Qn) [14].

Contrastive explanation is among influential topics in cog-

nitive science [15]–[17]. Thus, contrastive explanations are

claimed to be inherent to human cognition [16]. Indeed,

we are used to question those decisions that we once made,

especially if such decisions or coinciding circumstances

resulted in tragic events [18].

In addition, contrastive reasoning forms the basis of abduc-

tive inference [19], i.e., the process of inferring certain facts

that render some observation plausible [20]. In other words,

a given observation can be explained on the basis of the most

likely among a pool of competing hypotheses [21].

B. COUNTERFACTUAL EXPLANATION

Given the property of contrastiveness, it is possible to imagine

explanatory alternatives to how things would stand if a differ-

ent decision had been made at some point. They can serve to

explain potential consequences of such contrastive non-taken

alternative decisions. In this case, the mind is assumed to

construct and compare mental representations of an actually

happened event and that of some event alternative to it [22].

Cognitive scientists refer to such mental representations of

alternatives to past events as counterfactuals (‘‘contrary-to-

fact’’) [15]. The process of ‘‘thinking about past possibili-

ties and past or present impossibilities’’ is therefore called

counterfactual thinking [23]. Alternatively, the combination

of imagining an alternative scenario in relation to the one that

actually happened and the exploration of its consequences

is referred to as counterfactual reasoning [24]. In addition,

counterfactual reasoning is claimed to be a key mechanism

for explaining adaptive behavior in a changing environment

[25], [26].

Counterfactuals describe events or states of the world that

did not occur and implicitly or explicitly contradict factual

world knowledge [27]. Formulated in natural language, coun-

terfactuals are usually presented in the form of conditional
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statements. Broadly speaking, they contain: (1) an antecedent

describing an outcome alternative to an actual event; (2)

a consequent describing (a set of) consequences, had the

antecedent been the case; and (3) a binary counterfactual

dependency relation between them. Thus, Grahne defines

a counterfactual to be a conditional statement where the

antecedent ‘‘can contradict the current state of affairs, or our

current knowledge thereof’’ [28]. However, despite a gen-

eral agreement on structural properties of counterfactuals,

existing interpretations of counterfactual conditionals still

compete. As such, further constraints imposed on their struc-

ture differ depending on the approach adopted. According to

Ginsberg [29], a counterfactual is a conditional statement of

the form ‘‘If P, then Q’’ where P is ‘‘expected to be false’’.

Aumann limits a counterfactual to be a conditional with a

false antecedent only [30]. In contrast, Spohn argues that both

the antecedent and the consequent of a counterfactual must

be false [31]. All in all, counterfactual conditional statements

are claimed to enable people to produce utterances that are

factually false yet truthful irrespective of the interpretation

adopted [32].

A line of research devoted to modeling human counterfac-

tual reasoning has been thoroughly investigated in computer

science. Thus, counterfactual reasoning in computer science

is defined as the process of evaluating conditional claims

about alternative possibilities and their consequences [33].

It is argued to be valid arising from antecedents that are

true in a hypothetical model but false in reality [34]. In this

setting, the truth of a counterfactually inferred statement is

resolved by: (1) modeling a situation where the smallest

possible change in features of the actual world (as set in the

antecedent) leads to a different (possibly, desired) state of

things (the so-called ‘‘closest’’ or ‘‘nearest’’ possible world);

and (2) estimating what is true in that setting [35].

Moreover, counterfactuality is among the most fundamen-

tal concepts in theories of causation [36], [37]. Indeed, coun-

terfactuals are argued to represent a causal relation between

the event happened in reality and its imaginary counterpart.

A counterfactual definition of a cause of an arbitrary event

traces back to Hume [38]. According to him, a cause is

an object (antecedent) that justifies the existence of another

object (consequent) which it is followed by: ‘‘If the first

object had not been, then the second never had existed’’.

Therefore, once a causal connection between the antecedent

and the consequent is established, a counterfactual condi-

tional can be generalized to be a conditional claim about an

alternate possibility and its consequences of the form ‘‘If X

were to occur, then Ywould (or might) occur’’ [33]. Similarly,

Kment applies a similarity-based approach between possible

worlds to formulate a general account of counterfactuals [39]

driven by a non-epistemic interpretation of explanation (i.e.,

factors that serve as reasons for some fact to obtain are

responsible for that fact).

The conditional structure of counterfactual statements gave

rise to a probabilistic account of such statements. Thus, Pearl

extended the definition of the causal counterfactual to esti-

mate the probability of the truth of the consequent caused by

the antecedent (‘‘a probability statement about the truth of

y, had x been true, when it is known that y had been false

when x was false’’) [37]. This approach to counterfactuals

motivated a number of experiments on the existence of the

relation between counterfactuals and conditional probability.

In support of this assumption, Over et al. [40] showed the

existence of connection between counterfactuals and con-

ditional probability, as they experimented with probability

judgments about counterfactuals. Thus, they proposed that

the subjective probability of the counterfactual at the present

time is the same as the conditional probability P(y|x) at some

earlier time. Twenty-six subjects were asked to estimate the

probability of truth of thirty-two counterfactual conditionals

with both affirmative and negative antecedents and conse-

quents. Their findings point to a strong correlation between

the probability of the counterfactual conditional and causal

strength judgments. On a similar note, Edgington regarded

counterfactual judgments as uncertain conditional statements

and therefore evaluated them by estimating their conditional

probability given some endorsing event [41].

C. DISTINCTION BETWEEN CONTRASTIVE AND

COUNTERFACTUAL EXPLANATION

It is important to note that some researchers tend to either

collapse or intentionally distinguish contrastive reasoning

from counterfactual reasoning despite their conceptual sim-

ilarity. For instance, Lombrozo treated counterfactual and

contrastive explanations as equivalent assuming hypothe-

sized events non-occurred in reality to be ‘‘counterfactual

cases’’ where a subset of these cases forms a contrastive

explanation [10]. In contrast, McGill and Klein distinguished

contrastive reasoning from its counterfactual counterpart

[42]. According to them, contrastive reasoning is concerned

with situations where different target situations are analyzed

(‘‘What made the difference between the employee who

failed and the employees who did not fail?’’). On the other

hand, counterfactual reasoning is claimed to deal with cases

where the antecedent is altered to account for changes in

the outcome (‘‘Would the employee have failed had she not

been a woman?’’). Alternatively, Fang et al. [43] referred

to contrastive reasoning as a procedure operating on ‘‘but-

statements’’, as in ‘‘all cars are polluting, but hybrid cars are

not polluting’’, which serves a principally different explana-

tion generation task in comparison with the other aforemen-

tioned approaches.

D. CONTRASTIVE AND COUNTERFACTUAL EXPLANATION

IN THE CONTEXT OF XAI

The stochastic nature of predictions made by various AI

algorithms is claimed to be among the main obstacles in

reaching a true explanation [44]. Research on automatic

contrastive and counterfactual explanation generation shows

a number of considerable observations that help overcome

this issue. Thus, empirical studies prove that incorporating

contrastiveness improves the quality of explanations offered
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to the end-user [45]. Furthermore, contrastive explanations

can be used to personalize human-machine interaction when

a user is engaged in an explanatory dialogue with an AI

application. Thus, they can be employed with the aim of

adjusting the contents of the explanation for the algorithm’s

output in accordance with the user’s preferences [46]. Finally,

the ability to explain a decision contrastively is claimed to

lead to responsible decision-making [47].

It is important to note that contrastive explanations point

to the difference between the actual and a hypothetical deci-

sion. On the other hand, counterfactual explanations specify

necessary minimal changes in the input so that a contrastive

output is obtained. However, these terms are sometimes used

interchangeably in the context of XAI [48], [49].

Various families of techniques have been proposed to

generate contrastive and counterfactual explanations of AI

algorithm output. In the context of XAI, an explanation for an

automatic decision or prediction, treated as an observation,

can be obtained abductively by attempting the search prob-

lem over the set of the known information concerning that

observation [50]. Alternatively, counterfactual explanation is

widely addressed in the paradigm of case-based reasoning,

i.e., a family of problem solving methods based on appeals

to precedent solutions. In this setting, generating the most

suitable counterfactual may be viewed as a search problem

where the most similar precedent is looked for among those

making part of the case database [14]. Furthermore, Keane

et al. argue that applying case-based reasoning techniques

for generating counterfactuals increases their explanatory

competence [51].

Counterfactual explanations are normally considered con-

trastive by nature and therefore present a source of valuable

complementary information to a given automatic predic-

tion [52]. For instance, a counterfactual explanation of an

ML-based algorithm prediction may describe ‘‘the small-

est change to the feature values that changes the predic-

tion to a predefined output’’ [53]. An important advantage

of counterfactual explanations over their non-counterfactual

analogs is that they are devoid of any prerequisites to the

data or model. Indeed, counterfactual explanations are data-

agnostic as they can be based on the features of the neigh-

bouring data examples extracted from the same training set

and/or on the data generated synthetically around the data

instance in question. In addition, counterfactual explanations

are, in principle, model-agnostic, as they are suitable to

explain the output of any black-box algorithm in a post-hoc

manner.

Whereas counterfactual explanation generation is con-

cerned with a number of technical challenges, it also requires

to take into account several ethical aspects. For instance,

their use is expected to be safe (revealing model’s internals

through counterfactuals may lead to model stealing) [54], fair

(discriminatory explanations should be avoided) [55], action-

able (suggested changes in the input should be feasible) [56],

and accountable (ensuring responsibility for the explanations

provided) [57].

III. METHODOLOGY

The present survey has been undertaken as a systematic lit-

erature review following the guidelines by Kitchenham and

Charters [58], Kitchenham et al. [59], and Wohlin [60]. The

background notation necessary to follow the findings of the

review is specified in Section III-A.

In short, the study comprises three phases as established in

the research method by Kitchenham and Charters [58]: (1)

planning the review procedure; (2) conducting the review;

and (3) reporting the results. During the first phase, three

research questions (RQ1, RQ2, and RQ3) were specified

(see Section III-B). Subsequently, we determined a search

strategy to retrieve primary studies, i.e., we collected all

the relevant publications investigating the research ques-

tions (see Section III-C). Then, we developed inclusion and

exclusion criteria (see Section III-D) in order to select the

studies relevant for this article. When the same publication

was retrieved from multiple sources, all-but-one instances

of the publication (duplicates) were discarded. In addition,

we identified and added manually other relevant publica-

tions extracted from the bibliography lists of the previously

selected manuscripts to ensure a maximum coverage of the

related subject areas. It is worth noting that this additional

procedure is informally known as snowballing [60]. Finally,

we extracted and synthesized the data necessary to address

the research questions (see Section III-E).

A. PRELIMINARY TERMINOLOGY

As has been shown in Section II, contrastive and counterfac-

tual explanations presuppose a diverse nature across various

application domains. Hence, let us now define the general

terms used henceforth in this manuscript. As we are primarily

concerned with explainability of AI algorithms, we define

explanation in terms of the observed output of such an algo-

rithm. Thus, we regard an explanation as a non-empty set of

pieces of information justifying the given algorithm’s output

for an input data instance. The explanation for the given

output on the basis of the features of the input data instance

is deemed as factual. An explanation opposing the actual

outcome to one of possible other outcomes is considered to be

contrastive (e.g., ‘‘The data instance is of class A and not B

because . . . ’’). An explanation containing instructions on how

the output could have been changed constitutes a counterfac-

tual explanation (e.g., ‘‘The data instance would be of class B

if . . . ’’). Explanations exhibiting patterns of both contrastive

and counterfactual explanation are deemed to be contrastive-

counterfactual explanations (e.g., ‘‘The data instance is of

class A and not B because . . . . However, it would be of class

B if . . . ’’).

We distinguish between contrastive and counterfactual

explanation throughout the rest of the manuscript if and

only if only one of these two terms is used in the given

primary study. In contrast, we unify the notions of counterfac-

tual and contrastive explanation introducing the term ‘‘con-

tfactual explanation’’ or ‘‘contfactual’’ to identify potential

similarities and differences of both types of explanation
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within a broader scope of literature. This term is used here-

after wherever both terms for contrastive and counterfactual

explanation can be used interchangeably. The terms ‘‘con-

trastive explanation’’ and ‘‘counterfactual explanation’’ are

only used when they are found in the corresponding study and

cannot be used interchangeably in the given context. Notice

that the term ‘‘contfactual explanation’’ is not equivalent

to ‘‘contrastive-counterfactual explanation’’ but covers both

independently used types of explanation as well as their

fusion.

A theoretical framework providing justification and a rea-

soning mechanism for obtaining a contfactual explanation is

regarded as a theory of contfactual explanation. Altogether,

we use the term contfactual explanation generation to refer

to the process of automatic composition of contfactual expla-

nations for a given output of an AI algorithm in the form of

a complementary piece of information associated to a factual

explanation.

B. RESEARCH QUESTIONS

In order to reach the three objectives of the study as formu-

lated in Section I, the following three research questions were

specified:

• RQ1: How are contfactual explanations defined in the

literature?

• RQ2: What are the state-of-the-art methods of contfac-

tual explanation generation?

• RQ3: How grounded are the state-of-the-art contfac-

tual explanation generation methods on the theoretical

approaches to contfactual explanation?

C. SEARCH STRATEGY

We selected the digital libraries Scopus and Web of Science

(WoS) to retrieve relevant publications from. These libraries

do not only include research publications in computing but

also index studies across all scientific fields, which allows

for an objective analysis of the interdisciplinary literature

relevant to the research questions posed.

Subsequently, we performed six queries over the title,

abstract, and author keywords in the aforementioned libraries

(see the overall structure of the query pipeline in Fig. 1).

It is worth noting that the proximity operator NEAR is used

following theWoS notation whereas the equivalent proximity

operator W is used for the same queries in Scopus. The

following search strings were used for querying the digital

libraries:

q1 = counterfactual* W/3 expla*

q2 = contrastive* W/3 expla*

q3 = q1 OR q2
q4 = q3 AND (defin* OR theor* OR infer* OR implic*)

q5 = q3 AND (generat* OR implement* OR framework*

OR develop* OR software* OR model* OR artificial intel-

ligence OR AI) AND SUBJAREA(Computer Science OR

Mathematics OR Engineering)

q6 = q4 AND q5

FIGURE 1. A pipeline of the queries executed. The queries found in the
dashed area are considered preparatory to those directly addressing the
research questions.

The search was performed on October 2nd , 2020. The

search web tools of the selected digital libraries allow

researchers to reproduce the original study. Furthermore, their

use guarantees performing equivalent queries across both

libraries. In order to capture all relevant publications, we only

used the corresponding word-stems to allow for maximal

diversity of the retrieved papers. For instance, the search item

‘‘expla*’’ was used to cover all publications containing such

word-forms as ‘‘explanation’’, ‘‘explaining’’, ‘‘explanatory’’,

and so on and so forth.

Queries q1 and q2 embrace all the up-to-date publica-

tions containing mentions of counterfactual and contrastive

explanation, respectively, found across all subject areas.

In addition, we used a window span of three words (i.e.,

‘‘NEAR/3’’) to ensure that the attributes ‘‘counterfactual’’

and ‘‘contrastive’’ relate to explanation. The resulting sets of

publications were then unified (q3).

Subsequently, the preprocessed collection of publications

was split into two overlapping subsets aiming to distinguish

the publications covering theoretical accounts of contfactual

explanation with the aim of extracting the related defini-

tions, theories (or their inferences or implications) (q4) and

existing computational frameworks for contfactual expla-

nation generation (q5). The terms ‘‘definition’’, ‘‘theory’’,

‘‘inference’’, and ‘‘implication’’ as well as their correspond-

ing word-forms (q4) were expected to appropriately limit

the pool of the unified set of publications with the aim of

retrieving definitions as required for addressing RQ1. Sim-

ilarly, we used the terms ‘‘generation’’, ‘‘implementation’’,

‘‘framework’’, ‘‘development’’, ‘‘software’’, ‘‘model’’, and

their corresponding word-forms (q5) to retrieve publica-

tions concerning contfactual explanation generation frame-

works. In addition, the terms ‘‘artificial intelligence’’ and

‘‘AI’’ were used to ensure retrieving relevant AI-related pub-

lications. Since RQ2 addresses purely technical issues of
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state-of-the-art implementations of such tools, we further

imposed an additional restriction on q5 so that it would

return only publications from such subject areas as computer

science, mathematics, and engineering. Last but not least,

the findings from q4 and q5 were merged to examine the

connection between the existing theories of contfactual expla-

nation and frameworks for automatic contfactual explanation

generation in the context of XAI (q6).

It is important to note that publications retrieved as a

result of q4 form an exhaustive set of papers address-

ing RQ1. Similarly, publications obtained as a result of

q5 address RQ2. Finally, the papers that q6 returned

address RQ3.

D. INCLUSION AND EXCLUSION CRITERIA

The publications retrieved during the initial search were sub-

sequently inspected on the basis of the following inclusion

and exclusion criteria. To address the epistemology of con-

tfactual explanation, we filtered the retrieved publications

to include in the collection of primary studies only those

satisfying the following criteria: (1) a publication proposes

a contrastive or counterfactual or contrastive-counterfactual

approach to explanation or (2) it contains a clearly formulated

definition of counterfactual or contrastive explanation refer-

ring to other publications in the corresponding field. In order

to capture existing computational frameworks for contfactual

explanation generation, we included publications that: (1)

present a novel approach, method, or framework for contfac-

tual explanation generation whose output can serve to explain

the reasoning of an AI algorithm and (2) are found in such

subject areas as computer science, mathematics, engineering

as well as in their sub-fields.

In contrast, we excluded duplicate reports of the same

studies appeared in both Scopus and WoS. As for the pub-

lications related to RQ1, we also removed: (1) the studies

whose contents did not introduce any contfactual theory of

explanation or (2) those containing no formal or informal

definition of contrastive or counterfactual or contrastive-

counterfactual explanation. As for the publications related

to RQ2, we discarded: (1) the publications which were

not related to AI algorithms or applications as well as

(2) those where the proposed framework did not pro-

vide any human-comprehensible contfactual explanations as

output.

E. DATA EXTRACTION AND SYNTHESIS

Table 1 shows the number of publications retrieved after each

independent query, duplicates found among them in Scopus

and WoS, as well as Candidate Primary Studies (CPS). Note

that the numbers of duplicates indicated in Table 1 refer

only to within-query duplicates, i.e., the same publications

retrieved from Scopus and WoS for the given single query.

Recall that q4 and q5 exhaustively cover all the three research

questions. Hence, the numbers of CPS are calculated as a sum

of the publications retrieved after q4 and q5. Furthermore,

CPS are reduced by the number of publications addressing

TABLE 1. Numbers of publications retrieved after each single query as
well as those forming the pool of candidate primary studies. The numbers
of publications making part of the primary studies are highlighted in bold.

FIGURE 2. A flow diagram of the primary study selection on the basis of
queries q4 and q5 (n is the number of publications at each stage).

RQ3 because they are found in both sets of publications

collected for RQ1 and RQ2 and are therefore duplicates.

Fig. 2 displays the flow diagram of the primary study

selection. A sum of 338 publications (207 from Scopus and

131 fromWoS) made up the collection of CPS addressing the

research questions. 107 within-query duplicates were identi-

fied and removed from further analysis. In addition, 29 more

duplicates were excluded when merging the sets of publica-

tions retrieved after q4 and q5. All in all, 136 duplicates were

removed.

The title, abstract, and author keywords of each candidate

primary study were screened to discard the studies irrele-

vant to the research questions posed. As shown in Fig. 2,

75 publications were deemed irrelevant and filtered out at this

stage. A deeper analysis of the remaining 127 publications
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FIGURE 3. A taxonomy of contfactual explanation emerging from our systematic literature review.

TABLE 2. The exhaustive list of all the primary studies in relation to each
research question.

enforced us to discard 33 studies which did not satisfy the

inclusion criteria. Finally, 19 papers were added to the review

upon inspecting the bibliography of the primary studies. As a

result, 113 unique publications formed the exhaustive pool of

primary studies.

Table 2 presents the list of primary studies selected for the

review. Thus, a collection of 74 out of 113 (65.49%) origi-

nal primary studies were found to formulate definitions for

contfactual explanation and/or address theoretical accounts

thereof (RQ1). In addition, 52 out of 113 (46.02%) publi-

cations describe frameworks (or extensions of other frame-

works) for contfactual explanation generation (RQ2). Note

that 13 out of 113 (11.50%) primary studies were found to

address both RQ1 and RQ2 and therefore answer RQ3.

The following data were extracted from each primary

study: title, authors, year of publication, author keywords.

In addition, all publications related to RQ1 were read to ana-

lyze contfactual theories of explanation and, subsequently,

extract the sought-for definitions of contfactual explanation.

As RQ2 concerned a broader number of technical character-

istics of contfactual explanation frameworks, we additionally

extracted the following information: (1) the problem that the

retrieved framework aims to solve; (2) the method proposed

for contfactual explanation generation; (3) the form of output

explanation (for instance, textual or visual); and (4) the cor-

responding evaluation methods. Based on the data extracted

from the primary studies, the publications were grouped and

classified in accordance with the aforementioned criteria.

IV. RESULTS

Prior to answering the research questions, we carried out a

bibliometric analysis over the results of the general indepen-

dent queries on counterfactual and contrastive explanation (q1
and q2, respectively) as well as their union (q3). We report

the results of the bibliometric analysis in Section IV-A. The

findings related to the theoretical accounts of contfactual

explanation (RQ1) are presented in Section IV-B. The analy-

sis of the computational frameworks for contfactual explana-

tion generation (RQ2) can be found in Section IV-C. Finally,

the publications describing theoretically grounded computa-

tional frameworks (RQ3) are reported in Section IV-D.

An emerging taxonomy of contfactual explanation frame-

works is depicted in Fig. 3 and forms the core of the results

discussed in the rest of the manuscript.

A. BIBLIOMETRIC ANALYSIS

The bibliometric analysis over the queries q1, q2, and q3
allows us to obtain a big picture of the research area of cont-

factual explanation generation and spot its key characteristics.

To illustrate the state of affairs within the field, we report

annual scientific production and maps of author keywords

revealing the main problem-specific notions. The reference
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FIGURE 4. The map of author keywords for the q1 publications.

FIGURE 5. Annual scientific production for the publications retrieved
after q1 (the red line), q2 (the blue line), and q3 (the green line).

manager Mendeley was used to filter out duplicate publica-

tions. In addition, we utilized the tool VOSViewer [162] to

generate the author keyword maps.

It can be seen that contfactual explanation appears to attract

an increasing attention across all subject areas in the past two

decades. Furthermore, Fig. 5 shows a rapid rise in the number

of publications in the past three years. It is worth noting that

the number of publications in 2020 is limited to the search

date.

Author keyword maps allow us to present an overview of

the terms most relevant to those specified in the preparatory

queries (q1, q2, and q3). For illustrative purposes, non-linked

keywords were deemed to be outliers and filtered out from

the analysis. Table 3 shows the overall number of keywords

as well as that of linked keywords for each preparatory query.

TABLE 3. Numbers of linked and non-linked keywords in the preparatory
query results (q1, q2 and q3).

Fig. 4 shows a graph containing the most popular author

keywords for counterfactual explanation. It can be concluded

that counterfactual explanation is often investigated in the

context of causation (pay attention to such keywords as ‘‘cau-

sation’’, ‘‘causal inference’’ or ‘‘causal models’’) as well as

cognitive science (as reflected by the keywords ‘‘imagina-

tion’’, ‘‘reasoning’’, etc.) and AI (‘‘machine learning’’, ‘‘data

models’’, ‘‘black-boxmodels’’). Similar notions are observed

to be essential for contrastive explanation (see Fig. 6). How-

ever, a distinction between different clusters in the latter case

is visible more clearly. This is hypothesized to be due to a

more diverse usage of the term ‘‘contrastive explanation’’

across various scientific areas.

A stronger impact of counterfactual explanation in the

results of the joint query q3 appears to affect significantly

the overall allocation of the related keywords in the corre-

sponding keyword map (see Fig. 7). The keywords identified

in the studies related to q3 testify that the issue of contfactual

explanation is highly interdisciplinary and finds application

in both humanities and natural sciences.

B. CONTFACTUAL EXPLANATION AS DEFINED IN RELATED

THEORIES (ANSWER TO RQ1)

As presented in Section II, the surface form of contfactual

explanation is found to preserve the same syntactic structure
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FIGURE 6. The map of author keywords for the q2 publications.

FIGURE 7. The map of author keywords for the q3 publications.

in general. However, a major factor discerning theoretical

approaches to contfactual explanation is found to consist

in their relation to causation. As will be shown below,

several accounts of contfactual explanation presuppose a

causal nature and establish a causal contfactual dependency

between the phenomenon to be explained and the expla-

nation itself. In contrast, other theoretical frameworks seek

purely non-causal dependencies in explanation. In addition,

several researchers attempt to unify causal and non-causal

contfactual explanation under the same paradigm. Hence,

we distinguish three main groups of contfactual explana-

tion that encompass all the retrieved primary studies: causal,

TABLE 4. A classification of approaches defining contfactual explanation.

non-causal, and hybrid. The exhaustive list of the retrieved

publications in accordance with the suggested taxonomy is

presented in Table 4 and discussed further in the following

sections.

Remind that contfactual explanation embraces contrastive,

counterfactual, and contrastive-counterfactual explanation.

Each type of contfactual explanation is present in the find-

ings, causal counterfactual making up a majority of the con-

sidered theoretical frameworks (see Fig. 8). Hence, we ana-

lyze each contfactual explanation type independently in terms

of causality in this section to draw a comparison between

different approaches. In addition, we consider (1) the issue

of quantitative evaluation of causality for causal contfactuals

as reflected in specific primary studies and (2) different sub-

categorizations of causal, non-causal, and hybrid contfactual

explanation.

1) CAUSAL CONTFACTUAL EXPLANATION

• Causal contrastive explanation is frequently found

to be designed as an answer to a why-question of

the following canonical form: ‘‘Why P rather than

Q?’’ where P is an explanandum (i.e., the fact to be

explained), Q being a foil (i.e., one of alternative non-

occurring options) [21]. Lipton introduces the notion of
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FIGURE 8. Numbers of identified theoretical contfactual explanation
frameworks with respect to causality.

‘‘difference condition’’: the contrast between the fact

and the foil is explained by identifying the cause of the

fact and proving the absence of the corresponding cause

of foil [103]. Following Lipton [103], Kean redefines

a contrastive explanation to be the difference between

the causal explanations for the question and the contrast

[93]. Barnes further requires that ‘‘P and Q be culmi-

nating events of a single type of natural causal process’’

[63]. Similarly, Day and Botterill introduce the concept

of differential inference, i.e., a form of inference based

on contrastive explanation that ‘‘can be used in order to

generate causal hypotheses’’ [77].

Van Fraassen formalizes a contrastive question to be the

triple 〈P,X ,R〉 where P is a topic (explanandum), X

is a contrast space or contrast-class (i.e., a set of alter-

native answers to the given question), and R being the

corresponding relevance criteria [13]. Then, the answer

to a why-question must differentiate the topic from the

contrast space. Contrarily, Chien excludes the contrast

class when taking contrastive explanation as a model for

scalar implicature [75].

Hitchcock generalizes the notion of contrastive expla-

nation over all explanations bearing contrastive stress

irrespective of their syntactic structure [88]. Con-

versely, Aguilar-Palacios et al. oppose the alternative

explanation-seeking question ‘‘Why P rather than Q?’’

to the congruent question ‘‘Why P but Q?’’ [61]. This

formulation of the question generalizes the explanation

to justify why some fact P occurs in the current situation

whereas some foilQ occurred in different circumstances

with the aim of establishing a cause and effect rela-

tion between the fact and the foil. Similarly, Tsang and

Ellsaesser claim that a contrastive explanation should

point to the importance of identifying the most relevant

factors differing the causal histories of the fact and the

foil where both fact and foil must be true [124].

Contrastive explanations may not only concern the

explanandum but also the answers to contrastive ques-

TABLE 5. Counterfactual explanation theories reflected in the primary
studies.

tions (often referred to as explanans). Thus, Sober

stresses that the question of whether some hypothesis

H explains why a non-contrastive proposition E is true

is ‘‘incomplete until H is contrasted with an alternative

hypothesis’’ [119]. In addition, the canonical forms of

the contrastive question and the corresponding explana-

tory answer (i.e., the core of contrastive explanation)

have raised a number of epistemological concerns in

philosophy of science. For instance, Dickenson refor-

mulates the contrastive explanation-seeking question to

be: ‘‘What explains how it is possible that an agent can

act on R1 other than R2, given that R2 is present?’’ [78]

(where reason R1 is the cause of some action and R2
is not). The notion of contrastive explanation is further

developed in the agent-causal theory of free will. Thus,

contrastive explanation is applied to agent’s decision-

making (i.e., why the agent makes a choice refraining

from an alternative choice) [82], [101].

Campbell redefines a contrastive explanation in terms of

the so-called ‘‘structuring causes’’, i.e., the traits of the

structure of the causal system that trigger actual causes

of some event to happen [73]. A cause of this kind is

responsible for the connection between the types C and

M in a system S. A contrastive explanation thus explains

why a system S is claimed to be ‘‘wired’’ in such a

way that an internal state of type C regularly causes

a movement of type M . Similarly, Kim et al. regard

contrastive explanation as a constraint for a system to

be satisfied by a specific set of plan traces [94].

Finally, Boulter illustrates the use of contrastive expla-

nations to distinguish between actual and non-actual bio-

logical forms [70]. Claiming all explanations in biology

to be causal, the researcher introduces the following

template for a causal relation in contrastive explanation:

‘‘c1 rather than c2 or c3 or cn causes e1 rather than

e2, or e3 or en’’ leaving contrasting causes implicit.

• Causal counterfactual explanation. Most of the con-

sidered studies on causal counterfactual explanation

relate to either of the four theoretical milestones: Lewis-

Stalnaker’s theory of closest possible worlds [36], [120],

Pearl’s Structural Causal Models (SCM) [37], Wood-

ward’s Counterfactual Theory of Explanation (CTE)

[125], or the Neyman-Rubin Causal Model (NRCM)

[107], [115] (see Table 5).

The Lewis-Stalnaker approach codifies a counterfactual

conditional as a logical proposition where the antecedent
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and the consequent are connected by means of the

‘‘might’’- or ‘‘would’’-conditional operator. Exploiting

the mechanism of possible world semantics, the truth-

fulness of a counterfactual is assessed by assigning to it

a binary truth-value in accordance with its proximity to

the world in question.

Following this approach, Kutach defines counterfactu-

als in natural language to be ‘‘propositions obeying a

logic whose semantics is given in terms of a compar-

ative similarity relation among possible worlds’’ [99].

Similarly, Strohminger and Yli-Vakkuri assume that the

counterfactual modus ponens preserves truth-functional

possibility (‘‘If it is possible that p and p counterfactually

implies q, then it is possible that q’’) [123] where p

is a logical proposition and q is a conjunction of such

propositions.

Briggs extends the Lewis-Stalnaker model by apply-

ing causal modeling language to comprise logically

complex antecedents [72]. Schweder considers a coun-

terfactual to be an implicit claim within the explana-

tory answer to an explanation-seeking question [117].

In addition, Pruss and Rasmussen take into account

antecedents that are not necessarily ‘‘contrary-to-fact’’

and define a counterfactual to be a contingent proposi-

tion establishing a causal connection between a specific

description of the circumstances of a choice and a report

of an action in such circumstances [109].

Pearl’s SCMoperates on a predefined causalmodelM =

〈U ,V , F〉 consisting of sets of background variables

determined by factors outside the model (U ) and within

it (V ) and a set of functions F = {fi | 1 ≤ i ≤ n}

mapping from U ∪ (V \ Vi) to Vi, that associates each

variable Vi with all the variables from U and V . Given

a set of variables X ∈ V and a causal submodel Mx =

〈U ,V , Fx〉 so that Fx = {fi : Vi /∈ X} ∪ {X = x} and

by defining a minimal change in M required to make

a selected variable X = x (X ∈ V ) hold true under

any u ∈ U , a causal counterfactual is formally defined

as the solution for some subset Y ∈ V on the set of

equations Fx [37]. Counterfactuals are thus pruned by

interventions on the antecedent component [113], which

leads to interpreting counterfactuals as non-observable

hypothetical contrasts [71].

Similarly to Pearl’s SCM, Woodward’s CTE establishes

the counterfactual dependence between the two vari-

ables by means of the intervention mechanism. Thus, for

two variables X and Y taking on some values x and y,

respectively, to explain the value of y counterfactually

is to show that Y would have taken on some value

y’ if X had taken some counterfactual value x’ [125].

In other words, some small enough change in the value

of X from x to x’ would cause a change in Y from

y to y’ in the absence of changes in values of other

variables.

Following Woodward’s theory, Schneider and Rohlf-

ing define a counterfactual as ‘‘a theoretically relevant

manipulation of the observed case in order to ascertain

whether this manipulation would make a difference to

the outcome’’ [116]. Further, Bertossi defines a causal

counterfactual explanation to be a set of the original

feature values in the given data instance that are affected

by a minimal counterfactual intervention [67] (where

minimality is assumed to be based on a partial order

relation on counterfactual interventions).

Conversely, Andreas and Casini reconsider explanatory

counterfactuals to be ‘‘hypothetical assumptions about

the values of quantities or the values of propositions’’.

They argue that Woodward’s interventionist account of

explanation cannot handle the cases where interven-

tions are physically impossible (e.g., due to violations

of laws of nature) [62]. Applied to theorem proving,

Gijsbers leaves out the mechanism of intervention from

Woodward’s CTE. He states that a mathematical proof

has explanatory power only when the explanandum is

complemented with a contrasting claim that shows how

the mathematical object in question varies in the process

of theorem proving. Also, Fang infers counterfactual

dependencies in the form of counterfactual claims: ‘‘in

the model M , had the variable X taken such-and-such a

value xi, then the variable Y would have taken such-and-

such a value yj’’ [79].

Last but not least, Holland argues that causal counterfac-

tuals are highly relevant to research in social sciences.

Thus, he follows NRCM interpreting counterfactuals

in terms of potential outcomes of a dependent causal

variable given some intervention with respect to that

variable [90].

• Causal contrastive-counterfactual explanation is

sometimes considered to include ‘‘all kinds of subjunc-

tive conditionals, regardless of whether the antecedent is

true in the actual world or not’’ [126]. Thus, Kuorikoski

and Ylikoski elaborate on a contrastive counterfactual

theory of explanation claiming that the property of con-

trastiveness helps to resolve linguistic ambiguity inher-

ent in explanation [97]. In this setting, interventions

(or manipulations) specify the truth conditions of such

explanations: ‘‘c [c∗] causes e [e∗] if we can bring about

e∗ [e] by bringing about c∗ [c]’’ [127] (where c and c∗

are causes, e and e∗ being the corresponding effects).

Following Kuorikoski and Ylikoski [97], Northcott

examines explanatory relevance of counterfactuals

placed in a contrastive framework [106]. Similarly,

Hohwy regards causal counterfactuals as an integra-

tive part of causal contrastive explanations. Thus, he

claims counterfactuals supported by laws are able to ‘‘go

into contrastive explanations even though unfavourable

conditions ensure that the forces they describe are not

actually occurring in the way described by any law taken

alone’’ [89]. On a similar note, Steglich-Petersen [121]

proposes two-level semantics of contrastive causal state-

ments requiring specific semantically complete counter-

factual justifications.
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• Degree of causality in causal contfactuals. Causal

relations between the variables in explanation are not

always considered binary (i.e., in the presence/absence

of a cause). There have been several attempts to measure

a degree of causality in contfactual explanation. Since

causal contrastive explanations describe a certain aspect

of the explanandum, Rips and Edwards claim them to

be partial by nature [113]. In other words, the explana-

tory power of such explanations can be quantified and

compared with that of others. In light of this assump-

tion, Northcott defines the degree of causation (i.e.,

causal strength of a cause variable) to be the difference

between the values that the effect variables take on in

the actual and counterfactual cases [106]. In this regard,

he determines a counterfactual to be the value of the

effect variable. A counterfactual can thus be measured

quantitatively as the distance between the target levels

of the causal effect variables. Similarly, Ylikoski and

Kuorikoski distinguish five dimensions of explanatory

power of contrastive explanations: (1) non-sensitivity

(i.e., how sensitive the explanation is to background

conditions); (2) precision (i.e., how precisely the expla-

nation characterizes the explanandum); (3) factual accu-

racy (i.e., a proportion of true facts captured by the given

explanation in comparison with another); (4) degree

of integration (i.e., unification to a larger theoretical

framework); and (5) cognitive salience (i.e., ‘‘the ease

with which the reasoning behind the explanation can be

followed’’) [126].

• Subtypes of causal contfactuals. It is worth noting that

several subcategorizations of causal contfactuals have

been suggested within some of the aforementioned the-

oretical frameworks.

As for contrastive explanation, Franklin follows

Hitchcock [88] differentiating ‘‘technically correct

contrastive explanation’’ (the explanation citing

explanatory relevant information) and ‘‘pragmati-

cally adequate/defective contrastive explanations’’ (the

explanation providing more information than explana-

tory relevant) [82]. Levy distinguishes between weak

contrastive explanation (if the agent is not able to explain

how the agent-causal power was exercised for reasons)

and strong contrastive explanations (otherwise) [101].

As for counterfactual explanation, Holland points to a

deceptive use of ‘‘empty’’ counterfactuals, i.e., coun-

terfactuals whose antecedent ‘‘could never occur in

any real sense’’ [90]. Steglich-Petersen distinguishes

between primary counterfactuals (i.e., those that relate

two events A and B as the cause and the effect) and

secondary ones (i.e., those that establish the fact that

it is event A that causes B to happen) [121]. Finally,

Schneider and Rohlfing claim counterfactuals to be

either easy or difficult [116]. From this perspective, easy

counterfactuals are ‘‘the assumptions about the outcome

of logical remainders’’ that simplify theoretical expec-

tations. In contrast, the assumptions that simplify the

solution ‘‘but run counter to our theoretical expectations

about whether single conditions involved in a remainder

should or should not contribute to the outcome’’ are

assumed to be difficult.

2) NON-CAUSAL CONTFACTUAL EXPLANATION

• Non-causal contrastive explanation. Notably, non-

causal contrastive explanations can address the phys-

ical nature of a modeled system. Hence, they can be

used to explain the properties and relations inherent to

such systems. Thus, Chakravartty extends the concept of

contrastive explanation to answering non-causal what-

questions, e.g.: ‘‘What dispositions of p are relevant

to circumstances x as opposed to y?’’, where p is the

object whose traits require an explanation and x and

y are the circumstances determined by the question-

dependent context [74].

In contrast to Dickenson [78] (see Sect. IV-B1), Botterill

appeals to a non-causal nature of contrastive explana-

tions [69]. Thus, the researcher argues that ‘‘the fact that,

in the absence of R2 but with R1 still present the agent

would perform an action of some kind does not show

that when both R1 and R2 are present an agent does not

act in that way because of both those reasons’’ (where

reason R1 is the cause of some action and R2 is not).

• Non-causal counterfactual explanation. Reutlinger

develops a non-causal counterfactual theory of

explanation to apply it to Euler’s explanation3 and the

renormalization group theory4 [110]. This counterfac-

tual theoretical framework is subsequently extended to

capture non-causal explanations in metaphysics [111].

Driven by the assumption that physical facts and mathe-

matical models share certain features, Baron et al. apply

a structural equation modelling framework to model

counterfactuals that could explain physical facts in terms

of non-causal mathematical explanations [64]. Further,

Baron introduces the concept of the so-called ‘‘coun-

terfactual scheme’’ applied to mathematical explana-

tion [65]. A counterfactual scheme is thus defined as

a triple containing (1) a counterfactual statement with

non-logical expressions substituted with variables, (2)

instructions stating which parts of the statement can

be substituted to produce a counterfactual, and (3) a

classification for evaluating the given counterfactual.

A counterfactual is then claimed explanatory if all the

instances of a counterfactual scheme are true and at

least two counterfactual schemes are distinct so that the

corresponding physical laws relevant for evaluation of

the given counterfactuals are different. Also, Hird uses

3Reutlinger refers to the phenomenon found in the city of Königsberg
where no-one succeeded to cross the seven bridges located in four different
parts of the city exactly once. Euler provided a non-causal explanation for
this phenomenon in terms of graph theory.

4According to Reutlinger, renormalization group explanations are
intended ‘‘to provide understanding of why microscopically different physi-
cal systems display the same macrobehavior when undergoing phase transi-
tions’’ [110].
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the term ‘‘counterfactual’’ to define projects that have

been funded in the absence of congressional committee

influence [87].

In addition, a number of definitions for non-causal coun-

terfactual explanation come from AI. In the context of

automatic decision-making, counterfactuals are found to

be most generally defined as counterarguments for an

alternative prediction [86]. Fernández et al. refer to a

counterfactual as an effective type of explainable ML

technique that explains predictions by describing the

changes needed in a sample to flip the outcome of the

prediction [81]. More precisely, Fernández et al. define

a counterfactual for classification tasks as a ‘‘hypothet-

ical instance similar to an example whose explanation

is of interest but with different predicted class’’ [80].

Kanehira et al. attempt to explain counterfactually video

classification output framing a (visual-linguistic) coun-

terfactual explanation in the form of the conditional

statement ‘‘X would be classified as B and not A if C

and D are not in X ’’ [91] (where X is the data example

requiring an explanation, A is the class predicted for

X , B is the contrast-class in question, C and D are

specific visual patterns present or absent in the given

video frame X ). On a similar note, Laugel et al. treat

a counterfactual explanation as a specific data instance,

close to the observation whose prediction is explained,

but predicted to belong to a different class [100]. Kos-

tic defines a counterfactual to be a statement describ-

ing a hypothetically different situation to the actual

state of affairs [96]. He distinguishes between vertical

and horizontal counterfactuals. Thus, a counterfactual

is considered vertical if ‘‘a global topological property

determines certain general properties of the real-world

system’’. In contrast, a counterfactual is deemed hori-

zontal if ‘‘a local topological property determines certain

local dynamical properties of the real-world system’’.

Finally, Stepin et al. point that a counterfactual explana-

tion should refer to a set of features ‘‘minimally different

from those inherent to the original data point’’ [122].

• Non-causal contrastive-counterfactual explanation.

Poyiadzi et al. do not distinguish between counterfactual

and contrastive explanations assuming counterfactuals

to be the new state of the considered object [49].

3) HYBRID CONTFACTUAL EXPLANATION

• Hybrid contrastive explanation. Chin-Parker and

Bradner [17] as well as Chin-Parker and Cantelon [76]

provide a unified theoretical framework for causal and

non-causal contrastive explanation for category learn-

ing. Emphasizing the crucial importance of context for

an explanation, they consider a contrast class to be a set

of non-occurring alternates that delimits the set of poten-

tially relevant information irrespective of the inherent

causal relations.

• Hybrid counterfactual explanation. Explanatory plu-

ralism is as well recognized in the research on coun-

terfactual explanation. Thus, Byrne states that ‘‘not all

counterfactuals are about causes, and counterfactuals

that imply a causal relation differ in systematic ways

from counterfactuals that identify other sorts of rela-

tions, such as intentions’’ [22]. Indeed, a large body

of research on both causal and non-causal counterfac-

tual explanation testifies that counterfactuals have a

diverse nature with respect to causality [104]. Thus,

Lowe claims counterfactuals to be causal ‘‘when the

modality involved is evidently natural or causal neces-

sity’’. Contrarily, other explanation cases such as those

arising in mathematics ‘‘clearly do not involve this

sort of necessity, but instead something like logical

necessity’’ [104]. Further, Knowles and Saatsi discuss

the notion of explanatory generality presuming both

causal and non-causal nature of counterfactuals argu-

ing that ‘‘explanatory counterfactuals are appropriately

directed and change-relating, capturing objective, mind-

independent modal connections that show how the value

of the explanandum variable depends on the value of the

relevant explanans variables’’ [95].

In light of this, there have been several attempts

to unify causal and non-causal counterfactuals within

one framework. Hence, a hybrid approach, originating

from monism,5 has been adopted to unify causal and

non-causal counterfactual explanation. Following this

approach, Reutlinger introduces a unified explanation

framework consisting of the following elements: a state-

ment about the explanandum E , a set of generaliza-

tions (or explanans) G1,. . . ,Gm, and a set of auxiliary

statements setting initial conditions for the explanatory

system [112]. A relation between an explanandum and

a set of explanans is claimed to be explanatory if and

only if at least one of the explanans supports the counter-

factual statement ‘‘had S1,. . . ,Sn been different than they

actually are (in at least one way deemed possible in the

light of the generalizations), then E or the conditional

probability of E would have been different as well’’.

At the same time, the generalizations and auxiliary state-

ments must logically entail the explanatory statement

in question. As such, both causal and non-causal expla-

nations are argued to be captured because they ‘‘reveal

counterfactual dependencies between the explanandum

and the explanans’’. Following Reutlinger’s account of

explanation, Held argues that the notion of counterfactu-

als can hardly be supported only by generalizations [85].

Furthermore, true generalizations (e.g., ‘‘all ravens are

black’’) might not allow for counterfactual situations at

all. Instead, he weakens the counterfactual dependency

to shift from generalizations to plain counterfactuals.

Mothilal et al. suggest a feature-based counterfactual

explanation generation framework where importance of

independent features is evaluated [105]. Nevertheless,

5Monism is a philosophical account of explanation that captures both
causal and non-causal explanations reducing them to a single entity [112].
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TABLE 6. A classification of the contfactual explanation generators by AI
problem.

they emphasize the need for causal attribution, as ignor-

ing causal relations may lead to generating unfeasible

counterfactuals. Therefore, they suggest a hybrid frame-

work for counterfactual explanation generation.

• Hybrid contrastive-counterfactual explanation.

Kuorikoski and Ylikoski point to the multifaceted nature

of contrastive-counterfactual explanation. They argue

‘‘there exist constitutive and possibly formal counter-

factual dependencies as well as combinations of these’’

[98]. Similarly, Pexton suggests a two-level hierarchy

of explanation [108]: microphysical explanations are

non-causal and form the lower-level of the hierarchy

whereas manipulable causal explanations are placed at

the higher-level.

C. CONTFACTUAL EXPLANATIONS AS DEFINED IN

AUTOMATIC GENERATION FRAMEWORKS (ANSWER TO

RQ2)

The analysis of the primary studies related to RQ2 allows us

to categorize the state-of-the-art contfactual explanation gen-

eration frameworks in accordance with the following criteria:

(1) the problem the solution for which is to be explained (i.e.,

the AI problem); (2) the method employed to generate such

an explanation (i.e., the explainability method); (3) the out-

put representation of the explanation; and (4) the evaluation

method thereof.

1) AI PROBLEM

Contfactual explanations are used to justify automatic deci-

sions obtained for a variety of AI-related problems. Table 6

provides the reader with a taxonomy of the state-of-the-

art frameworks from the primary studies. It is derived from

the considered publications in terms of the domain tasks

that these frameworks are used for. As depicted in Fig. 9,

most contfactual explanation generation frameworks deal

with counterfactual explanation (31 out of 52 frameworks;

59.62%). In contrast, 17 out of 52 (32.69%) generate con-

trastive explanations. Only four studies (7.69%) fuse con-

trastive and counterfactual explanations. One of these studies

[129] deals with both classification and regression.

• Contfactuals for classification. A vast majority of

state-of-the-art AI applications that generate contfac-

tuals (42 out of 52; 80.77%) are used to explain the

FIGURE 9. Numbers of frameworks grouped by AI problem with respect
to the type of contfactual explanation generated.

outcome of ML-based classifiers, i.e., algorithms that

learn a mapping function f : X −→ Y from a training

dataset of n labeled examples X = {xi | 1 ≤ i ≤ n} to

a discrete output variable (class) Y = {yj | 1 ≤ j ≤ m}

where m is the number of classes. Indeed, contfactuals

are particularly suitable for informing the end-user why

a given data example is assigned a particular class label.

Thus, the outlined classification-oriented frameworks

are evaluated on classifiers based on logistic regression

[55], [136], [153], [158], decision trees [46], [80], [122],

[140], [150], [155], [159], gradient boosted decision

trees [147], support vector machines [131], [138], [146],

random forests [81], [86], [142]–[144], neural networks

[6], [48], [49], [91], [129], [130], [133], [135], [139],

[141], [145], [148], [151], or combinations of these

[100], [105], [134], [152], [154], [160]. In three studies

[67], [128], [137], the classifiers used in the experiments

are not specified.

• Contfactuals for regression. One of the classification-

oriented frameworks [129] is extended to also handle the

regression problem, i.e., learning a mapping function f

from a training dataset X to a continuous output vari-

able Y . However, the continuous output is, in this case,

subsequently converted to a lower-scale discrete value

mapped to a textual description similar to that typical of

a classification problem. The other frameworks address-

ing the regression problem aim to leverage gradient-

boosted decision trees [61] and indicate how large errors

in regression tasks could be overcome [56].

• Contfactuals for knowledge engineering. The first of

the considered frameworks (in chronological order) [93]

offers explanations by reasoning abductively over the

information extracted from a given knowledge base to

answer a specific contrastive question. In this setting,

an explanation is considered to be a consistent set of

disjunctive literals for the explanation-seeking question.

It is worth noting that the framework is not designed to

provide explanations for ML algorithms.
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TABLE 7. A classification of the contfactual explanation generators by
explainability method.

• Contfactuals for planning. Contfactual explanation

generation appears highly relevant to sequential tasks

in robotics such as automatic planning [94], [157],

[161]. Moreover, some of the robotics-related frame-

works found in reinforcement learning settings provide

explanations for policies that a robot selects at a given

time step [132], [156].

• Contfactuals for recommendation. Ghazimatin et al.

propose a graph-based recommendation system in a

counterfactual setup [84]. They obtain a counterfactual

explanation by removing a minimal set of user actions

so that the output recommendation changes.

• Contfactuals for conflict resolution. Mosca et al.

introduce an argumentation-based framework for social

network management [149]. They use contrastive expla-

nations to answer critical questions about agent actions

in the context of multi-user privacy conflict.

2) EXPLAINABILITY METHOD

All the frameworks generating contfactual explanations can

be classified by their explainability method as either model-

specific or model-agnostic. The former type of implemen-

tations is meant for explaining decisions of particular AI

algorithms. The frameworks of the latter type generate expla-

nations irrespective of the nature of the underlying algorithm.

Table 7 presents the publications under study grouped in

terms of the explainability method that they apply. The dis-

tribution of model-specific and model-agnostic explainabil-

ity methods for generation of different types of contfactual

explanation is shown in Fig. 10. Most frameworks deal with

counterfactual model-agnostic methods.

• Model-specific contfactual explanation generators.

Several model-specific frameworks generate counter-

factuals to explain the output of decision trees [46], [80],

[122], [155]. For instance, Fernández et al. [80] present a

recursive algorithmwhich extracts counterfactuals in the

form of contrast-class decision tree nodes. The relevance

of the generated counterfactuals is thenmeasured by cal-

culating a variant of the Gower distance. The proposed

metric penalizes the number of feature changes when

traversing the tree so that sparsity is promoted. Alterna-

tively, Sokol and Flash rely on the Manhattan distance

measuring leaf-to-leaf distance in the tree to retrieve

the most relevant counterfactuals [46], [155]. Designed

specifically for decision trees, their ‘‘Glass-box’’ frame-

FIGURE 10. Numbers of frameworks grouped by explainability method
with respect to the type of contfactual explanation generated.

work is argued to be easily extendable to capture the

output of other logical (rule-based) models. Aguilar-

Palacios et al. generate contrastive explanations using

gradient boosted decision trees to forecast promotional

sales [61]. The researchers make use of the weighted

Euclidean distance to present the forecast as a contrast

to the neighbouring vectorized promotions. Stepin et al.

retrieve counterfactuals from a rule matrix where each

rule is encoded in terms of all possible feature values

[122]. Subsequently, the generated counterfactuals are

ranked using a XOR-based distance to find the most

relevant counterfactual pertinent to the given contrast

class. This method is further extended to generating

counterfactuals for fuzzy decision trees.

A number of frameworks address specific properties of

counterfactuals. Thus, Ustun et al. tackle the problem

of actionability, i.e., constraining the generated coun-

terfactuals in such a manner that the imposed changes

‘‘do not alter immutable features’’ and that they ‘‘do

not alter mutable features in an infeasible way’’ [158].

To approach this problem, a mixed integer program-

ming method is employed. Russell et al. adopt a similar

approach to encompass continuous and discrete vari-

ables as well as the combination of the two [153]. The

main focus of the work is however placed on assessing

coherence and diversity of generated counterfactuals.

In order to guarantee the coherence of the counter-

factual data example used for explanation, an integer

programming-based method is proposed. In addition,

the generated counterfactual explanations are claimed

to be diverse, as diversity constraints are applied iter-

atively to a set of candidate counterfactuals. However,

this framework is limited to: (1) explaining predictions

of only linear classifiers and (2) a simple structure of the

textual explanation template.

A large number of frameworks are limited to explain-

ing the output of particular models due to task-specific

constraints. For instance, several explanation generators

address computer vision tasks. Hendricks et al. bind
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an input visual image with a paired textual counterfac-

tual explanation generated by a recurrent neural net-

work [86]. In their framework, a number of candidate

explanations (both image-relevant and non-relevant) are

generated, paired, and ranked. The best counterfactual

explanation is then selected to be the most class-specific

to the counterfactual image while being the most rel-

evant to the input image. Goyal et al. argue that their

model is more faithful by design, as it generates visual

explanations directly from ‘‘the target model based on

the receptive field of the model’s neurons’’ [139].

Two model-specific frameworks are found in the con-

text of video processing. For instance, Akula et al.

[128] present an empirical study where input video

frames are paired with the corresponding AND-OR

graphs, i.e., compositional recursively defined graph-

based knowledge representations capturing contextual

information. The explanations based on such graphs

are passed on to human subjects to evaluate the con-

trastive answers to the predefined questions. Alterna-

tively, Kanehira et al. train a post-hoc explanatory model

to justify a video classifier’s output [91]. A counterfac-

tual explanation is, in this case, dependent on how likely

a selected region in the given frame is classified positive

and not negative, hence all such regions are scored and

normalized.

In accordance with the findings in the previous

Section IV-C1, contfactual explanations have a great

potential for automatic planning-related tasks. Most

explanation generators meant for planning-based tasks

are model-specific due to the problem- and approach-

specific restrictions preventing them from being used for

other AI challenges. For instance, Kim et al. employ a

Bayesian probabilistic model for generating contrastive

explanations [94]. Thus, the framework operates on a

pair of plan traces defined in terms of linear temporal

logic templates. The problem of obtaining contrastive

explanations is designed as a Bayesian inference prob-

lem, with the posterior distribution to be maximized

defined as the probability of a contrastive explanation

given a set of positive and negative plan traces. Con-

versely, Sreedharan et al. consider the task of automatic

analysis of counterfactual explanations in their ‘‘Hier-

archical Expertise-Level Modeling’’ framework [156].

A robot provides a user with a plan for the next action

to take. Then, the robot expects the user to respond with

a set of foils. The robot’s task is then to convincingly

refute the foils by offering a minimal explanation for

why the foils are not acceptable under the given cir-

cumstances. In addition, Chakraborti et al. formulate

the multi-model planning problem as a tuple consisting

of the planner’s model of the problem and the corre-

sponding human approximation thereof [132]. As plan

explicability is reformulated in terms of its comprehen-

sibility by an end-user. The robot’s model is adapted to

the updates of human’s model of the problem.

The problem of contrastive explanation generation for

planning is also found to be framed in the reinforcement

learning setting. For instance, Sukkerd et al. formulate

the planning problem as the shortest stochastic path

problem and develop the corresponding problem solver

to obtain a contrastive explanation [157]. Hence, their

objective is to find an optimal policy ‘‘that minimizes

the expected cumulative cost of reaching a goal state

over all closed policies’’. The explanation is believed

to justify the rejection of the policies alternative to the

optimal one. In addition, Zhao and Sukkerd explain

an autonomous system’s behaviour modeling it as a

Markov decision process [161]. Thus, a contrastive

explanation is presented as a product of the analysis of

the optimal policy at the next time step and an opposing

policy on the basis of the objective values.

• Model-agnostic contfactual explanation generators.

A large number ofmodel-agnostic frameworks treat con-

tfactual explanation generation as an optimization prob-

lem in a post-hocmanner.Wachter et al. design a generic

counterfactual explanation framework to find the closest

point to the test data example [6]. Fixing the optimal

set of weights of a trained classifier, the objective func-

tion minimizes the distance between the nearest data

points of opposing classes. Note that counterfactual data

points can be synthesized artificially. The researchers

suggest the use of the Manhattan distance weighted by

the inverse median absolute deviation to calculate the

proximity of a counterfactual to the input data example.

Another case of counterfactual explanation generation

regarded as an optimization problem is the ‘‘Constrained

Adversarial Examples’’ framework [148]. Adversarial

examples that could serve as the basis for the counterfac-

tual explanation of the output of deep learning models

are searched for with the aim of minimizing the loss

with respect to the attributes (features) between the orig-

inal and counterfactual data examples. The researchers

attempt to find the best counterfactual explanation by

minimizing the number of attributes changed. Further-

more, the gradient direction is constrained to ensure the

ethical adequacy of the explanation generated. Dandl

et al. [134] formulate counterfactual search as a multi-

objective optimization problem using a distance metric

for mixed feature spaces aiming to obtain sparse and

most plausible counterfactuals. Labaien et al. gener-

ate contrastive explanations for time-series data [141].

The explanation generation is considered a two-fold

optimization problem of finding pertinent positives and

negatives. Pawelczyk et al. make use of an autoencoder

architecture for a pretrained classifier performing coun-

terfactual search in the nearest neighbor style [151].

Model-agnostic frameworks are largely found to use

decision trees as part of the reasoning mechanism

instead of explaining their output. In contrast to the

model-specific frameworks operating on decision tree

output, Guidotti et al. employ decision trees as part
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of reconstructing the reasoning behind any arbitrary

classifier in a post-hoc fashion [140]. In their ‘‘Local

Rule-based Explanation’’ framework, they generate a

local neighbourhood for the given pre-classified data

example using a genetic algorithm and subsequently

train a decision tree on that newly obtained dataset

to select a minimally distant foil within that local

neighbourhood. Similarly, van der Waa et al. randomly

sample or generate a data set in the neighbourhood

local to the data point in question [159]. A decision

tree is then trained to select the foil based on the

minimum number of nodes between the original data

point and the candidate foils. Furthermore, their ‘‘Foil-

Trees’’ framework provides the methodological basis

for perceptual-level contrastive explanation generation

within the ‘‘Perceptual-Cognitive Explanation’’ frame-

work [150]. Subsequently, the generated contrastive

explanations are attributed to a specific group of users

by means of ontology engineering at the cognitive level

of the framework to make the explanations adaptive. In

contrast, Martens and Provost argue that decision trees

are an inadequate tool for representing, e.g., large doc-

uments [146]. Hence, they suggest the model-agnostic

‘‘Search for Explanations for Document Classification’’

algorithm for retrieving counterfactual explanations.

However, it is only directly applicable to binary linear

classifiers, whereas heuristics are proposed for non-

linear models.

Several model-agnostic frameworks aim at measuring

specific properties of contfactuals. Anjomshoae et al.

[129] focus on contrastive explanations that maximize

contextual importance and contextual utility. On the

one hand, contextual importance measures the extent to

which the input feature values affect the black-box algo-

rithm’s output. On the other hand, contextual utility testi-

fies how favorable the values of the selected features are

for a given decision. Thus, the context-based values are

calculated for each feature used by a black-box model

observing the changes in the output as the input varies

across the range of all possible input values. Being based

on model-agnostic and problem-independent concepts,

this framework is shown to be universally applicable to

various classification and regression algorithms. How-

ever, the scalability of such an algorithm is limited to

the use-cases operating on a small number of features.

A similar limitation is observed due to possibly high

variability of the input. Laugel et al. raise the issue of

justification for counterfactual explanation [144]. They

argue that a synthesized counterfactual data point must

be connected to the training data. Counterfactuals are

selected from a local neighbourhood circling around

the test example with the radius of the distance to the

closest correctly predicted data point of a contrast-class.

The candidate counterfactuals are then clustered, as the

initial local neighbourhood is updated to become a more

extensive hyperspherical layer, until it can no longer

be extended. Laugel et al. [100] enhance the work on

justified counterfactual explanations. They argue that

the distance from the test instance to a counterfactual

does not sufficientlymeasure counterfactual’s relevance,

as the counterfactual in question may appear discon-

nected from the ground-truth data. Thus, a counterfac-

tual is deemed justified if it can be connected to an asso-

ciated ground-truth data instance without crossing the

decision boundary. Fernández et al. introduce the notion

of counterfactual sets to enhance counterfactual diver-

sity [81]. They explain random forest predictions by

fusing different tree predictors so that the resulting coun-

terfactual set contains the most relevant counterfactual.

The other neighboring counterfactuals serve to diversify

the output explanation. Mothilal et al. are also con-

cerned with counterfactual diversity [105]. They design

a loss function with a diversity metric over the generated

counterfactuals to provide end-users with multiple rele-

vant counterfactual explanations. Kusner et al. propose

a causal model to assess the so-called ‘‘counterfactual

fairness’’ [55]. It is worth noting that counterfactuals are

presented in the form of conditional distributions and not

structural equations despite the fact that the causalmodel

employed follows Pearl’s formalism [37].

Similarly to the model-specific frameworks, numerous

model-agnostic explanation generators are found to be

task-specific. In computer vision-related classification

tasks, Chang et al. find the smallest region in the image

whose substitution would change the classifier’s predic-

tion [133]. They employ a generative model to construct

a saliency map while masking the other regions of the

input image. Similarly, Dhurandhar et al. address an

optimization problem over a perturbation variable to

produce a contrastive explanation for the image classifi-

cation task [135]. However, the proximity of the selected

counterexample to the test point is, in this case, guaran-

teed by using an autoencoder.

3) OUTPUT REPRESENTATION

The considered frameworks output contfactual explanations

in several ways. Depending on the problem considered, cont-

factuals are presented in the form of: (1) intervals or specific

values of the appropriate feature values whose alteration

would have changed the output (i.e., numerical or feature-

based output); (2) single- or multiple-sentence coherent text

(i.e., linguistic output); (3) specific regions in the input image

(i.e., visual output); or (4) a multi-modal combination of

(some of) the above (see Table 8). As depicted in Fig. 11,

most frameworks focus on numerical counterfactual output.

• Numerical (feature-based) contfactual explanation.

Numerical values (or intervals of values) associated to

the most relevant features usually explain the behavior

of AI algorithms. They can be represented as logical

formulas [67], [93], [94] or in tabular form reflecting

necessary changes to affect the decision [55], [56], [61],
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TABLE 8. A classification of the contfactual explanation frameworks by
output representation.

FIGURE 11. Numbers of frameworks grouped by output representation
with respect to the type of contfactual explanation generated.

[81], [105], [136], [147], [148], [151], [154], [158],

[160]. They can be extracted from interpretable feature-

value pairs as a result of pruning in the search space

[132]. In addition, they can replicate the internals of the

classifier’s structure, e.g., in the form of decision tree

nodes or rules [80], [140], [152].

• Linguistic contfactual explanation is a piece of gram-

matical single- or multiple-sentence text in natural lan-

guage. Single-sentence textual explanations combine

a textual description with explicitly stated numerical

feature values [6]. Such explanations suggest feature-

value based instructions [48], [122], [131] or alterna-

tive actions for a possible output change [84], [149].

They also answer end-user’s inquiries with respect to the

automatic decision in question [128], [159]. In contrast,

multiple-sentence explanations provide end-users with

specific details for the given decision [153], [156], [157],

[161] or explain multiple decisions at once [146].

• Visual contfactual explanation. On the one hand,

visual explanations for non-visual input data (i.e.,

datasets containing continuous or categorical feature-

value pairs) plot feature-value pair dependencies

[134], [141], [142]. On the other hand, visual input

data (i.e., images) are associated with saliency maps

[133] or explained by contrastive patterns between the

given data example and that of an opposing class in one

iteration [130], [144] or a series thereof [49]; by depict-

ing critical regions absent in the input data example that

determine what lacks in the image to be classified differ-

ently [135]; or by visualizing spatial regions associated

to data examples of opposed classes [139].

• Multi-modal contfactual explanation is a combination

of numerical and/or linguistic and/or visual explana-

tions. Multi-modal explanations are claimed to enhance

human-robot interaction [46]. They are often selected to

be the most appropriate where the problem addressed

is concerned with pairing a computer vision problem

with a natural language processing task such as object

detection and language grounding [86]. In addition,

visual-linguistic explanations identify counterfactuality

in videos [91] and allow for dialogic interaction [150].

Such hybrid counterfactuals (in terms of their output rep-

resentation) may as well complement each other while

addressing the same task. For instance, Gomez et al.

visualize the generated explanations in the form of bar

plots combining them with explicitly stated numerical

values [138]. Alternatively, Liu et al. combine feature

importance bar plots with visual input and output [145].

While a textual explanation summarizes the degree of

importance of the selected features, a visual explanation

may present contextual in-method metrics that justify

the classifier’s reasoning [129]. Contfactual explana-

tions, as a mixture of tabular and visual output represen-

tations, appear also in an augmented reality framework

[137]. Nevertheless, explanations of different modalities

are not necessarily merged. To ensure the universality of

the proposed approaches, specific feature values are pre-

sented for taskswith datasets containing only continuous

features, i.e., where the same method is used to output

images for a handwritten digit classification problem

[143]. Finally, interaction with users can be enhanced

by means of voice-based explanations combined with

textual explanations [46], [155].

4) EVALUATION METHOD

Evaluation of generated contfactual explanations is an issue

of main concern. Unfortunately, despite an increasingly

expanding use of contfactual explanations, no uniform set of

evaluationmethods has been adopted so far. Hence, it is worth

taking a look at evaluation methods from other generation-

oriented sub-areas of AI. For instance, it is common to dis-

tinguish between intrinsic and extrinsic evaluation methods

in natural language generation [163]. Intrinsic evaluation

implies assessing the performance of a natural language gen-

eration system (or its modules) as an isolated unit. In contrast,

extrinsic (task-based) methods are designed to estimate how

successfully the system performs with respect to an exter-

nal task. In addition, Gatt and Krahmer make a distinction

between ‘‘objective’’ (automatic, corpus-based) and ‘‘subjec-

tive’’ (human judgements) metrics [164]. Objective metrics

include (but are not limited to) precision- and/or recall-

oriented scores, number of insertions/deletions/substitutions,

VOLUME 9, 2021 11991



I. Stepin et al.: Survey of Contrastive and Counterfactual Explanation Generation Methods for Explainable AI

TABLE 9. A classification of the contfactual explanation generators by
evaluation method.

FIGURE 12. Numbers of frameworks grouped by evaluation method with
respect to the type of contfactual explanation generated.

etc. In turn, subjective metrics measure readability, accuracy,

relevance of the generated text, as perceived by humans.

Thanks to their methodological universality, they can be

extrapolated to other (non-linguistic) modalities of generated

explanations (e.g., numerical, visual, or multi-modal) and are

therefore used to form the basis of the evaluation method

classification in this review. It is worth noting that all the

considered frameworks are evaluated by means of intrinsic

(either subjective or objective) metrics. Hence, we only make

a clear distinction between subjective and objective evalua-

tion methods in this study (see Table 9 for details). A distinc-

tion between the use of different types of evaluation metrics

can be seen in Fig. 12. It is easy to appreciate how most

frameworks deal with objective evaluation of counterfactuals.

Let us give further details below, regarding the four groups of

publications in Table 9.

• No evaluation details provided. 17 out of 52 (32.69%)

of the considered publications do not evaluate their

frameworks, i.e., neither automatic metrics for contfac-

tual explanation generation are suggested nor a human

evaluation survey is presented in such publications.

However, whereas certain publications do not provide

any specific evaluation method, some do stress that

human evaluation should be encouraged to estimate the

quality and effectiveness of the generated counterfactu-

als [46], [150], [153].

• Subjective evaluation. The subjective methods include

human preferences for certain types of contfactual

explanation over others. For instance, Akula et al. show

that that contrastive explanation-seeking questions are

in general better answered by means of contfactual

explanations [128]. They classify contrastive questions

in the following 10 categories suggesting the template

questions for arbitrary objects x, x1, and x2 (all being of

some class X ) and y, y1, and y2 (all being of some other

class Y ):

– WH-X: ‘‘Why x rather than not x?’’;

– WH-X-NOT-Y: ‘‘Why x rather than y?’’;

– WH-X1-NOT-X2: ‘‘Why x1 rather than x2?’’;

– WH-NOT-Y: ‘‘Why not y?’’;

– NOT-X: ‘‘Is it x rather than not x?’’;

– NOT-X1-BUT-X2: ‘‘Is it x1 rather than x2?’’;

– NOT-X-BUT-Y: ‘‘Is it x rather than y?’’;

– DO-X-NOT-Y: ‘‘What if it is x rather than y?’’;

– DO-NOT-X: ‘‘What if it is not x?’’.

– DO-X1-NOT-X2: ‘‘What if it is x1 and not x2?’’

It is worth noting that 6 out of 10 question types

(WH-NOT-Y,NOT-X,NOT-X1-BUT-X2, NOT-X-BUT-

Y, DO-NOT-X, and DO-X1-NOT-X2) matched with

automatically generated contfactuals are shown to be

highly preferred to factual explanations.

In addition, Ferrario et al. propose an augmented reality-

based setting to favor interactivity and facilitate explain-

ing ML algorithm output to non-experts [137].

However, the two aforementioned studies [128], [137]

lack an evaluation of the quality of the generated cont-

factual explanations themselves.

Lucic et al. asked 75 subjects to judge interpretabil-

ity, actionability, and trustworthiness of the generated

contfactual explanations [56]. They concluded contfac-

tual explanations are highly interpretable and actionable.

In addition, they help users understand why the model

makes large errors while solving a regression problem

but do not support users’ trust in the model’s output.

In addition, Hendricks et al. provide results of human

evaluation for the generated explanations [86]. However,

these only include evaluations for factual explanations

and are therefore excluded from the taxonomy group

being discussed.

• Objective evaluation. A majority of the researchers

propose objective (automatic) methods for evaluating

automatically generated contfactuals. A number of the

frameworks are evaluated by means of accuracy-based

metrics [61], [91], [94], [159]. Kanehira et al. propose

one accuracy-based evaluation metric for visual and lin-

guistic explanations each: negative class accuracy and

concept accuracy, respectively [91]. Negative class accu-

racy estimates the quality of the visual explanation as

the ratio of the probability of the contrast class after the

image region in question is masked out. In turn, concept

accuracy estimates how compatible the output linguistic

explanation is to its visual counterpart. It is calculated

as the intersection over union between a given region

11992 VOLUME 9, 2021



I. Stepin et al.: Survey of Contrastive and Counterfactual Explanation Generation Methods for Explainable AI

and all bounding boxes in the image. Kim et al. define

the domain-specific accuracy for the automatic planning

problem of unique contrastive explanations as a sum of

the number of traces in a positive set of traces satisfying

a contraint for a contrastive explanation and those of the

negative set where the constraint is unsatisfied over all

plan traces [94]. The consistency of output explanations

is otherwise shown by measuring their accuracy on the

basis of mean error, mean absolute error, and mean

absolute percentage error [61].

An extensive number of evaluation methods are found

to be strictly task- or approach-specific. Hendricks et al.

measure word detection (i.e., which words are not image

relevant by holding out one word at a time from the sen-

tence to determine the least relevant word in the explana-

tion) andword correction (i.e., a number of replacements

of the foiled word with words from a set of target words)

[86]. Similarly, Martens and Provost estimate explana-

tion complexity by calculating the average number of

words in the shortest explanation and problem complex-

ity according to the overall number of generated expla-

nations [146]. Fernández et al. evaluate the relevance

of the generated counterfactuals measuring a Gower

distance-based metric in comparison with the number

of feature changes and minimum distance (in terms of

decision tree nodes) between the leaves in the given

decision tree classifier [80]. Van der Waa et al. evaluate

the generated explanations by means of such model-

specific metrics as the average length of the explanation

in terms of decision tree nodes and the F1-score of the

foil-tree on the test set compared to the model’s output

[159]. Kusner et al. estimate counterfactual fairness on

the basis of the density of the predicted data for their

causal models [55]. Laugel et al. claim that understand-

ability of the generated explanations can be estimated

by means of their sparsity defined as the number of non-

zero coordinates of the explanation vector [143]. Moore

et al. measure the number of solutions, the distances to

the nearest training set data points, and the transferabil-

ity of the generated counterfactuals to other datasets and

classifiers [148]. Sreedharan et al. calculate the number

of predicates that are used to generate the model lattice

[156]. Similarly, Chakraborti et al. calculate the number

of nodes in the search space remaining after pruning

[132]. Goyal et al. report how often the discriminative

regions lie inside the test data example segmentations

as well as relevant specific key regions [139]. Labaien

et al. calculate the number of changes to switch from

the original to the selected contrastive sample following

the dataset constraints [141]. To estimate faithfulness

of the generated counterfactuals, Pawelczyk et al. sug-

gest calculating the so-called degree of difficulty of a

counterfactual suggestion to measure how costly it is to

achieve the state of the given suggestion [151]. Aiming

to provide realistic counterfactuals, Sharma et al. intro-

duce the counterfactual explanation robustness-based

score defined as the expected distance between the input

instances and their corresponding counterfactuals [154].

In addition, the generated counterfactuals are inspected

in terms of fairness which is calculated as the expected

distance between the input and a counterfactual over

distinct values for a specified feature set. Merrick and

Taly evaluate output explanations in terms of mean

feature attributions to show the importance of relevant

references [147]. Gomez et al. evaluate counterfactuals

in terms of data distribution, feature importance, as well

as possible and actionable changes to the input [138].

Dandl et al. use the hypervolume indicator metric to

estimate the quality of the estimated Pareto front during

counterfactual search [134]. In addition, Chang et al.

measure the weakly supervised localization error for an

image detection task – the intersection-over-union ratio

over 0.5 with any of the ground truth bounding boxes

and the saliency metric, i.e., ‘‘the log ratio between the

bounding box area and the in-class classifier probability

after upscaling’’ [133].

Several metrics can be extended to be applied to other

approaches. Lash et al. estimate how much the prob-

ability of a given prediction reduces given a feature

perturbation as determined by a contrastive explanation

[142]. Dhurandhar et al. employ the concept of pertinent

positives (i.e., ‘‘factors whose presence is minimally

sufficient in justifying the final classification’’ [135])

and pertinent negatives (i.e., ‘‘factors whose absence is

necessary in asserting the final classification’’) to evalu-

ate factuals and counterfactuals, respectively, for a given

classification task. Both types of evaluation methods

highlight the features supporting evidence as formulated

in the contrastive explanation on the basis of the values

that a perturbation variable takes on. Fernández et al.

evaluate counterfactuals in terms of the average of the

pairwise distances based on the feature type and the

percentage of valid counterfactuals [81].

Mothilal et al. stress that counterfactuals should be

evaluated in terms of validity (i.e., whether a generated

counterfactual really leads to a different outcome), prox-

imity (i.e., feature-wise distance between the original

and counterfactual samples), sparsity (i.e., number of

features differing in the original and counterfactual sam-

ples), and diversity (i.e., feature-wise distance between

each pair of counterfactuals) [105]. Similarly, Stepin

et al. calculate factual and counterfactual explanation

length to estimate conciseness of the generated expla-

nations [122]. They also compute the number of coun-

terfactuals and their best minimal distance to the factual

explanation to assess the relevance of counterfactuals.

Rajapaksha et al. consider coverage (as an indicator of

representativeness of a rule for a given dataset), con-

fidence (i.e., the percentage of instances in the dataset

which contain the consequent and antecedent together

over the number of instances which only contain the

antecedent), lift (i.e., an association between antecedent
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and consequent), leverage (i.e., the observed frequency

between the antecedent and consequent), and the num-

ber of features in explanation for evaluating their frame-

work against other rule-based methods [152]. Also,

White and Garcez reintroduce fidelity to the underlying

classifier on the basis of distance to the decision bound-

ary [160].

In addition, some of the model-agnostic frameworks

[140], [159] allow for measuring how well the output

of black boxes (i.e., actual output to be explained) and

grey boxes (i.e. interpretable intermediate predictors)

mimic the local neighbourhood (i.e., fidelity) and the

data example to be explained (i.e., hit). Laugel et al.

measure how justified counterfactuals are by averaging a

binary score (one if the explanation is justified following

the proposed definition, zero otherwise) over all the

generated explanations [100], [144].

It is worth noting that the run-time of explanation gen-

eration algorithms is reported in addition to the evalua-

tion metrics for several frameworks [132], [139], [146],

[152], [156], [159].

• Hybrid evaluation. Two frameworks are evaluated

in terms of both automatic metrics and human judg-

ments. Ghazimatin et al. calculate explanation length

to discuss comprehensiveness of explanations as well

as estimate their usefulness and credibility by survey-

ing 500 subjects [84]. In addition, Le et al. compute

fidelity, conciseness, information gain, and influence

[48]. Automatic metrics are complemented with a user

study on intuitiveness, friendliness, comprehensibility,

and understandability of generated explanations.

D. LINKS BETWEEN THEORETICAL AND PRACTICAL

CONTRIBUTIONS TO CONTFACTUAL EXPLANATION

GENERATION (ANSWER TO RQ3)

We find that only few of the existing computational frame-

works are grounded on theories of contfactual explanation.

Indeed, only 13 out of 113 studies (11.50%) were present in

both of the pools of primary studies related to RQ1 and RQ2.

Table 10 summarizes the characteristics of such theoretically

grounded contfactual explanation generation frameworks.

Moreover, only 3 out of the 13 (23.08%) studies interpret

the insights from the theoretical foundations to propose their

own contfactual explanation definition for problem-oriented

purposes. Kean states that ‘‘explanation in artificial intel-

ligence is based on the inference of deduction’’ [93]. He

complements a deductive evidence-based explanation with a

redefined abductive contrastive explanation drawing parallels

to the ‘‘inference to the best explanation’’ [103]. He models

Lipton’s theoretical framework distinguishing two types of

contrastive explanation: non-preclusive (i.e., non-restrictive)

and preclusive. The key aspect distinguishing the two types of

contrastive explanation is in regard to how a model explains

the contrast given an explanation-seeking question. Thus,

a non-preclusive contrastive explanation is ‘‘irrelevant to the

model of explaining the contrast’’ being ‘‘necessary in the

model of explaining the question’’. On the contrary, a preclu-

sive contrastive explanation is assumed to be restricted by a

negated model of the contrast.

Aguilar-Palacios et al. [61] refer to Lipton’s definition of

contrastive explanation [12]. Referring to Pearl [37], Bertossi

redefines causal explanation in the context of XAI to be ‘‘a

set of feature values for the entity under classification that is

most responsible for the outcome’’ [67].

The rest of works redefine contfactual explanation on

the basis of the problem-specific constraints without explic-

itly referring to the theoretical foundations described in

Section IV-B. Driven by the task of automatic planning, Kim

et al. define a contrastive explanation to be a constraint satis-

fied by a specific set plan traces [94]. Fernández et al. define

a counterfactual to be a set of feature changes that turn the

given data example to be classified differently [80]. Whereas

this definition is applicable to the classification problem in

general, the applicability of the framework is restricted to

decision trees only. Similarly, Hendricks et al. explain visual

concepts for the image classification task on the basis of the

so-called counterfactual evidence (i.e., an attribute discrimi-

native enough for another class of objects in the image absent

in the given image) [86]. Ghazimatin et al. [84] define a

counterfactual on the basis of their model’s internal structure:

an explanation is deemed counterfactual if after removing the

edges from the recommendation graph, the user receives a

different top-ranked recommendation. In addition, Kanehira

et al. only specify the linguistic form of a counterfactual

explanation without defining it explicitly [91].

Finally, there is a number of marginal interpretations of

contfactuals among the RQ3-related studies. Laugel et al.

denote a counterfactual as a specific data instance that

changes the algorithm’s prediction [100]. Poyiadzi et al.

denote a counterfactual to be ‘‘the new state of the object’’

[49]. Nevertheless, the most commonly acceptable definition

of a contfactual in the observed RQ3-related studies states

that a contfactual explanation is a set of minimal feature

modifications that makes the model change the prediction

[81], [105], [122].

V. DISCUSSION

The findings show that a large body of research has been

elaborated on theoretical accounts of contrastive, counterfac-

tual, and contrastive-counterfactual explanation. In addition,

the topic has recently attracted attention from researchers

in XAI (see Fig. 13). Thus, 50 out of the 52 considered

state-of-the-art contfactual explanation generation frame-

works (96.15%; RQ2) have been developed from 2017 to

2020.

The results of the study, in relation to RQ1, show that a

majority of the considered theoretical accounts of contfactual

explanation (49 out of 74; 66.22%) speculate on the causal

nature of explanation. However, whereas most researchers

in philosophy of science have mainly used the concept of

counterfactuality to explain causal relations between enti-

ties in question, causal inference is poorly addressed in the
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TABLE 10. A summary of characteristics of theoretically grounded computational frameworks for contfactual explanation generation. CT stands for
contrastive explanation, CF means counterfactual explanation, and CT-CF is contrastive-counterfactual explanation.

FIGURE 13. Numbers of theoretical and computational contfactual explanation generation frameworks
grouped by year of publication. For illustrative purposes, only the studies published from January 1990 to
September 2020 are displayed.

pool of publications concerning computational frameworks

of contfactual explanation generation. Kean directly refers

to a causal account of contrastive explanation to address the

problem of abductive reasoning [93]. In addition, Lucic et al.

[56] explicitly specify that their method is based on previous

work on philosophical accounts of contrastive explanation

[12] as well as on causal attribution [165], [166]. Kusner et al.

[55] make use of causal inference models and the correspond-

ing tools provided by Pearl [37]. They assess how discrimi-

natory the generated counterfactual explanations are for the

given classification task output. On the other hand, Bertossi

redefines the concept of causal explanation [67]. Following

a causal account of contfactual explanation, Fernández et al.

introduce weakly causal irreducible counterfactual explana-

tion [136]. As most of the current ML-tasks are centered

around singling meaningful patterns out from unstructured

data, establishing causal relations appears to be among the AI

problems that are yet to attract global attention. This partly

explains why most of the modern contfactual explanation

generators focus on feature perturbation when searching for

the most relevant contfactuals and not establishing causal

relations between them.

At the same time, the other computational frameworks

are primarily non-causal. Furthermore, a strikingly low num-

ber of such frameworks appear to be rooted in theoretical

accounts of explanation due to an imbalance in favor of

causality-oriented theoretical accounts. However, the amount

of publications forRQ3 may be somewhat misleading, as con-

tfactual explanations are often redefined without specifically

referring to theoretical contributors in explanation. This is

VOLUME 9, 2021 11995



I. Stepin et al.: Survey of Contrastive and Counterfactual Explanation Generation Methods for Explainable AI

hypothesized to be due to the problem-specific necessities

ignored in previous theoretical works from different branches

of science. For instance, Laugel et al. emphasize that the

minimal perturbations required to change the predicted class

of a given observation enable a user to understand which

features locally impact the prediction and therefore how it

can be changed [144]. In this interpretation, counterfactual

explanations are conceptually most similar to counterfac-

tuals as defined by Lewis [36]. Indeed, while the concept

of ‘‘the closest possible world’’ does not always appear in

the related publications, it turns out to be implicitly wired

in almost all works. Instead, other considered frameworks

do not appeal directly to any of the theoretical accounts

of explanation addressed in RQ1. Hence, it is worthwhile

taking a look at how contrastive and counterfactual expla-

nations are redefined in the frameworks not appearing in

Section IV-D.

In general, a consensus among researchers has been

observed on how contfactual explanations are defined irre-

spective of the theoretical framework proposed by individual

authors. In humanities and social sciences, a major difference

in various contfactual theories of explanation is observed to

concern the causal nature of explanation and its extrapolation

to non-causal cases. In computer science and AI, notions of

counterfactual and contrastive explanation are found to be the

most dissimilar when applied to non-overlapping problems.

Nevertheless, the corresponding line of research in AI makes

little use of the rich theoretical background accumulated by

now. While some rule-based approaches used in expert sys-

tems are justified theoretically (e.g., see [93]), newly emerg-

ing tasks present novel challenges for theorists and call for

updating the theories developed so far.

More precisely, ML-specific contfactual explanations are

designed to answer the question: ‘‘Why was the outcome Y

observed instead of Y ′?’’ [148]. Anjomshoae et al. define

finding a contrastive explanation as ‘‘contrasting instance

against the instance of interest’’ [129]. Fernández et al. spec-

ify that a counterfactual is generally regarded as a hypo-

thetical instance similar to an example whose explanation

is of interest but with a different predicted class [80]. Also,

counterfactual explanations ‘‘show a difference in a particular

scenario that causes an algorithm to change its mind’’ [155].

As a majority of the considered frameworks are designed

for tackling classification problems, contfactual explanations

operate on the notion of a contrast-class (e.g., see [155])

answering the question: ‘‘How is the prediction altered when

the observation changes, given a classifier and an observa-

tion?’’ Furthermore, these changes are normally expected to

be minimal [143].

However, certain application domains as well as the selec-

tion of a classifier require researchers to redefine contfactuals

imposing task-dependent constraints, which makes it nearly

impossible to connect them to any of the existing theories of

contfactual explanation. For instance, Martens and Provost

define a contrastive explanation for a document classification

task to be aminimal set of words such that removing all words

within this set from the document changes the predicted class

from the class of interest [146]. In addition, Guidotti et al.

reformulate a counterfactual to be a set of split conditions of a

decision tree describing theminimal number of changes in the

feature values of a test example [140]. In image classification,

it is found necessary to detect specific regions in the given

test image. For this type of tasks, the contrastive explanation-

seeking question is formulated as follows: ‘‘Which parts of

the image, if they were not seen by the classifier, would most

change its decision? or which inputs, when replaced by an

uninformative reference value, maximally change the classi-

fier output?’’ [133], [139]. Similarly, Dhurandhar et al. ask

what should be minimally and necessarily present and absent

in the given image to justify its classification [135]. Alter-

natively, counterfactuals are viewed as ‘‘solutions that are

guaranteed to map back onto the underlying data structure’’

[153]. Redefined contrastive explanations are also found in

the domain of robotics and automatic planning. According

to Sukkerd et al., a contrastive explanation answers the

question why a generated behavior is optimal with respect

to the planning objectives of an autonomous system [157].

Alternatively, contrastive explanations are used to answer

why-not questions about the system’s behavior in which the

consequences of the counterfactuals in question are pointed

out [161].

In addition, the nature of the explanation-seeking questions

for computational frameworks deserves further discussion.

Sokol and Flash distinguish three types of counterfactual

explanations: (1) a plain counterfactual (‘‘Why?’’) generated

as the shortest possible class-contrastive counterfactual; (2) a

counterfactual explanation not conditioned on the indicated

feature(s) (‘‘Why despite?’’); and (3) a (partially) fixed coun-

terfactual explanation (‘‘Why given?’’) which is conditioned

on a predetermined set of features [46]. Hilton proposes

different types of contrastive questions such as: (1) ‘‘Why X

rather than not X?’’; (2) ‘‘Why X rather than the default value

for X?’’ and (3) ‘‘Why X rather than Y?’’ [166]. Following

this distinction, Akula et al. extend this set of contrastive

questions to formulate ten contrastive question types for

counterfactual explanation generation [128] (see Section IV-

C4). Alternatively, only linguistic templates for such expla-

nations are defined without any theoretical grounding in

accordance with any accounts described in Section IV-B. For

instance, Sokol and Flash define a counterfactual explanation

to be a piece of text following the template: ‘‘The prediction

is 〈prediction〉. Had a small subset of features been differ-

ent 〈foil〉, the prediction would have been 〈counterfactual

prediction〉 instead’’ [155].

Remarkably, a wide range of frameworks favor automatic

evaluation methods. Thus, they rarely place the end-user in

the center of the explanation evaluation process. However,

we find an increasing number of interactive frameworks that

attempt not only to present the automatically generated expla-

nations to the end-user but also interact with him or her [46],

[150], [155]. Promoting interactivity (e.g., by engaging the

end-user to participate in an explanatory dialogue with the
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system) is expected to make explanation social and further

increase user’s trust in the system’s output.

VI. CONCLUDING REMARKS

In this work, we made two main contributions. First, we pro-

vided readers with an overview on theoretical accounts

of contrastive, counterfactual, and contrastive-counterfactual

explanation as well as frameworks of automatic generation

thereof. This overview was based on a systematic literature

review. This research methodology allowed us to carry out

an unbiased reproducible study from an interdisciplinary

topic-specific search in reputable and trustworthy sources.

Second, we proposed a two-level taxonomy of the aforemen-

tioned types of explanation with the aim of providing a well-

established tool that allows us to jointly analyze different

proposals in this research field. As a result, this taxonomy

facilitates the comparison of approaches and publications.

We expect that it raises awareness in researchers in the com-

munity about main categories (definitions, practical frame-

works, etc.) and subcategories (causal, non-causal, etc.) in the

taxonomy. Moreover, we hope that it helps properly charac-

terize the body of work and leverages a deeper collaboration

and citation among similar related work.

The findings allow us to draw the following remarks. Con-

trastive and counterfactual explanations are found to be in

great demand across various sub-fields of AI. Mainly applied

to a wide range of tasks in computer vision and natural lan-

guage processing, they present a powerful tool that enhances

human-machine interaction and allows for further person-

alization of the output generated by various AI algorithms,

including ML-based black-box algorithms.

In our systematic review, we introduced the term ‘‘cont-

factual explanation’’ to unify the aforementioned families of

explanation to subsequently analyse the existing approaches

to them from three points of view.

First, we investigated theoretical accounts of contfactual

explanation to infer the similarities and differences among

the existing theoretical approaches. Contfactuals are found

to address both causal and non-causal dependencies. Hence,

being a significant challenge, unification of causal and non-

causal explanatory engines within a contfactually-driven

framework opens new perspectives for the XAI community.

Second, existing computational frameworks for contfac-

tual explanation generation have been inspected. Despite the

fact that the notion of contfactual explanation is found to

be highly task- and domain-specific, the most commonly

accepted definition of a contfactual explanation in the context

of XAI refers to a minimal set of feature modifications that

makes the model change the prediction. A crucial short-

coming relevant to the inspected frameworks is a lack of

standardization with respect to the evaluation methods.While

designing a set of standard evaluation metrics is particularly

complicated due to a different nature of the tasks that these

explanations serve, this is hypothesized to be among major

factors preventing researchers from making faster progress

in solving the problem of contfactual explanation generation,

as it complicates a fair evaluation of newly developed frame-

works against the state-of-the-art equivalents. Furthermore,

as automatically generated explanations are meant to be user-

oriented, more effort is needed to include end-users in the

process of assessing the generated explanations.

Third, a synergy between the related theories and compu-

tational frameworks has been investigated. We find that a gap

between philosophical accounts of contfactual explanation

to scientific modeling and ML-related concepts makes the

theoretical frameworks poorly applicable to XAI. In addi-

tion, the existing methodological differences affect greatly

the definition of contfactual explanation found across various

approaches. In fact, definitions vary depending on domains of

science and even approaches used for solving specific tasks.

Finally, we believe a joint interdisciplinary effort of

researchers from both humanities and computational sciences

can be particularly fruitful for further progress in contfactual

explanation generation.
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