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be evaluated for comprehensively assessing the quality of an explanation. Our so-called Co-12 properties
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provides researchers and practitioners with concrete tools to thoroughly validate, benchmark, and compare
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1 INTRODUCTION

Recent decades have seen rapid development and extensive usage of Artificial Intelligence (AI)

and Machine Learning (ML). The size and complexity of these models grew in pursuit of predic-
tive performance. However, the focus on accuracy alone is increasingly coming under criticism,
since it leaves us with big black-box models with non-transparent decision making, which prevents
users from assessing, understanding, and potentially correcting the system. The necessity for inter-
pretable and explainable AI (XAI) therefore arises, aiming to make AI systems and their results
more understandable to humans [1]. Especially the emergence of deep learning in the past decade
has led to a high interest in developing methods for explaining and interpreting black-box systems.

With an increasing number of XAI methods, the demand grows for suitable XAI evaluation
metrics [1, 19, 29, 86, 143]. This need is not only recognized by the AI community, as the Human-

Computing Interaction (HCI) community is also concerned with developing transferable
evaluation methods for XAI [64]. In addition, a research agenda for Hybrid Intelligence [6] has
explicitly formulated a research question asking how the quality and strength of explanations can
be evaluated. Whereas traditional performance indicators exist to evaluate prediction accuracy
and computational complexity, auxiliary criteria such as interpretability may not be easily quan-
tified [62]. This difficulty is part of the reason for the huge variation in explanation techniques,
and the optimal evaluation methods and measures could depend on the application domain, the
type of explanation, the type of data, the background knowledge of the user and the question to
be answered. The XAI community has yet to agree upon standardized evaluation metrics to go
beyond often reported anecdotal evidence showing individual, convincing examples that pass the
first test of having “face-validity” [62]. Evaluation is then only based on “the researchers’ intuition
of what constitutes a good explanation” [163]. The lack of quantitative evaluation impedes
interpretability research, since anecdotal inspection is not sufficient for robust verification [143].
Many authors (e.g., [2, 111, 134, 143]) argue that relying on such anecdotal evidence alone is
insufficient and that other aspects of the explanations should be evaluated as well.

Whereas interpretability can be presented as a binary property, we consider interpretability a
multi-faceted characteristic and argue that a quantitative way of measuring interpretability should
result in a multi-dimensional view indicating the extent to which certain properties are satisfied.
Having a set of quantitative, and preferably automated, metrics for various properties would al-
low researchers and practitioners to (a) assess and validate the interpretability of a single expla-
nation method and its explanations, (b) objectively compare and benchmark multiple explanation
methods, and (c) add interpretability as optimization criteria during model training to tune the
accuracy-interpretability trade-off.

Contributions. This survey contributes to the demand for XAI evaluation methods with a
systematic review on the evaluation of explainability and interpretability1 methods. Specifically,

1Regarding terminology: “interpretability” and “explainability” are closely related and often used interchangeably in the
XAI context [29, 32]. We equate them in this survey as well. The same holds for “explainable artificial intelligence” and
“interpretable machine learning.” See also Section 1.1.
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we collected 606 papers (2014–2020) published at 12 flagship computer science conferences in a
structured manner, of which 312 introduced an XAI method (Section 3.1). Our categorization of ex-
plainable AI methods is available on our interactive website at https://utwente-dmb.github.io/xai-
papers/. Analysis of this set of papers provide quantitative insights into the extent and nature of
research activity in XAI and the evaluation of the resulting explanations (Section 5). For instance,
we have found that feature importance is the most common explanation type and that the majority
of XAI methods explain single predictions rather than providing global insights about the model
reasoning. Moreover, one in three papers evaluate exclusively with anecdotal evidence, and one in
five papers evaluate with a user study. Additionally, we argue that explainability is a multi-faceted
concept and make this explicit with our Co-12 properties of explanation quality. We use Co-12 as
categorization scheme for the analysis of quantitative evaluation methods in papers that introduce,
apply or evaluate an XAI method (361 papers in total). As a result, Section 6 presents an overview
of quantitative evaluation and benchmarking methods for explainable AI. Hence, we address the
frequently reported lack of quantitative evaluation methods [1, 19, 80, 86, 143] and respond to
the call for automated and quantifiable evaluation metrics for robust and falsifiable explainability
research [143]. We hope that our collection of evaluation methods will facilitate a more complete
and inclusive evaluation for objectively validating and comparing new and existing XAI methods.
Our overview can serve as a handbook for researchers and practitioners that are looking for
suitable evaluation methods to evaluate multiple aspects of their XAI method. Last, Section 7
discusses the implications of our results and identifies research opportunities for the XAI domain.
The most promising potential we see for XAI research is to shift from evaluating explanations to
incorporating explanation quality metrics into the training process to optimize for explainability.

Reader’s Guide. Since Explainable AI is of interest to a broad range of people from XAI re-
searchers to ML practitioners, we provide guidance for various types of readers as follows:

• All readers: Table 2 presents our Co-12 properties, a high-level decomposition of expla-
nation quality, such as Completeness, Correctness, and Compactness. Our definition of
explanation is introduced in Section 1.1.
• Readers who want to evaluate XAI methods: Table 3 summarizes our collection of

automated, quantitative evaluation methods. This overview provides tools for researchers
and practitioners to thoroughly validate and compare XAI methods. Section 6 describes
each automated evaluation method and its variations in more detail.
• Readers interested in trends and evaluation practices in XAI: Sections 4 and 5 quan-

titatively summarize our findings on research activity in XAI (2014–2020) and evaluation
practices: from anecdotal evidence to user studies. For example, we find that one in five
papers evaluate with users. Additionally, Section 7 provides a unifying, conclusive view on
XAI evaluation practices and presents research opportunities.
• Readers looking for available XAI methods: Our website, https://utwente-

dmb.github.io/xai-papers/, which has 312 papers that introduce an explainable AI method, is
a useful starting point for anyone searching for specific explainable AI methods. Based on our
categorization as presented in Figure 2, readers can filter XAI methods on, e.g., type of data,
type of explanation and type of task. Different explanation types are summarized in Table 1.
• Readers interested in theory of XAI evaluation: Section 2 is recommended as back-

ground reading, as it summarizes related work, presents pros and cons of evaluating with
users, and discusses the discrepancy between objective and subjective evaluation.

Comparison with other surveys. In contrast to most XAI surveys that review explainability
methods, we focus on the evaluation of explainability. Some surveys discuss evaluation as part of a
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broader review of XAI methods [1, 29, 32, 44, 58, 80, 119, 166, 169, 177, 300], or mainly discuss eval-
uation with user studies [51, 100, 134, 166]. Others discuss XAI evaluation within a limited scope,
by focusing on an application domain or subarea of XAI: e.g., on the healthcare domain [159],
the evaluation of local explanations [85], contrastive and counterfactual explanations [235],
or explanations and their evaluation for recommender systems [177, 245]. Closest related to
our work is the survey of Zhou et al. [306] that presents a concise overview and discussion
regarding evaluating XAI without a structured literature review, and the work of Vilone and
Longo [258] that present a list of concepts related to explainability and discuss evaluation methods
in combination with explainable AI methods. In contrast to previous surveys, we conducted a
large-scale, systematic review on the evaluation of explainability in a broad context, resulting
in qualitative and quantitative insights and therefore aiming to offer guidance on future XAI
evaluations.

1.1 Definitions and Terminology

Explanations have been discussed for decades in many research areas. However, various contexts
may require different types of explanations. No definition therefore precisely captures the scope
of all different settings. In this survey, we focus on the context of explainable artificial intelligence

and interpretable machine learning. Those terms, together with explainability and interpretability

(and to some extent also intelligibility) are often used interchangeably [29, 32, 93, 167, 172]. Some
argue that the terms are closely related but distinguish between them [19, 80, 169, 210], although
there is no consensus on what the distinction exactly is [23]. We equate them (and use them in-
terchangeably) to keep a general, inclusive discussion and to ensure that we do not exclude work
because of different terminology. We consider related concepts such as fairness, safety, causality,
ethical decision making and privacy [19, 62, 147] out of scope.

We frame explanations in the context of explainable artificial intelligence and define an explana-
tion as follows:

Definition

An explanation is a presentation of (aspects of) the reasoning, functioning and/or be-
havior of a machine learning model in human-understandable terms.

The definition of explanation is inspired by work of van Lent et al. [255] who coined the term
XAI. Quoting van Lent et al. [255]: “Ideally, this Explainable AI can present the user with an easily
understood chain of reasoning from the user’s order, through the AI’s knowledge and inference, to
the resulting behavior.” The fact that the explanation should be “easily understood” is also empha-
sized by others: “systems are interpretable if their operations can be understood by a human” [26]
and “an interpretation is the mapping of an abstract concept into a domain that the human can
make sense of” [169]. We adopt the phrasing of Doshi-Velez and Kim [62] who define interpretabil-
ity as the ability “to explain or to present in understandable terms to a human.”

We specifically included “reasoning, functioning and/or behavior” in our definition to capture
different types of explanations, which can be roughly related to the three approaches identified by
Gilpin et al. [80]. Reasoning refers to the process on how a model came to a particular decision. In
Gilpin’s terms, it explains the “processing” of data to answer the question “Why does this particular
input lead to that particular output?” Functioning refers to the (internal) workings and internal
data structures of the machine learning models, and therefore relates to the “representation of
data” [80]. Behavior refers to how the model globally operates without specifically analyzing the
internal workings (e.g., by observing input and output), which can “simplify interpretation” [80].
The inclusive or indicates that an explanation can satisfy multiple goals.
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Terminology and Notation. In this paragraph, we introduce our terminology with correspond-
ing notation to allow an unambiguous review and discussion in the rest of this article. Let f be
a predictive machine learning model, such as a neural network or decision tree, trained to take
some data as input and predict the corresponding output. Given input x , the predictive model f
outputs a prediction f (x ). Let e denote an explanation method, which generates explanations. The
explanation method can produce a local explanation, which explains a single prediction, denoted
as e ( f (x )), or a global explanation explaining the predictive model as a whole: e ( f ). The expla-
nations generated by explanation method e are of a certain explanation type, e.g., a decision tree,
heatmap or rule list. In case of an intrinsically interpretable model (also called self-explaining [8]),
the predictive model is already explainable by design, since interpretability is built into the archi-
tecture. For such self-explaining methods, the model and explanation method are the same, i.e.,
e = f , such that f (x ) = e (x ).

2 RELATED WORK: ANECDOTAL EVIDENCE, FUNCTIONAL EVALUATION, AND

USER STUDIES

We identified two main themes in the literature on XAI evaluations: (1) the difference between eval-
uating plausibility and correctness of an explanation, (2) XAI evaluation with or without users. The
following two subsections summarize opinions from existing literature on each of these themes.

2.1 Evaluating Plausibility or Correctness of an Explanation

Whereas standard evaluation metrics exist to evaluate the performance of a predictive model, there
is no agreed-upon evaluation strategy for explainable AI. As a result, a common evaluation strategy
is to show individual, potentially cherry-picked, examples that look reasonable [172] and pass
the first test of having “face-validity” [62]. Many authors argue that relying on such anecdotal
evidence alone is insufficient and can even be “misleading” [2]. Leavitt and Morcos [143] note
that researchers too frequently assume that an explanation method and the resulting explanation
are faithful. “Intuition is essential for building understanding” but “unverified intuition [...] can
facilitate misapprehension” [143]. They argue that the lack of quantitative evaluation impedes
interpretability research, since anecdotal inspection is not sufficient for robust verification.

Related, several papers warn that evaluating the plausibility and convincingness of an explana-
tion to humans is different from evaluating its correctness, and these evaluation criteria should not
be conflated. Jacovi and Goldberg [111] argue that it is not guaranteed that a plausible explanation
is also truthfully reflecting the reasoning of the model. Petsiuk et al. [190] believe that “keeping hu-
mans out of the loop for evaluation makes it more fair and true to the classifier’s own view on the
problem rather than representing a human’s view.” Gilpin et al. [80] explain that an unreasonable-
looking explanation could indicate either an error in the reasoning of the predictive model, or an
error in the explanation producing method. Visual inspection on the plausibility of the explana-
tion, such as anecdotal evidence, cannot make this distinction. We can relate this to the well-known
phrase “garbage in, garbage out”: when the machine learning model is trained on flawed data, it
learns nonsensical relations, which are in turn shown by the explanation. The explanation might
then be perceived as being wrong, although it is truthfully reflecting the model’s reasoning. Zhang
et al. [295] identify this as main shortcoming when evaluating explainable AI and state that check-
ing whether an explanation “looks reasonable” only evaluates the accuracy of the black box model
and is not evaluating the faithfulness of the explanation. Adebayo et al. [2] motivate this issue
with a clear example: they show that saliency maps to explain computer vision tasks can be highly
similar to edge detectors. Visual inspection would be insufficient to differentiate edge detection
from model-sensitive explanations. “Here the human observer is at risk of confirmation bias when
interpreting the highlighted edges as an explanation of the class prediction” [2].
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These commentaries relate to the inherent coupling of evaluating the black box’ predictive ac-
curacy with explanation quality. As pointed out by Robnik-Šikonja and Bohanec [207], the cor-
rectness of an explanation and the accuracy of the predictive model may be orthogonal. Although
the correctness of the explanation is independent of the correctness of the prediction, visual in-
spection cannot distinguish between the two. Samek et al. [214] analyze this issue for heatmaps
that explain computer vision algorithms: “the heatmap quality does not only depend on the algo-
rithms used to compute a heatmap but also on the performance of the classifier, whose efficiency
largely depends on the model being used, and the amount and quality of available training data.”
Gilpin et al. [80] find it unethical to optimize an explanation towards hiding undesirable attributes.
They argue that explanation methods should be evaluated on “how they behave on the curve from
maximum interpretability to maximum completeness” [80].

2.2 Evaluating With or Without User Studies

Related to the discussion on evaluating plausibility is the discussion on evaluating with or without
users. Doshi-Velez and Kim [62] propose to categorize the evaluation of interpretability with a
3-level taxonomy. The top level contains application-grounded evaluation and involves human
subject experiments with domain experts within a real application, such that the method can be
evaluated by the intended users with respect to a particular task. The second level contains human-

grounded evaluation and involves user studies with lay persons on simplified tasks that “maintain
the essence of the target application” [62]. This evaluation level is suitable when researchers want
to evaluate more general notions of explanation quality instead of one particular end-goal, or when
reaching the target user is difficult due to, e.g., high costs or a low number of available domain
experts. The controlled human experiments can result in subjective results by asking users for
perceived quality, or objective results by measuring performance of participants on specific tasks.

The third level of the taxonomy [62] contains the functionally grounded evaluation approach,
which includes evaluation where human experiments are not needed but instead uses computa-
tional proxy measures for interpretability. For example, measuring the size of the explanation or
validating feature importance by perturbing model input. Doshi-Velez and Kim [62] discuss the po-
tential advantages of this evaluation type: besides saving time and costs and therefore being more
scalable, it can be particularly appropriate when user studies are unethical or when the method is
not yet mature enough for evaluation with users. However, they also emphasize that these proxy
metrics are best suited once user studies have already confirmed the interpretability of the model
class. This is in accordance with Miller et al. [164] who state that proxy metrics are valid evalua-
tions, but the authors support more intensive human evaluations to have “real-world impact.”

Others put extra arguments forward in favor of automated metrics where no user involvement is
needed. User studies for machine learning research often depend on online crowd platforms such
as Amazon Mechanical Turk, which can lead to ethical issues. Critics argue that these platforms
are largely unregulated and that workers are poorly compensated [91, 220]. Results from user
studies are also “rarely replicable or even comparable” [263]. Additionally, besides saving time and
resources [159], Herman [97] and Ancona et al. [10] argue that user studies imply a strong bias
towards simpler explanations that are closer to the user’s expectations, “at the cost of penalizing
those methods that might more closely reflect the network behavior” [10]. “A good explanation
method should not reflect what humans attend to, but what task methods attend to” [196]. This
relates to the discussion in Section 2.1 on anecdotal evidence as evaluation strategy. Validating
explanations with users can unintentionally combine the evaluation of explanation correctness
with evaluating the correctness of the predictive model. Leavitt and Morcos therefore plead for
“clear, specific, testable, and falsifiable hypotheses” that dissociate the evaluation of the explanation
method from the predictive model [143]. Quantitative evaluation also allows a formal comparison
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Fig. 1. Flow diagram showing the number of papers through the different phases of the reviewing process.
A more detailed description of our paper collection process, inclusion and exclusion criteria, and reviewing
process is available in Supplementary Material.

between various explanation methods [159], and contrasting them under different applications
and purposes [19]. In the context of usability evaluation in the HCI community, Greenberg and
Buxton [84] argue that there is a risk of executing user studies in an early design phase, since
this can quash creative ideas or promote poor ideas. Miller therefore argues that proxy studies are
especially valid in early development [164]. Qi et al. [199] indicate that “evaluating explanations
objectively without a human study is also important, because simple parameter variations can
easily generate thousands of different explanations, vastly outpacing the speed of human studies.”

2.3 Discussion: Relation to Our Work

The discussions in the field have illustrated that evaluation of explanations is not self-evident and
shows various pitfalls. We also found that explainability is indeed not a binary property, and that
various aspects of an explanation should be evaluated independently of each other. Since knowl-
edge about which aspects constitute a good explanation is scattered, this survey presents an aggre-
gated view of what to evaluate by introducing 12 properties on explanation quality (Section 3.3).
Our property “Correctness” addresses the faithfulness of an explanation with respect to the predic-
tive model, whereas “Coherence” addresses the plausibility of an explanation. Hence, both prop-
erties can be evaluated separately. Additionally, Section 6 presents an overview of quantitative
evaluation methods and categorizes them along our so-called Co-12 properties. This contribution
concretely addresses how to evaluate different aspects of an explanation, and therefore provides
conceptual guidance to the XAI community. We specifically focus on functionally grounded eval-
uation. A concise overview of evaluation methods with user studies is provided in Supplementary
Material.

3 METHODOLOGY

3.1 Paper Selection

We collected papers in a structured manner to provide both quantitative and qualitative insights
about the XAI domain based on a large corpus of scientific work on XAI evaluation methods. Since
the literature on XAI is highly diverse and distributed across different (sub)disciplines, we selected
literature published from 2014 to 2020 at one of the following 12 prominent conferences: AAAI,
IJCAI, NeurIPS (formerly NIPS), ICML, ICLR, CVPR, ICCV, ACL, WWW, ICDM, SIGKDD (also
called KDD), and SIGIR. We used DBLP2 to conduct a keyword search in publication titles with
the following search query: explain* OR explanat* OR interpret* to capture terms including
explainable, explaining, explanation, interpretable and interpretability. This search, conducted on
the 4th of May 2021, resulted in 606 papers. We manually excluded companion papers (such as
workshop papers and tutorials), resulting in 494 papers. To only include relevant papers in our
analysis, we apply the following inclusion criterion:

2https://dblp.org/.
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Fig. 2. Categorization of explainable AI methods along six dimensions: type of data used as input x to pre-
dictive model f , type of explanation, type of explanation problem that is addressed, type of predictive model
to be explained (f ), type of task for which model f is used, and the type of method used to explain. Papers
can address multiple categories per dimension.

Original work introducing, applying, and/or evaluating one or more methods for explaining a machine

learning model.
Applying the inclusion criteria led to 361 papers being included, as shown in Figure 1. Subse-

quently, we can apply a filter that only selects the papers that introduce an XAI method, resulting
in 312 papers. We apply this filter to analyze how introduced XAI methods are evaluated when
they are first presented (Section 5). For collecting all evaluation methods, we review all 361
included papers, since 49 papers do not introduce a new XAI method, but could contain relevant
evaluation metrics to compare and evaluate existing XAI methods. We do not want such papers
to skew our quantitative results in Section 5, but include them in our evaluation overview in
Section 6 for completeness. A more detailed description of our paper collection process, inclusion
and exclusion criteria, and reviewing process is available in Supplementary Material.

3.2 Review Protocol: Categorization of Explainable AI Methods

For further analysis of the included papers, we categorize each paper and analyze the properties of
the explanation method and the evaluation of the explanations in more detail. For each included
paper, we review the main content and do not consider appendices and supplementary material.
Each included paper is first categorized along six dimensions, to create a structured overview
of XAI methods. Figure 2 summarizes the 6 dimensions and their corresponding categories. The
following paragraphs discuss three dimensions in more detail.

We adopt the taxonomy of Guidotti et al. [86], presenting four types of problems that an XAI
method can solve: (i) Model Explanation—globally explaining model f through an interpretable,
predictive model; (ii) Model Inspection—globally explaining some specific property of model f or
its prediction; (iii) Outcome Explanation—explaining an outcome/prediction of f on a particular
input instance; (iv) Transparent Box Design—the explanation method is an interpretable model
(i.e., e = f ) also making the predictions. Note that a set of outcome explanations can collectively
comprise a global explanation for model inspection (cf. e.g., [73, 156, 205]). For details regarding
this taxonomy, we refer to Section 4 of the survey by Guidotti et al. [86].
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Table 1. Overview of Types of Explanations

Category Description and Examples

Decision Rules Logical rules, incl. decision sets [137], anchors [205], decision tables [108] and
programs [256].

Decision Tree Rooted graph with conditional statement at each node, e.g., ProtoTree [174].

Disentanglement Disentangled representation, where each disjoint feature might have a semantic
meaning, e.g., InfoGAN [46].

Feature Importance Set of 1-dimensional non-binary values/scores to indicate feature relevance, feature
contribution or attribution. A feature is not necessarily an input feature to predictive
model f , but it should be a feature in the explanation. Examples include SHAP [155]
and importance scores by LIME [204].

Feature Plot Plot or figure showing relations or interactions between features or between
feature(s) and outcome. Examples include Partial Dependence Plot [72], Individual
Conditional Expectation plot [81] and Feature Auditing [5].

Graph Graphical network structure with nodes and edges, e.g., Abstract Policy Graph [247],
Knowledge graph [270], Flow graph [213] and Finite State Automata [103].

Heatmap Map with at least 2 dimensions visually highlighting non-binary feature attribution,
activation, sensitivity, attention or saliency. Includes attention maps [218],
perturbation masks [70] and Layer-Wise Relevance Propagation [18].

Localization Binary feature importance. Features can be any type of covariate used in the
explanation, such as words, tabular features, or bounding boxes. Examples include
binary maps with image patches [204], segmentation [104] and bounding
boxes [297].

Prototypes (Parts of) Representative examples, including concepts [125], influential training
instances [90], prototypical parts [35, 174], nearest neighbors and criticisms [124].

Representation
Synthesis

Artificially produced visualization to explain representations of the predictive model.
Examples include generated data samples [231], Activation Maximization [175] and
feature visualization [178].

Representation
Visualization

Charts or plots to visualize representations of the predictive model, including
visualizations of dimensionality reduction with scatter plots [254], visual cluster
analysis [148] and Principal Component Analysis.

Text Textual explanation via natural language, e.g., [30, 201].

White-box Model Intrinsically interpretable models. Predictive model f is interpretable and therefore
acts as explanation. Examples include a scoring sheet [253] and linear regression.
Decision Rules and Decision Trees do not fall into this category, since they are
categories on their own.

Other Explanation that does not fit any other category.

We identified three different types of general types of methods used to explain a machine
learning model: (i) Post-hoc explanation methods (also called reverse engineering [86]): explain
an already trained predictive model; (ii) Interpretability built into the predictive model, such as
white-box models, attention mechanisms or interpretability constraints (e.g., sparsity) included in
the training process of the predictive model; and (iii) Supervised explanation training, where a
ground-truth explanation is provided to train the model to output an explanation.

Evaluation methods are often specific for a specific type of explanation, thus we categorize each
paper by type of explanation. In contrast to most XAI surveys, we disregard the explanation con-
struction approach but focus on the explanation’s output format. Since we could not find a com-
plete and recent overview of explanation types, we reviewed recent XAI surveys [14, 58, 167, 280]
and adapted and extended the categories identified by Guidotti et al. [86] with these insights. We
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grouped some explanation types and separated others based on the expected difference in evalua-
tion metrics resulting in the 14 categories outlined in Table 1. Note that some explanation methods
combine multiple explanation types, thus the categories are not mutually exclusive w.r.t. expla-
nation methods. We do not consider counterfactual explanations a separate category. Although
counterfactual explanations answer a different type of question, the type of explanation utilized is
still one of the above categories.

3.3 Review Protocol: Evaluation of XAI methods with Co-12 Properties

When reviewing the evaluation of an XAI method, we distinguish between evaluation with users
and without users. We focus on the evaluation of explanation method e and/or its produced ex-
planations. Hence, this is not about the evaluation of predictive model f , and we do not take the
evaluation of predictions into account. Therefore, evaluation metrics that evaluate f or the predic-
tions of f , such as task accuracy and computation time, are not included. Additionally, evaluation
metrics for e that do not directly influence explanation quality (such as run time or construction
overhead of e [241]), are also excluded. Last, we excluded quantitative methods that use explana-
tions to get more insights into the predictive model. Such approaches are not about evaluating

explanations, but rather utilize explanations to investigate model f . For example, explainable AI
is used to analyze whether model f is fair [74] or biased [162, 231], whether f is right for the right
reasons [206], or whether f is overfitting [39].

As summarized in Figure 3, we analyzed for each paper whether exclusively anecdotal evidence
is presented for evaluating the quality of the XAI method. For all other evaluation methods, we
collected a short description on how it works, whether the measure is qualitative or quantitative
and which property is evaluated. Additionally, for user studies, we assess whether the study is
application-grounded, i.e., in a real application with domain experts (following the taxonomy of
[62]) or human-grounded, i.e., using simplified, but similar tasks with lay persons.

Co-12 Explanation Quality Properties. Different aspects regarding explanation quality can
be evaluated, as also discussed in Section 2.1. We therefore argue that explainability is a non-
binary characteristic, that can be measured by evaluating to what degree certain properties are
satisfied. Based on conceptual literature that discusses explanation quality and properties of a good
explanation, we identified 12 desired explanation properties that together present an aggregated
view of what to evaluate. We paid specific attention to covering as much of the reviewed properties
as possible, minimizing semantic overlap between properties and grouping different terminology
that describe a similar property. Our so-called Co-12 properties (pronounce as co-twelve) regarding
explanation quality are presented below and summarized in Table 2.

Correctness addresses the truthfulness/faithfulness of the explanation with respect to predic-
tive model f , the model to be explained. Hence, it indicates how truthful the explanations are
compared to the “true” black box behavior (either locally or globally). Note that this property is
not about the predictive accuracy of the black box model, but about the descriptive accuracy of the
explanation [172]. Ideally, an explanation is “nothing but the truth” [131], and high correctness is
desired [8, 15, 25, 111, 130, 131, 207, 215, 233, 241, 282, 295].

Completeness addresses the extent to which the explanation explains predictive model f . Ide-
ally, the explanation provides “the whole truth” [131]. High completeness is desired [56, 130, 229,
233, 295, 306, 306] to provide enough detail, but it should be balanced with compactness and cor-
rectness: “don’t overwhelm” [130].

• Reasoning-completeness indicates the extent to which the explanation describes the en-
tire internal dynamic of the model [306]. One extreme is “revealing all the mathematical
operations and parameters in the system” [80] such as white-box models, which are by
definition fully reasoning-complete. The other extreme are global surrogate models that are
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Fig. 3. Our review protocol when reviewing the evaluation of an XAI method.

Table 2. Our Co-12 Explanation Quality Properties, Grouped by Their Most Prominent Dimension:
Content, Presentation, or User

Co-12 Property Description

C
on

te
n

t

Correctness Describes how faithful the explanation is w.r.t. the black box.
Key idea: Nothing but the truth

Completeness Describes how much of the black box behavior is described in the explanation.
Key idea: The whole truth

Consistency Describes how deterministic and implementation-invariant the explanation method is.
Key idea: Identical inputs should have identical explanations

Continuity Describes how continuous and generalizable the explanation function is.
Key idea: Similar inputs should have similar explanations

Contrastivity Describes how discriminative the explanation is w.r.t. other events or targets.
Key idea: Answers “why not?” or “what if?” questions

Covariate Describes how complex the (interactions of) features in the explanation are.
complexity Key idea: Human-understandable concepts in the explanation

P
re

se
n

ta
ti

on

Compactness Describes the size of the explanation.
Key idea: Less is more

Composition Describes the presentation format and organization of the explanation.
Key idea: How something is explained

Confidence Describes the presence and accuracy of probability information in the explanation.
Key idea: Confidence measure of the explanation or model output

U
se

r

Context Describes how relevant the explanation is to the user and their needs.
Key idea: How much does the explanation matter in practice?

Coherence Describes how accordant the explanation is with prior knowledge and beliefs.
Key idea: Plausibility or reasonableness to users

Controllability Describes how interactive or controllable an explanation is for a user.
Key idea: Can the user influence the explanation?

trained to give the same predictions as black box f , without considering any internal reason-
ing of f . A design choice should be made regarding the reasoning-completeness by selecting
an explanation type suited for a specific context. Therefore, reasoning-completeness is often
only evaluated qualitatively to compare different explanation types.
• Output-completeness addresses the extent to which the explanation covers the output of

model f . Thus, it is a “quantification of unexplainable feature components” [295] and mea-
sures how well the explanation method agrees with the predictions of the original predictive
model [32, 111].

Consistency checks that identical inputs have identical explanations [12, 101]. In practice, this
property addresses to what extent the explanation method is deterministic. Additionally, for ex-
planation methods that do not consider the internals of the black box but only observe input and
output, consistency regards implementation invariance, which states that two models that give the
same outputs for all inputs should have the same explanations [32, 207]. Atanasova et al. [15] add
that models with the same architecture but trained from different random seeds should give the

ACM Computing Surveys, Vol. 55, No. 13s, Article 295. Publication date: July 2023.



295:12 M. Nauta et al.

same explanations when they follow the same reasoning path. For explanation methods that do
consider the internals of the black box, Montavon [168] argues that implementation invariance is
still a desired property, but should then be evaluated without changing the actual function.

Continuity considers how continuous (i.e., smooth) the explanation function is that is learned
by the explanation method. A continuous function ensures that small variations in the input, for
which the model response is nearly identical, do not lead to large changes in the explanation [8,
15, 25, 32, 101, 168, 207, 215, 282]. Continuity also adds to generalizability beyond a particular
input [163, 233] or generalizability to new contexts [234].

Contrastivity addresses the discriminativeness of an explanation and aims to facilitate com-
parisons in relation to other targets or events [32]. Miller argues that an explanation should not
only explain an event, but explain it “relative to some other event that did not occur” [163]. Honeg-
ger [101] adds the separability property that non-identical instances from different populations
must have dissimilar explanations.

Covariate complexity considers the complexity of the covariates (i.e., features) used in the
explanation in terms of semantic meaning and interactions between the covariates and the target.
The covariates in the explanation should be comprehensible [32], and “concepts should have an im-
mediate human-understandable interpretation” [8]. This could mean that the variables used in the
explanation are different from the features given as input to model f , since “interpretable data
representations” are desired [204]. Also non-complex interactions between features are desired,
such as monotonicity [62]. Wilson et al. [273] found that humans favor smooth and simpler
functions, and have inductive biases towards recognizable patterns, such as step functions or a
sawtooth pattern.

Compactness considers the size of the explanation and is motivated by human cognitive ca-
pacity limitations. Explanations should be sparse, short and not redundant to avoid presenting an
explanation that is too big to understand [25, 56, 163, 229, 233, 306].

Composition considers the presentation format, organization and structure of the explana-
tion [32], such that the way in which the explanation is presented to the user increases its “clar-
ity” [306]. As mentioned by Huysmans et al. [108], “some representation formats are generally
considered to be more easily interpretable than others.” Hence, this property is about how some-
thing is explained instead of what is explained. Examples include the usage of higher-level infor-
mation [8], abstractions [62, 241] or suitable terminology [241], and not using explanations that
are circular [234]. Others compare the interpretability of different representation formats, such as
Booth et al. [28] evaluating logical sentences of different forms to investigate how to best present
propositional theories to humans, and Huysmans et al. [108] comparing the comprehensibility of
decision tables, trees and rule-based models.

Confidence concerns whether the explanation has a measure of certainty or other probability
information. It can reflect two facets of certainty: i) a confidence measure of the black box predic-
tion [15, 32, 207, 282], or ii) the truthfulness or likelihood of the explanation [15, 163, 229]. Opinions
are divided about the last facet of this property, since it is argued that referring to probabilities
might not be so effective, since people have difficulties to correctly estimate probabilities [163].

Context addresses the extent to which the user and their needs are taken into account for
comprehensible explanations [32]. Explanations should be relevant to the user’s needs and level of
expertise [163, 233]. Srinivasan and Chander [234] argue, from a cognitive science perspective, that
explanations should not only serve AI scientists, but a whole variety of stakeholders, e.g., policy
makers and customers.

Coherence assesses to what extent the explanation is consistent with relevant background
knowledge, beliefs and general consensus [32, 163, 233] and hence addresses reasonableness [80],
plausibility [111] and “agreement with human rationales” [15]. It is often argued that evaluating
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Fig. 4. Number of included papers per publication year.

coherence alone (with, e.g., anecdotal evidence) is not sufficient [143], and that coherence and cor-
rectness should not be conflated but evaluated separately [111]. Note that this property addresses
external coherence, and is different from internal coherence to indicate that parts in an explanation
fit together [292].

Controllability indicates to what extent a user can control, correct or interact with an expla-
nation [32, 130, 163, 233], since it is argued that “explanations are social” [163].

4 OVERALL STATISTICS OF INCLUDED PAPERS

Figure 4(a) shows that the number of papers on explainable AI and interpretable machine learning
is growing over the years. There were few papers in our set published in 2014 or 2015 (five and
three in total, respectively), which could be related to the fact that the topic itself was less popular
or that terms as “interpretability” and “explainable AI” were not yet used in these years [212]. We
see a steady increase of included papers since 2016. Especially 2018 shows a significant increase,
which corresponds with findings by Barredo Arrieta et al. [19]. However, our paper selection does
not show an exponential growth as found by Adadi and Berrada [1], although some conferences
such as ACL and ICML do show an exponential increase. NeurIPS (formerly NIPS) is in our dataset
the conference with the most papers on explainable AI and interpretable ML. Especially the large
jumps in 2018 and 2020 are striking. Also at AAAI the number of papers on explainability increased
substantially in recent years.

Additionally, we analyzed the number of papers that do not introduce an XAI method, but apply
or evaluate them (i.e., the 49 papers that would be excluded by the filter as shown in Figure 1).
Figure 4(b) shows that this number increased substantially in 2019 and again in 2020. This trend
could indicate that the awareness regarding evaluation and comparison of XAI methods has grown
in recent years, which again could point toward an increasing maturity of the field.

5 STATISTICS ON XAI METHODS AND THEIR EVALUATION

In this section, we analyze the 312 papers that introduce a method for explaining a machine
learning model. An interactive website for this labeled dataset is available at https://utwente-
dmb.github.io/xai-papers/. Figure 5 presents summary statistics regarding the categorization of
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Fig. 5. Categorization of papers introducing an explainable AI method, following the six dimensions as pre-
sented in Section 3.2. Note that categories are non-exclusive, so a paper can fall into multiple categories per
dimension. *: category is manually added after the reviewing process and might therefore not be complete
(i.e., high precision, potentially low recall).

XAI methods. Supplementary material presents a more detailed analysis of the categorization of
XAI methods. In the remainder of this section, we focus on the evaluation of XAI methods.

Our summary statistics on XAI evaluation:

• 33% only evaluated with anecdotal evidence
• 58% applied quantitative evaluation
• 22% evaluated with human subjects in a user study, of which 23% evaluated with domain

experts, i.e., application-grounded [62].

Earlier research has found that few papers quantitatively evaluated their explanations. Only 5%
of the papers analyzed by Adadi et al. [1] evaluated their interpretable machine learning method
and quantified its relevance. Nunes and Jannach reported that only 21% of their 190 analyzed stud-
ies (1990–2017) that presented an XAI technique or tool contained “any form of evaluation, except
from toy examples” [177]. We have reviewed more papers, including more recent papers, to shed
light on the evaluation practices from 2014 to 2020. Our statistics regarding the usage of quantita-
tive evaluation are higher, which, although possibly influenced by the venues we collected from,
indicates that the evaluation of XAI has become more extensive over the years. Some of the papers
that do not quantitatively evaluate their XAI method argue that their model architecture is inher-
ently interpretable, and therefore do not explicitly evaluate its interpretability. Lipton [147], how-
ever, notes that even white-box models might not be interpretable anymore when their size exceed
the limited capacity of human cognition, and Jacovi and Goldberg [111] suggest that intrinsically
interpretable methods should be held to the same standards as post-hoc interpretation methods
with similar evaluation methods. Others do not explicitly evaluate their method with quantitative
evaluation metrics, but present mathematical theory to support their claims (e.g., [39, 98]).

Figure 6(a) gives more insight into the XAI evaluation practices over time. Years 2014 and 2015
are excluded from this graph, since only five and three papers, respectively, were included for those
years, leading to unreliable statistics. It confirms that the fraction of papers that quantitatively eval-
uated their XAI method has slightly increased over the years, whereas the fraction of papers only
evaluating with anecdotal evidence shows a decreasing trend. Hence, the evaluation practice in the
XAI domain is effectively maturing. The number of papers including a user study for evaluation re-
mains however relatively constant over the years at around 20%. Figure 6(b) analyzes the number of
evaluated Co-12 properties (as introduced in Section 3.3) per paper that introduces an XAI method
and quantitatively evaluates it. The leftmost bar shows that 73 papers in our set quantitatively
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Fig. 6. XAI evaluation practice.

evaluated exactly one Co-12 property, which was often Coherence. The two leftmost bars show
that the majority of the papers that introduce an XAI method and quantitatively evaluate it, eval-
uate one or two Co-12 properties. Coherence and Output-completeness are the Co-12 properties
that are evaluated most often, followed by Correctness, Compactness, and Covariate complexity.

6 QUANTITATIVE EVALUATION METHODS FOR XAI

This section presents quantitative evaluation methods that we identified in the 361 included papers.
This implies that we do not only consider papers that introduce a method for explaining a machine
learning model but also include the papers that apply or evaluate an XAI method. Our goal is that
this section can serve as inspiration and guidance for researchers and practitioners looking for
suitable evaluation methods for new or existing XAI methods. We focus on functionally grounded
evaluation methods (i.e., without user studies) and summarize quantitative evaluation methods
with user studies in Supplementary Material.

We clustered all identified quantitative evaluation metrics based on our Co-12 properties and
named each of these resulting evaluation methods. Table 3 describes each evaluation method we
identified, while listing the types of explanations that were mainly related with this method and
the papers that applied this evaluation method. Variations and additional information regarding
each evaluation method are discussed in Sections 6.1 to 6.12, grouped per Co-12 property. For
details regarding the implementation of the specific evaluation metric, we refer to the original
papers. Table 4 relates each evaluation method to the corresponding Co-12 properties. The columns
indicate what Co-12 properties can be measured with the corresponding evaluation method. We
note that this does not mean that all cited authors also evaluated all possible properties, but that
each related Co-12 property was evaluated in at least one paper. For a thorough and structured
evaluation, we argue that it would be good practice to select multiple evaluation methods that
together cover as much of the Co-12 properties as possible. Such an extensive evaluation would
result in a multi-dimensional view on the degree of explainability.

6.1 Functionally Evaluating Correctness

The correctness property addresses to what extent the explanation is faithful to the predictive
model it explains. Important to emphasize here is that an explanation that looks reasonable to a
user is not guaranteed to also be truthfully reflecting the reasoning of the model [111]. Checking
the correctness of an explanation with respect to the predictive model f is therefore different from
the plausibility to the user.
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Table 3. Descriptions of Automated, Quantitative Evaluation Methods (i.e. without user study),
with References to Papers that Apply this Method. The Italic Text Lists the Types

of Explanations that we Found Mainly Related with an Evaluation Method

Name, Description and Main Explanation Types References

CORRECTNESS (Section 6.1)

Model Parameter Randomization Check—Feature importance, Heatmap,
Localization
Randomly perturb the internals of the predictive model and check that the
explanation changes.

[3, 145, 209, 232, 284]

Explanation Randomization Check—Feature importance, Heatmap
Randomly perturb the explanation (which is built into the predictive model) and
check that the output of the predictive model changes.

[165, 232]

White Box Check—Feature importance, Decision Rules, White-box model, Localization
Apply the explanation method to an interpretable white box model and check the
correspondence of the explanation with the white box reasoning.

[54, 114, 117, 136, 202,
204, 307]

Controlled Synthetic Data Check
Feature importance, Heatmap, Prototypes, Localization, White-box model, Graph
Controlled experiment: Create a synthetic dataset such that the predictive model
should follow a particular reasoning, known a priori (important: checking this
assumption by, e.g., reporting almost-perfect accuracy). Evaluate whether the
explanation shows the same reasoning as the data generation process.

[3, 40, 73, 104, 110, 125,
151, 156, 158, 193, 196,
197, 211, 237, 242, 250,
260, 287]

Single Deletion—Feature importance, Heatmap
Delete, mask or perturb a single feature in the input and evaluate the change in output
of the predictive model. Measure correlation with explanation’s importance score.

[8, 17, 42, 49, 73, 179, 218,
219, 221, 299, 299]

Incremental Deletion (or Incremental Addition)—Feature importance, Heatmap
One by one delete (or perturb) or add features to the input, based on explanation’s
order, and measure for each new input the change in output of the predictive model.
Report average change in log-odds score, AUC, steepness of curve or number of
features needed for a different decision. Compare with random ranking or other
baselines.

[25, 34, 38, 41, 70, 75, 79, 88,
90, 95, 102, 106, 110, 122,
129, 150, 155, 158, 165, 173,
181, 200, 202, 216, 221, 231,
261, 271, 278, 283, 284]

OUTPUT-COMPLETENESS (Section 6.2)

Preservation Check—Feature importance, Heatmap, Localization, Text, Prototypes
Giving the explanation (or data based on the explanation) as input to the predictive
model should result in the same decision as for the original, full input sample.

[21, 34, 40, 59, 87, 88, 121,
132, 144, 145, 157, 209,
268, 285, 290, 291]

Deletion Check—Feature importance, Heatmap, Localization
Giving input without explanation’s relevant features should result in a different
decision by the predictive model than the decision for the original, full input sample.

[59, 132, 145, 158, 195, 209]

Fidelity
Feature importance, Heatmap, Decision Rules, Decision Tree, Prototypes, Text,
Localization, White-box model
Measure the agreement between the output of the predictive model and the
explanation when applied to the same input sample(s).

[11, 13, 36, 42, 54, 57, 114,
121, 136, 142, 152, 188, 189,
191, 203, 248, 256, 275–
277, 289, 299, 304, 307]

Predictive Performance
Feature importance, Heatmap, Decision Rules, Decision Tree, Prototypes, White-box
model
Predictive performance of the interpretable model or predictive explanation with
respect to the ground-truth data.

[11, 42, 54, 77, 92, 126,
137, 148, 188, 193, 194,
203, 205, 205, 228, 275,
283, 289, 299, 302] i.a.

CONSISTENCY (Section 6.3)

Implementation Invariance—Feature Importance
Evaluate whether the explanation method is invariant to specific implementations of
the predictive model by validating whether two implementations that give the same
output for an input, also get the same explanation.

[68, 251]

(Continued)
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Table 3. Continued

Name, Description and Main Explanation Types References

CONTINUITY (Section 6.4)

Stability for Slight Variations
Feature importance, Heatmap, Graph, Text, Localization, Decision Rules, White-box
model

Measure the similarity between explanations for two slightly different samples. Small
variations in the input, for which the model response is nearly identical, should not
lead to large changes in the explanation.

[8, 27, 31, 52, 60, 78, 78, 95,
136, 144, 145, 191–193, 198,
230, 240, 247, 257, 284]

Fidelity for Slight Variations—Decision Rules, White-box model
Measure the agreement between interpretable predictions for original and slightly
different samples: an explanation for original input x should accurately predict the
model’s output for a slightly different sample x

′.

[136, 192]

Connectedness—Prototypes, Representation Synthesis
Measure how connected a counterfactual explanation is to samples in the training
data: ideally, the counterfactual is not an outlier, and there is a continuous path
between a generated counterfactual and a training sample.

[120, 140, 187]

CONTRASTIVITY (Section 6.5)

Target Sensitivity—Heatmap
The explanation for a particular target or model output (e.g., class) should be different
from an explanation for another target.

[176, 195, 232, 237, 261,
264]

Target Discriminativeness—Disentanglement, Representation Synthesis, Text
The explanation should be target-discriminative such that another model can predict
the right target (e.g., class label) from the explanation, in either a supervised or
unsupervised fashion.

[30, 71, 113, 129, 231, 256,
259, 271, 278]

Data Randomization Check—Feature importance, Heatmap, Localization
Randomly change labels in a copy of the training dataset, train a model on this
randomized dataset and check that the explanations for this model on a test set are
different from the explanations for the model trained on the original training data.

[3, 145, 209]

COVARIATE COMPLEXITY (Section 6.6)

Covariate Homogeneity
Prototypes, Disentanglement, Localization, Heatmap, Representation Synthesis
Evaluate how consistently a covariate (i.e., feature) in an explanation represents a
predefined human-interpretable concept.

[4, 22, 24, 65, 69, 71, 76, 89,
105, 122, 138, 153, 171, 224,
225, 231, 239, 249, 274,
286, 296, 298, 303, 305]

Covariate Regularity—Decision Rules, Feature Importance
Evaluate the regularity of an explanation by measuring its Shannon entropy, to
quantify how noisy the explanation is and how easy it is to memorize the explanation.

[251, 289]

COMPACTNESS (Section 6.7)

Size
Feature importance, Heatmap, Decision Rules, Decision Tree, Prototypes, Text, Graph,
Localization, White-box model, Representation Synthesis
Total size (absolute) or sparsity (relative) of the explanation.

[7, 33, 36, 54, 57, 77, 109,
123, 124, 128, 135, 137, 144,
165, 191–196, 203–205,
213, 223, 239, 243, 247,
257, 265, 266, 268, 271,
275–277, 288, 297, 302]

Redundancy—Feature importance, Decision Rules, Text, White-box model
Calculate the redundancy or overlap between parts of the explanation.

[137, 142, 250]

Counterfactual Compactness—Prototypes, Representation Synthesis, Text
Given a counterfactual explanation showing what needs to be changed in the input to
change the prediction of the predictive model, measure how much needs to be
changed.

[7, 83, 120, 123, 142, 187,
246, 301]

COMPOSITION (Section 6.8)

Perceptual Realism—Representation Synthesis, Text
Measure how realistic a generated explanation is compared to real, original samples.

[30, 65, 231]

(Continued)
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Table 3. Continued

Name, Description and Main Explanation Types References

CONFIDENCE (Section 6.9)

Confidence Accuracy—Feature Importance, Prototypes
Measure the accuracy of confidence/uncertainty estimates if these are present in the
explanation.

[77, 216]

CONTEXT (Section 6.10)

Pragmatism—Decision Rules, Representation Synthesis
The cost or degree of difficulty for a user to act upon suggestions by a counterfactual
explanation that explains what the user should change to attain a particular outcome
by the predictive model.

[187, 203]

Simulated User Study—Feature Importance, Localization
Create a synthetic dataset such that the utility of explanations for user-relevant tasks
can be automatically evaluated.

[204, 231]

COHERENCE (Section 6.11)

Alignment with Domain Knowledge
Feature importance, Heatmap, Localization, Text, Disentanglement, Prototypes
Compare the generated explanation with a “ground-truth” expected explanation
based on domain knowledge.

[11, 16, 20–22, 30, 34, 37, 43,
45, 47, 48, 50, 53, 61, 63, 66, 70,
83, 96, 104, 107, 112, 113, 115–
117, 121, 141, 149, 150, 153,
161, 165, 173, 180, 183, 185,
186, 196, 198, 201, 209, 218,
219, 222, 231, 236, 238, 250–
252, 257, 261–263, 268, 272,
279, 281, 293, 298]

XAI Methods Agreement—Feature importance, Heatmap, Localization
Quantitatively compare explanations from different XAI methods and evaluate their
agreement.

[9, 75, 90, 117, 160, 165,
173, 227, 267, 272]

CONTROLLABILITY (Section 6.12)

Human Feedback Impact—Interactive Explanation, Text
Measure the improvement of explanation quality after human feedback, where the
user is seen as a system component.

[47, 61]

The Model Parameter Randomization Check was introduced by Adebayo et al. [2] as “sanity
check” for the faithfulness and sensitivity of the explanation to predictive model f . Perturbation
of model f can be done by randomizing parameters or re-initializing weights, after which the ex-
planation is expected to change. If the explanation after randomization is the same as the original
explanation, then the explanation is not sensitive to f and hence not correct w.r.t. reasoning of
model f . (Our recommendation is to do multiple randomization runs to ensure that the two ex-
planations are not accidentally similar.) However, if the explanations are different, then it is not a
guarantee that the original explanation is fully correct. It is therefore presented as a sanity check:
the sensitivity of e to parametrization changes in predictive model f is a necessary but not suf-
ficient condition for correctness. A related method is the Explanation Randomization Check,
which is applicable to explanations that are built into predictive model f , such as attention and
backpropagated relevance vectors. Permuting and randomizing the explanation within the model
should change the model’s output, and therefore evaluates the sensitivity of the explanation to the
predictive model.

The White Box Check is designed to evaluate correctness by training a white-box model as
predictive model and applying the explanation method to the white-box model as if it was a black
box. Since the reasoning of a white-box model is known, the explanation can subsequently be
compared with the true reasoning to evaluate how closely the explanation resembles the model’s
reasoning. Therefore, also Reasoning-completeness is evaluated, since the “golden” reasoning is
known and can be compared to the degree of information in the explanation. Instead of a fully
transparent model, Ramamurthy et al. [202] use a random forest and compare the explanation
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Table 4. Identified Quantitative Methods to Evaluate Explanations without User Studies,
Related to Their Co-12 Properties
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Model Parameter Randomization Check �
Explanation Randomization Check �
White Box Check � �R

Controlled Synthetic Data Check � �R �
Single Deletion �
Incremental Deletion (or Incremental Addition) � �O �
Preservation Check �O

Deletion Check �O

Fidelity �O

Predictive Performance �O

Implementation Invariance �
Stability for Slight Variations �
Fidelity for Slight Variations �O �
Connectedness �
Target Sensitivity �
Target Discriminativeness �
Data Randomization Check �
Covariate Homogeneity � �
Covariate Regularity �
Size �
Redundancy �
Counterfactual Compactness � �
Perceptual Realism �
Confidence Accuracy � �O �
Pragmatism � � �
Simulated User Study �
Alignment with Domain Knowledge � �
XAI Methods’ Agreement �
Human Feedback Impact � �

Bold check mark indicates prominent Co-12 property. Superscript R and O indicate Reasoning-completeness and
Output-completeness, respectively.

with feature importance scores output by the forest based on established methodology for these
type of models.

The Controlled Synthetic Data Check is useful for evaluating explanations for black box
models. By designing a dataset in such a way that with relatively high confidence one could say
that predictive model f reasons in a particular way, “gold” explanations can be created that follow
the data generation process. Subsequently, the agreement of the generated explanations with these
true explanations can be measured. For example, Oramas et al. [158] generate an artificial image
dataset of flowers where the color is the discriminative feature between classes. They subsequently
compare their explanations with the (location of the) discriminative, colored area. Recently, a set
of synthetic benchmarks for XAI was published [154]. The controlled synthetic data check also
implies that Reasoning-completeness is evaluated, but then only on discriminatory feature level
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and not necessarily how the features are aggregated by the model. An important prerequisite for
the Controlled Synthetic Data Check is that it should be reasonable to assume that the black box
has learned the intended reasoning. Since the predictive model is a black box, reporting the task
accuracy of model f or using other checks on the output is good practice to validate that it is safe
to assume that the model has picked up the intended reasoning.

The correctness of real-valued feature importance scores and heatmaps is often evaluated by
removing, perturbing or masking features from the input and measuring how that affects the (con-
fidence of the) output of predictive model f . The Single Deletion method evaluates the change
in output when removing or perturbing one feature and compares that with the explanation’s
importance score. In a correct explanation, the explanation’s feature importance score should be
proportional to the shift in output distribution. In other words, the feature with the highest im-
portance score should also lead to the biggest change in output from f , and features with a low
importance should not result in a significant change. The Single Deletion method also allows to
check for specific properties, such as the “null attribute” indicating that omitting a feature that has
no effect on the output of the model, should have an importance score of zero [133]. Features can
also be removed one by one in an iterative, incremental fashion: Incremental Deletion. Given
the exponential number of possible subsets, features are often removed incrementally in either
descending order (i.e., most important feature first, then top-2 most important features, etc.) or as-
cending order (least important or most unimportant first). Due to the high computational costs of
iterative removal, some authors (e.g., [75, 90, 216]) do not evaluate output of f at each iteration, but
only evaluate it for specific subsets, such as removing the top-k most influential and least influen-
tial features. Authors using Incremental Deletion often refer to work of Shrikumar et al. [226] who
calculate the difference in log-odds scores by f , and Samek et al. [214] who measure the Area over
the Perturbation Curve when perturbing a region in an image. Analyzing the area or steepness
of a curve however assumes that the majority of the importance is placed on only a few features.
Although this is typically the case for softmax scores [221], there might be cases where this as-
sumption is invalid. It is therefore good practice to compare the curve with other baselines, such
as a random ranking. Instead of starting with the full input and incrementally removing features,
some authors start with an “empty” input and incrementally add features: Incremental Addition

(e.g., [278]).
Incremental Deletion/Addition can include the evaluation of output-completeness. Where

correctness evaluates whether the importance score value is correct, output-completeness evaluates
whether the set of important features is sufficient to explain the output of model f . For example:
an explanation showing one relevant pixel might be correct but is probably not output-complete,
and an explanation showing the full input image is output-complete but the importance score
of pixels is probably incorrect. Output-completeness is evaluated for Incremental Deletion at the
point where all important features are removed. An output-complete explanation should result in
a wrong decision by model f when all features in the explanation are removed from the input. For
Incremental Addition, the output of the model when only the important features are present should
be similar to the output for the full input (see also Preservation Check and Deletion Check). Besides
using Incremental Deletion/Addition to evaluate correctness and output-completeness, compact-
ness can be evaluated by counting how many features of the explanation need to be removed,
perturbed or added to change the decision of the predictive model [7, 34, 70, 123, 165, 221]. The
motivation is that an explanation is easier to contemplate at once when this minimal set is small.
Figure 7 visualizes the evaluation curve for Incremental Deletion and the points on this curve
where output-completeness and compactness can be evaluated.

The criticism on Single Deletion and Incremental Deletion is that deletion of features, such
as setting them to zero, can lead to out-of-distribution samples [34, 102, 110]. A solution would be
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Fig. 7. The evaluation curve for the Incremental Deletion method to evaluate correctness, output-
completeness, and compactness. An explanation is output-complete if the model’s decision changes when
all important features are removed. Compactness can be measured at point of output-completeness or at
model’s decision boundary. Explanation is correct when deleting the most important features leads to the
biggest drop in prediction output compared to randomly deleting features.

to train a new model on the modified data. For example, Frye et al. [73] train separate classifiers
for different feature subsets, and Hooker et al. [102] remove the k% most important features and
then retrain the predictive model. This, however, implies that the correctness with respect to the
original model is not evaluated. Chang et al. [34] solve the out-of-distribution issue by applying a
Generative Adversarial Network (GAN) to fill in deleted features, and Ismail et al. [110] replace
masked features with values from the original data distribution. Recently, it was found that also
the shape of a mask could leak class information to the model [208] and various approaches are
presented to circumvent these OoD and shape-leakage issues, e.g., [94, 208].

6.2 Functionally Evaluating Output-Completeness

The Preservation Check and Deletion Check, following terminology of [261], evaluate the
output-completeness of the explanation: i.e., does the explanation hold enough information to
explain the output of model f . Explanations evaluated in this way are usually outcome explana-
tions or model inspections. The methodology is similar to the Incremental Deletion and Incre-
mental Addition method, but instead of incrementally deleting features, the whole explanation
is removed from the input at once (analogously for preservation). This visualizes a single point
on the incremental deletion curve, as shown in Figure 7. These checks are measured by calculat-
ing the change in accuracy or confidence of the predictive model (hence, output-completeness).
Ideally, the accuracy of f for the Deletion Check should lead to a significant drop in accuracy
whereas the accuracy after the Preservation Check should stay similar. Nam et al. [173] note
that a small change in accuracy can be inevitable due to distortion of the input (such as color
and shape in images), which can result in unpredictable noise that affect the model’s output. It is
therefore good practice to only consider significant changes by comparing with random deletions/
preservations.

Fidelity measures the agreement between the output of predictive model f and the explana-
tion when applied to the input, and therefore evaluates how well the explanations mimic the out-
put of model f [55, 86]. It can be applied to model explanations and outcome explanations. For
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example, when a decision tree is trained to generate the same predictions as a neural network
and therefore acts as an explainable surrogate model, the predictions of the decision tree can be
compared with the predictions of the neural network [55]. Fidelity is often defined as the fraction
of data samples for which predictive model f and an explanation make the same decision, but can
also be reported as approximation error by calculating the average absolute difference or mean
squared error (e.g., [11, 307]). Others use slight variations on fidelity such as the Kullback–Leibler
divergence between the outputs (e.g., [11, 36, 289]), conditional entropy [42], correlation [302],
likelihood comparison [57] or evaluating how adding explanations to the model would improve
prediction performance [248]. Le et al. [142] also introduced a metric called “influence,” which
combines fidelity with information gain and compactness. We emphasize that fidelity is not eval-
uating correctness, although sometimes presented as such. Since only the outputs of the model
and the explanation are compared, there is no guarantee that the explanation follows the same
reasoning as f . For example, Anders et al. [11] theoretically showed that for any classifier, one can
always construct another classifier that gives the same output as the original classifier for all data
instances, but has arbitrarily manipulated explanation maps.

When predictive model f equals explanation method e , the explanation is a transparent box
design (such as decision rules, decision tree or another white-box model that is explainable and

makes the predictions). Hence, fidelity is not applicable for transparent boxes. Instead, the Predic-

tive Performance of the transparent box model with respect to the ground-truth task data can
be evaluated, such as classification accuracy. In case of f � e , the predictive performance of f is
not directly related to the explanation quality and therefore not included as explanation evalua-
tion metric (although it is generally good practice to report task accuracy and related metrics for
evaluating f , since this can influence the perceived coherence of the explanation). However, some
authors (e.g., [42, 92]) evaluate output-completeness by comparing the accuracy of their explana-
tion method with the accuracy of predictive model f . The decrease in accuracy then quantifies
output-completeness. This approach however does not capture whether e and f misclassify the
same test samples. Rather than comparing the predictions of e and f with the ground-truth labels,
it is therefore more informative to compare them with each other (fidelity). Another implementa-
tion of Predictive Performance is coverage, which quantifies the fraction of samples to which the
explanation applies. The higher the coverage, the more output-complete the explanation is and the
higher the predictive performance can be. In case of outcome explanations, a set of explanations
can be generated for the training set, after which the coverage for this set is evaluated on the test
set. With decision rules, for example, coverage would measure the fraction of instances that is
classified by at least one rule in the rule set [137, 205, 302].

6.3 Functionally Evaluating Consistency

Consistency evaluates whether identical inputs have identical explanations. In practice, this can
address to what extent the explanation method is deterministic. Determinism of an explanation
method is usually a design choice and therefore only (implicitly) qualitatively discussed. A quan-
titative method related to consistency is Implementation Invariance, which states that two
models that give the same outputs for all inputs (regardless of their internal implementation)
should have the same explanations. Although definitions differ slightly between authors, Tseng
et al. [251] evaluated Implementation Invariance by computing the Jaccard similarity between fea-
ture importance scores across random initializations of the predictive model. Fernando et al. [68]
use a special version of Implementation Invariance by specifically focusing on “reference inputs”
for the DeepSHAP explanation method. They explain that a plain black image is a standard refer-
ence input to compute relative importance for image classification, and analyze the sensitivity of
explanations to different reference inputs for retrieval tasks.
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6.4 Functionally Evaluating Continuity

Continuity addresses the generalizability of explanations and can be measured with the Stability

for Slight Variations method, which measures the similarity between explanations for an original
input sample and a slightly different version of this sample. Alvarez-Melis and Jaakkola [8], among
others, introduced the term stability, but also sensitivity [145, 284] and robustness [198, 230] are
used. Most authors add a small amount of noise to an original input sample or otherwise slightly
perturb a sample. A few others evaluate stability between two original samples that are similar,
e.g., by using a local neighborhood criterion [191]. Similarity between explanations can be quan-
tified with various metrics, often dependent on the type of explanation. Examples include rank
order correlation [27, 78, 230, 257], top-k intersection [78], cosine similarity [52], rule match [136],
normalized distance [8], and the structural similarity index (SSIM) [60]. Nie et al. [176] show
however that one should always check whether the output of the predictive model stays the same
for a slightly perturbed input, before evaluating the similarity of explanations.

Instead of comparing the explanations, others evaluate the Fidelity for Slight Variations by
comparing the predictions of f for original and slightly perturbed inputs. The reasoning is that
an explanation, which should be a predictive model such that e = f , for original input x should
accurately predict the model’s output for a slightly different sample x ′ [192]. Lakkaraju et al. [136]
argue that explanations should have high fidelity on both the original input data and on slightly
shifted input to ensure robustness of the explanations.

Continuity can also be evaluated for counterfactual explanations, which address hypothesized
events that did not occur in reality [235], to answer questions as “How would the prediction have
been if the input had been different?” [167]. The explanation can be a (generated) data instance that
is predicted to belong to a different class [140], such as “your loan would have been accepted if your

income would be 10k higher.” Laugel et al. [140] and Pawelczyk et al. [187] evaluate their counterfac-
tual explanations by calculating Connectedness. They argue that generated counterfactual sam-
ples should be “justified” [140], meaning that there is a continuous path from the counterfactual to
a sample in the ground-truth training data. Closely related is requiring that the counterfactual ex-
planation is in proximity of actual instances to prevent that the explanation is an outlier [120, 187].
Connectedness addresses the lack of robustness and unknown generalization ability of some pre-
dictive models. Requiring connectedness would prevent generating counterfactual explanations
that are based on artifacts that are correct with respect to a model that is not robust, but not near
an instance from the training data. The latter can be undesirable for the Co-12 properties Context
and Coherence.

6.5 Functionally Evaluating Contrastivity

Contrastivity addresses the discriminativeness of explanations with respect to a ground-truth label
or other target. Therefore the Target Sensitivity evaluation method captures “the intuition that
class-specific features highlighted by an explanation should differ between classes” [195]. Interest-
ingly, we found that Target Sensitivity was only evaluated for heatmaps. Sixt et al. [232] confirmed
the relevance of this evaluation method by proving that some attribution methods can converge
to class-insensitive explanations. Moreover, Adebayo et al. [2] showed that visual inspection can
favor plausible heatmaps, which are not target-sensitive to the underlying reasoning of the model.
They illustrated this by revealing the high similarity between edge detectors for image data and
explanatory saliency maps. Ideally, explanations are target-sensitive and should differ between tar-
gets and, in case of image data, should not be static edge detectors [2, 176]. This can be checked by
comparing explanations for different targets or output logits [176, 195, 232, 301] or explanations
before and after an adversarial attack [176, 237]. An adversarial attack fools the predictive model
f such that it makes a different prediction for a slightly perturbed input. A different prediction
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should then also lead to a different explanation. Target Sensitivity can be measured with L1, L2 or
Hamming distance between the explanations [176, 195, 301], histogram intersection [237] or the
structural similarity index measure (SSIM) between two heatmaps [232]. In all these cases,
a large difference between the explanations is desired. Wagner et al. [261] go a step further and
argue that explanations should be empty for targets for which there is no evidence in the input
sample (e.g., a class that is visually not present in an image). They generate an explanation for the
least likely class and compute the fraction of explanations that was not empty [261].

Another desirable property regarding contrastivity is high Target Discriminativeness, since
that implies a good “informativeness for a downstream prediction task” [71]. To evaluate the target-
discriminativeness, either an external classifier is trained on predicting the right target given the
explanation [30, 113, 278], or a cluster method is applied on the explanations [71, 271]. Expla-
nations in these papers are often interpretable representations or text. The performance of the
classifier or clustering method is evaluated against ground-truth targets. Kindermans et al. [129]
evaluate Target Discriminativeness slightly different by evaluating how much of the target can
be reconstructed when the explanation is removed from the input.

The Data Randomization Check, introduced by Adebayo et al. [2], is a sanity check for the
“sensitivity of an explanation method to the relationship between instances and labels,” and has
the advantage that it is model-agnostic. Ideally, explanations explain the mapping between input
and output that the predictive model has learned. If a model is successfully trained on a dataset
with random labels, which has been shown to be possible with deep neural networks [294], then
it has learned the data generation process by memorizing the random labels. The accuracy on an
unseen test set will never be better than random guessing [2]. Therefore, for a given test sample,
the explanation of a model trained on randomized data should be different from an explanation
of a model trained on the original dataset. Randomizing the underlying data generation process
changes the target function the model is trying to learn, which should imply a change in the
explanation.

6.6 Functionally Evaluating Covariate Complexity

Covariate complexity is concerned with the use of human-understandable concepts to explain
features (i.e., covariates) and their interactions. It can be qualitatively addressed by motivating
a design choice, such as using a bag of words instead of uninterpretable word embeddings as
covariates [204], applying element-wise feature mappings, which are claimed to be more inter-
pretable [139] or selecting a predictive model that satisfies a monotonicity requirement [267].

A quantitative method to evaluate covariate complexity is measuring Covariate Homogene-

ity. Generally, this implies evaluating how consistently a covariate represents a predefined human-
interpretable concept. The exact implementation mainly depends on the type of explanation and
type of data. For example, in case of image data, the human-interpretable concepts can be labeled
object parts (e.g., legs, beak, and tail of an animal) such that the interpretability of a cluster can be
evaluated by checking whether it consistently represents the same part semantics for different im-
ages. Given an annotated dataset with predefined concepts (such as object parts), the Intersection
over Union [22, 69, 122, 171, 239, 298] or distance [296] between learned covariates (e.g., prototypes)
and interpretable concepts can be calculated. Zheng et al. [305] evaluate the predictive power of
their features for predicting human generated features, and Fyshe et al. [76] measure the distance
from their learned representations to a semantic ground-truth provided by humans. In case of
clusters, the purity of a cluster w.r.t. ground-truth labels can be measured [71, 138, 225, 303].

Homogeneity is also relevant for the explanation type “Disentanglement.” Such explanation
methods aim to learn a latent representation that is disentangled such that each dimension corre-
sponds to an interpretable concept, after which these representations can be used in downstream
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tasks. Covariate Homogeneity evaluates in this case the extent to which each dimension corre-
sponds to exactly one (interpretable) concept, factor or attribute. Examples of such interpretable
factors include color of an object in an image, or the presence of a smile on a face [65]. This can be
quantified by measuring the mutual information between a dimension and a concept [89]. Ideally,
a dimension has high mutual information with a single concept and zero mutual information with
all other concepts. Others vary exactly one dimension and keep all others fixed. Then, the output
variance per concept can be measured [65], or the accuracy of a classifier that should predict the in-
dex of the specific factor of variation (ceteris paribus) [89]. Another approach, originally suggested
by [127], is to generate data while keeping exactly one covariate fixed and varying the others, and
evaluate whether the variance in one dimension is exactly zero [24, 153].

Another method is a specific metric to evaluate the Covariate Regularity of explanations. Yu
and Varshney [289] argue that a decision rule is easier to memorize if it is less entropic and there-
fore measure the Shannon entropy of a rule’s feature distribution. Tseng et al. [251] measure the
Shannon entropy of feature importance scores to indicate how noisy the feature attributions are.

6.7 Functionally Evaluating Compactness

Many authors have evaluated the compactness of their explanations by measuring their Size

(absolute) or sparsity (relative), since explanation should not overwhelm a user. The implemented
metric usually depends on the type of data and type of explanation. Examples include: the number
of features in an explanation (e.g., [54, 109, 192, 204, 223, 265]), average path length in a decision
tree (e.g., [135, 276, 277]), reduction w.r.t. complete data sample (e.g., [7, 33, 109]), or the number
of decision rules in a set (e.g., [137, 144, 203, 223, 266, 302]). Additionally, some evaluate the
Redundancy of their explanations. A lower overlap of information within the explanation would
signify higher interpretability. Redundancy can be measured with information gain [142], or the
overlap ratio [137, 250].

In case of counterfactual explanations, compactness can be evaluated by measuring Counter-

factual Compactness. A counterfactual explanation, usually an outcome explanation, shows
what should change in the input to change the corresponding prediction of model f and there-
fore also addresses Contrastivity. Counterfactual Compactness quantifies how much needs to be
changed for a different outcome. Generally, as few changes as possible are desired to generate a
compact counterfactual explanation. Counterfactual Compactness can be quantified by measuring
the distance between the input and counterfactual explanation [120, 123] or the number of trans-
formations that are required [83, 142] such as the number of features that need to be changed. Note
that a counterfactual explanation with a distance of 0 implies that the contrastivity (and specifi-
cally the target sensitivity) is also 0: apparently nothing needs to be changed in the explanation
for a different prediction.

6.8 Functionally Evaluating Composition

The Co-12 property Composition describes the format and organization of an explanation and fo-
cuses on how something is explained and presented. Composition is often qualitatively discussed
by claiming that the predictive model has an interpretable architecture, or by showing anecdotal
evidence, for example, by concluding that introduced heatmaps are “the most crisp” [129], or by
making specific design choices such as considering the colors used in explanations to make them
easier to analyze [82]. Composition can also be evaluated with users, as shown in Supplementary
Material. We identified one functionally grounded quantitative evaluation method, which we
term Perceptual Realism. Perceptual Realism for images can be evaluated by using Fréchet In-

ception Distance (FID) scores [99] to evaluate the quality of generated images. FID measures the
similarity between generated images and real, original images and has been shown to be consistent
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with human judgment [99]. FID scores are generally used to evaluate Representation Synthesis
explanations generated by GANs [65, 231]. For textual explanations, composition is in most cases
indirectly evaluated by measuring standard metrics such as BLEU [182] and ROUGE [146] with re-
spect to a ground-truth explanation (as incorporated in the “Alignment with Domain Knowledge”
evaluation method). However, the perplexity metric as used in, e.g., [30] does not need a reference
input and therefore evaluates the quality of a text in a similar fashion as the FID scores for images.

6.9 Functionally Evaluating Confidence

To check whether the explanation contains probability or uncertainty information, authors usu-
ally make a design choice whether their XAI method will contain a confidence measure regarding
the output of model f or the likelihood of the explanation. Only two papers in our set of included
papers explicitly evaluated their confidence information. Schwab and Karlen [216] introduce a
feature importance method that produces uncertainty estimates. They assess the Confidence Ac-

curacy of the uncertainty estimates by measuring their correlation with ground-truth changes in
outputs when masking features in held-out test samples. As additional baseline, they compare with
random uncertainty estimates. Ghalwash et al. [77] evaluate their uncertainty estimates for time
series classification by analyzing the correlation between uncertainty thresholds and the model’s
accuracy, and additionally evaluate how the uncertainty evolves over time.

6.10 Functionally Evaluating Context

The Co-12 property Context takes the user and their needs into account. Naturally, this is eval-
uated with user studies (as also shown in Supplementary Material). However, we identified two
quantitative evaluation methods where user studies are not necessary. The first method is Prag-

matism, which quantifies, based on domain knowledge, the degree of difficulty for an individual
to act upon the suggestions in a counterfactual explanation [187, 203]. The underlying intuition is
that there might exist various counterfactual explanations that show what should be changed to
get a different prediction from model f . Whereas the Counterfactual Compactness method eval-
uates the compactness of this counterfactual with respect to the original input, the Pragmatism
method also takes the user’s context into account. A cost per feature quantifies the degree of dif-
ficulty for a user to change that feature. This cost can also be infinite: e.g., a person cannot get
younger so a counterfactual explanation showing that the user should decrease their age is not
actionable and hence not pragmatic. In addition to the cost per feature, also the degree or cost of
a feature change could be taken into account, related to Compactness. Rawal and Lakkaraju [203]
explain that it is probably easier for a user to increase income by 5K than 50K.

The second method involves Simulated User Studies. Ribeiro et al. [204] perform two exper-
iments to evaluate whether users would (1) trust predictions and (2) be able to use explanations
as model selection method. In their first experiment, they define some input features as being
“untrustworthy” and assume that end users do not want such features to be used by the predic-
tive model. They evaluate whether the prediction changes when all untrustworthy features are
removed from the explanation. Their second experiment trains two predictive models that have a
similar validation accuracy but one performs worse on the test set. They evaluate whether their
explanation method can be used to identify the better model by revealing artificially introduced
spurious correlations. Singla et al. [231] evaluate in a similar manner the performance of their
explanation method in identifying biases in data.

6.11 Functionally Evaluating Coherence

To quantitatively evaluate whether explanations generated by an XAI method align with do-
main knowledge, general beliefs and consensus, they are often compared with some expected
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explanations framed as “ground truth,” which we call Alignment with Domain Knowledge.
This ground-truth is contained in an annotated dataset. For imaging data, often ‘location coher-
ence’ is evaluated by comparing a heatmap or localization explanation with ground-truth object
bounding boxes, segmentation masks, landmarks or human attention maps. Correspondence be-
tween the ground-truth and the explanation can then be quantified with the Intersection over
Union (also known as Jaccard index, e.g., [22, 34, 63, 70, 173, 263, 293]), outside-inside relevance
ratio (e.g., [173]), point localization error (e.g., [107, 112, 293]), pointing game accuracy (whether
a point falls into a ground-truth region, e.g., [63, 107]) or rank correlation with human attention
maps [185, 186]. For textual explanations, standard natural language generation metrics such as
ROUGE [146] and BLEU [182] are often used to evaluate the overlap of the generated explanations
with a ground-truth text, e.g., [16, 30, 47, 48, 53, 61, 141, 149, 183, 201, 238, 272]. Indirectly, these
metrics also evaluate composition, since it has been shown that ROUGE and BLEU correlate with
human judgments on fluency of a text [67]. For real-valued explanations such as feature impor-
tance, one could measure (rank) correlation between the generated explanation and ground-truth
annotation in the dataset (e.g., [9, 11, 20, 113, 117, 117, 165, 185, 186, 219, 222, 250, 251]). We high-
light that some common correlation metrics were criticized, such as Kendall’s tau, which could
be misleading at the tail end of distributions [165] and Spearman correlation has limitations for
global rankings [82].

As alternative to evaluating the Alignment with Domain Knowledge, for example, when a
ground-truth is not available, one could evaluate coherence by calculating the XAI Methods

Agreement. Existing XAI methods, which are already established within the community and/or
proven to adhere to certain desirable properties, are then usually considered as ground-truth, and
those explanations are compared with the explanations from other methods.

For both Alignment with Domain Knowledge and XAI Methods Agreement, we empha-
size that these methods only evaluate Coherence with respect to expectations, and not Correctness
with respect to the predictive model f . Hence, a coherent explanation could be incorrect and vice
versa. For example, an explanation highlighting snow in the background to distinguish between
a husky and a wolf (example from Ribeiro et al. [204]), would score low on location coherence
w.r.t. object segmentation masks, but is correctly showing the reasoning of this bad classifier. It is
therefore good practice to evaluate multiple Co-12 properties and specifically evaluate correctness
and coherence independently, as also discussed in Section 2.1.

6.12 Functionally Evaluating Controllability

Controllability addresses the interactivity of explanations, which is applicable to, e.g., conver-
sational explanation methods [47, 170], interactive interfaces [213, 250], human-in-the-loop
explanation learning methods (e.g., as [61]) or methods that enable the user to correct explana-
tions [269]. We note that XAI methods can also have (hyper)parameters to tune the explanations,
such as a regularizer for explanation size, but we do not consider such parameters as being
evaluation methods for Controllability. The evaluation of Controllability is usually qualitative by
discussing why the controllable format improves the quality of the explanations, or by only show-
ing an example of the Controllability. We identified two papers that quantified Controllability by
measuring the improvement of explanation quality after human feedback: Human Feedback Im-

pact. Chen et al. [47] and Dong et al. [61] measure the accuracy of their textual explanations after
iterative user feedback. Although users are involved in this evaluation method, it is not a standard
user study, since the user is seen as a system component: the XAI methods use optimization
criteria that require humans-in-the-loop for optimal output. Additionally, Chen et al. [47] define
the “Concept-level feedback Satisfaction Ratio,” which measures whether concepts for which a
user has indicated to be interested in are present in the explanation, and whether concepts where

ACM Computing Surveys, Vol. 55, No. 13s, Article 295. Publication date: July 2023.



295:28 M. Nauta et al.

the user is not interested in are removed from the explanation. This Satisfaction Ratio does not
require direct user feedback, and could also be applied to an existing dataset with user interests.

7 IMPLICATIONS AND RESEARCH OPPORTUNITIES

We strongly believe that explainable AI has great potential: XAI can justify algorithmic decisions,
XAI can allow users to control and improve systems by identifying and correcting errors, and XAI
can contribute to knowledge discovery by revealing learned patterns [1]. However, to reach this
full potential, XAI methods should be extensively validated to ensure that they are reliable
and useful. Our analysis has shown that the field has been maturing the last few years, but at the
same time we also see that explainability is still often presented as a binary property. We argue
that explainability is a multi-faceted concept and make this explicit with our Co-12 properties

describing different conceptual aspects of explanation quality. Instead of evaluating only one prop-
erty, it is essential to get insight into, and preferably quantify, all properties such that an informed
trade-off can be made. “Best is not directly a judgment of truth but instead a summary judgment
of accessible explanatory virtues” [118]. In practice, such a multi-dimensional overview could be
implemented as a radar chart or as a set of consumer labels as proposed by Seifert et al. [217] that
comprehensively and concisely conveys the strengths and weaknesses of the explanation or expla-
nation method. Our collection of identified evaluation methods also shows that quantitative
evaluation methods exist for each of the Co-12 properties. However, our analysis reveals that the
majority of XAI evaluation focused on evaluating Coherence, Completeness, Compactness, or Cor-
rectness. We hope that our collection of evaluation methods will stimulate and facilitate a more

complete and inclusive evaluation to objectively validate and compare new and existing XAI
methods. Eventually, we are convinced that XAI methods should be kept to minimal standards,
similarly as such standards exist for predictive models. Our overview of evaluation methods pro-
vides researchers and practitioners with concrete tools to evaluate every Co-12 property while
using unified terminology, and therefore contributes to standardization. We also see a research
opportunity to develop new evaluation methods for Co-12 properties that are currently insuffi-
ciently addressed, and to develop variants on existing evaluation methods to make them suited for
different types of data and explanations.

Besides, we acknowledge that it might be unreasonable to expect an XAI method to score well
on all Co-12 properties. In practice, trade-offs between desired explanation properties will
have to be made when developing an XAI method. Coherence might contradict with Correctness,
as discussed in Section 2.1, and Completeness and Compactness might be considered diametrical
opposites. The application domain or practical feasibility can determine which Co-12 properties
should be emphasized. Herman [97] proposes to optimize explanations for content-related prop-
erties first (correctness and completeness in particular), without making effort to simplify the ex-
planation. “This separation of concern encourages more rapid innovation and reduces the cost of
evaluation” [97]. Subsequently, a second step can consist of altering the explanation to “incorporate
human cognitive function, user preferences, and expertise into the explanation” [97]. Eventually,
any trade-off can be made as long as it is sufficiently motivated. Insights from other research

areas, such as social sciences, psychology and HCI, can also provide the XAI community with
more guidance regarding what aspects of an explanation are important to evaluate. Combining
strengths in multi-disciplinary collaborations can subsequently result in innovative XAI evalua-
tion methods.

Additionally, we think that our collected set of evaluation methods can not only be used for thor-
ough evaluation but also for multi-dimensional optimization of interpretability. Some papers
already optimize for interpretability by using a regularization term or objective function during
training of the predictive model (e.g., [33, 137, 191, 211, 244, 276, 277, 289]) or by relating rewards to
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explainability and presentation quality in reinforcement learning (e.g., [268]). However, in practice
these interpretability optimizers usually involve only one to two Co-12 properties. Interestingly,
some interpretability regularizers are not (yet) used as evaluation metric although their quantita-
tive nature would make them suited to be used as XAI evaluation method as well. For example,
Park et al. [184] optimize for interpretability with spatial auto-correlation, which we have not
seen as evaluation metric but might be suited for evaluating heatmaps. This shows that the opti-
mization and quantitative evaluation of explanation methods are closely related. We recognize a
research opportunity to study how evaluation methods can be incorporated in the training pro-
cess of predictive models, in order to tune the so-called “accuracy-interpretability trade-off” during

training instead of only analyzing it afterwards. Also the quantitative evaluation methods where
user involvement is required can be used for optimizing an interpretable model by adopting a
human-in-the-loop approach (as done in, e.g., [47, 135]).

Last, we believe that our annotated dataset containing the categorization of 312 XAI papers (such
as type of data and explanation, as shown in Figure 2) is a rich source of information and can be
a useful starting point for more in-depth research. Our dataset is therefore publicly available

at https://utwente-dmb.github.io/xai-papers/, such that others can efficiently collect XAI papers
that adhere to specific criteria such that subtopics can be analyzed in more detail.
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