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Abstract 
The growing number of applications of machine learning and data mining in many 
domains—from agriculture to business, education, industrial manufacturing, and 
medicine—gave rise to new requirements for how to inspect and control the learned 
models. The research domain of explainable artifcial intelligence (XAI) has been 
newly established with a strong focus on methods being applied post-hoc on black-
box models. As an alternative, the use of interpretable machine learning methods 
has been considered—where the learned models are white-box ones. Black-box 
models can be characterized as representing implicit knowledge—typically resulting 
from statistical and neural approaches of machine learning, while white-box mod-
els are explicit representations of knowledge—typically resulting from rule-learning 
approaches. In this introduction to the special issue on ‘Explainable and Interpret-
able Machine Learning and Data Mining’ we propose to bring together both per-
spectives, pointing out commonalities and discussing possibilities to integrate them. 

Keywords Explainable AI · Explainable and interpretable machine learning · 
Explainable and interpretable data mining · Hybrid artifcial intelligence 

1 Introduction 

Algorithms are afecting an increasing number of aspects of human life, ranging 
from the preselection of news items and posts in one’s social network feed to high-
stake medical decisions, e.g., for recommendation and decision support. In many 
cases, humans have the option to decide whether to follow the algorithmic advice (or 
recommendation) and to what extent. Existing research seems to indicate a current 
tendency towards algorithm appreciation, the phenomenon of assigning more weight 
to algorithmic advice than from a human source (Logg et  al. 2019; Bogert et  al. 
2021). Public trust brings with it responsibility for data scientists to devise reliable 
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models. This is often hard to achieve due to factors including data quality issues 
or models getting obsolete in time due to concept shift. To retain and strengthen 
human trust, it is therefore vital for the machine to explain the reasoning behind its 
prediction and also to articulate its (un)certainty in a way that can be understood by 
humans. 

In response to these challenges, scientifc discourse in artifcial intelligence and 
data science has focused on explainable AI (XAI)  (Gunning et  al. 2019; Arrieta 
et  al. 2020). This emerging feld covers algorithmic transparency, interpretability, 
accountability and explainability of algorithmic models and decisions (Adadi and 
Berrada 2018; Molnar 2022; Samek et al. 2019; Rudin 2019; Górriz et al. 2023). In
machine learning, data mining and knowledge discovery, the respective approaches 
can be classifed as intrinsically interpretable (white-box) or non-directly interpret-
able (black-box). White-box models, such as rule learners (Fürnkranz et al. 2012),
(local) pattern mining (Morik et al. 2005; Fürnkranz and Knobbe 2010) and induc-
tive logic programming (Cropper et  al. 2022), result in explicit models which are 
inherently interpretable. In contrast, black-box approaches, such as ensembles or 
(deep) neural networks, result in opaque models. For this second type of models, 
over the last years, diferent approaches for ex-post explanation generation have 
been proposed. Interpretability and explainability are particularly important for 
knowledge discovery and data mining, where the understandability of the found pat-
terns is a key factor in the classic defnition of the feld (Fayyad et al. 1996), being
relevant both for implementation as well as application.

The goal of this special issue is to provide a joint perspective on work in explain-
able and interpretable machine learning and data mining. Integrating these areas 
should enable new perspectives on questions regarding appropriate learning formal-
isms, interpretation and explanation techniques, their metrics, as well as the respec-
tive assessment options that arise. In this introductory article, we do not aim to 
provide yet another review but want to present and highlight special demands on 
explainable and interpretable approaches for machine learning and data mining, 
which are also refected in the articles contained in the special issue.

In the remainder of this editorial, we will frst provide a brief introduction to the 
basic concepts of explainability and interpretability (Sect. 2). Thereafter, in Sect. 3, 
we outline current research directions in explainable AI, with a particular focus on 
data mining and machine learning. The topics covered include measuring interpret-
ability, a survey of types of interpretable models, the role of background knowledge, 
and emerging topics such as applications involving complex data and combining
reasoning and learning. Section 4 provides a brief overview of the articles included 
in this special issue, before we conclude with an outlook on the future of explainable 
AI. 

2 Basic concepts in explainability and interpretability 

Especially in complex and sensitive domains involving high stake decisions, for 
example, agriculture (Schoenke et al. 2021; Ryo 2022), medicine (Holzinger et al. 
2017; Atzmueller et al. 2005), cyber security (Atzmueller et al. 2023; Nadeem et al. 
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2023), industry (Gade et al. 2019; Ahmed et al. 2022), or law and judicial applica-
tions (Deeks 2019; Lim 2021), human agency and oversight are important require-
ments for the trustworthiness of AI-supported decision making as incorporated in 
respective decision support systems  (Laux et  al. 2023; Schmid 2023). In general, 
it might not be necessary for a system to provide explanations in all possible situa-
tions—in fact, this might be even harmful, resulting in cognitive overload (Ai et al. 
2021) or reduced efciency. However, it should be possible to obtain an explanation 
for a model’s decision whenever a human requests an explanation or whenever a 
system output is assessed to be uncertain. Such explanations should be faithful, that 
is, being closely related to the model, and at the same time providing the informa-
tion which are relevant for the current context. An overview of the need for explana-
tions, our working defnition for interpretability and explainability, human-centricity 
of explanations, as well as societal requirements on explanations will be discussed 
in the following. 

2.1 The need for explanations 

The models learned by many state-of-the-art machine learning algorithms are often 
too complex to be directly understood. Such models are referred to as “black boxes”. 
The loss of explainability associated with a technological advance in AI has been 
foreseen already by Asimov (1950): 

Machines are a gigantic extrapolation. Thus, a team of mathematicians work 
several years calculating a positronic brain equipped to do certain similar acts 
of calculation. Using this brain they make further calculations to create a still 
more complicated brain, which they use again to make one still more compli-
cated and so on. [...] Perhaps roboticists as a whole should now die, since we 
can no longer understand our own creations. 

Fortunately, a number of (admittedly still complicated) algorithms have been devel-
oped to provide explanations for the models and predictions generated by the black-
box models, including deep neural networks as the current manifestation of Asi-
mov’s “positronic brain”.

An alternative to explaining a black box is using a directly interpretable model 
such as a rule list or a decision tree. Even though it is generally believed that using 
a simpler, more interpretable model may result in a decrease in predictive perfor-
mance, it has in fact been argued that this accuracy-interpretability tradeof is a fal-
lacy and that more interpretable models “are more (and not less) accurate” (Rudin 
and Radin 2019). Nevertheless, while this may be true for a particular setup and 
data, comprehensive benchmarks have shown that, on average, more complex 
black-box models such as decision tree ensembles and random forests have a bet-
ter predictive performance than the typical representatives of the current generation 
of “white-box” models such as single trees or rule lists (Fernández-Delgado et al. 
2014; Freitas 2019).

The current performance impediment does not make research in interpret-
able models obsolete but quite the opposite, with white-box models being used as 
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Fig. 1  Interpretable approaches and ex-post XAI methods 

elements of ensembles (e.g., decision trees in tree ensembles), for surrogate mod-
elling used to “explain the black box”, or for problems where interpretability is 
more important than the predictive performance. This is also refected in the call 
for papers for this special issue which invited articles advancing both explanation of 
black boxes as well as further refnement of directly interpretable models. 

2.2  Taxonomony of explainable machine learning 

Figure 1 provides an overview of diferent approaches or perspectives on explain-
able machine learning methods. 

Type of source data for learning 
One of the main factors that determines the choice of an explanation algorithm is 

the type of data being analyzed, since diferent methods might be needed for image 
data as opposed to text. However, versatile methods such as LIME (Ribeiro et  al. 
2016) can be applied to text, image, and tabular data.

The choice of input data also often determines options for the machine learn-
ing algorithm. Tabular data might be amenable to white-box, intrinsically interpret-
able algorithms such as decision trees or rules. In contrast, achieving good results on 
image data or texts often requires models with a high number of parameters, such as 
deep neural networks or ensembles. 
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Inherent model interpretability and reason for explanations 
Rudin (2019) argued very convincingly that whenever it is possible to apply

interpretable machine learning, such approaches should be preferred since it is
much more straightforward to induce a white-box model directly than to frst
learn a black-box model and work hard to make it interpretable afterwards. How-
ever, this proposition is only feasible for domains and data sets for which inter-
pretable approaches are applicable in such a way that the learned models can have 
high predictive accuracy. As noted earlier, extensive benchmarks have shown that 
there is, on average, a notable gap between the performance of the best white-box
methods. This shows that there is an interpretability-accuracy trade-of between 
the choice of decision trees, rules and other interpretable models on one hand,
and best-performing black-box models such as tree ensembles or neural networks
on the other hand. 

Interpretable models (mostly) explain themselves. 

Interpretable models refer to symbolic models which are inherently interpretable, 
that is, regression models and rule-based approaches such as decision tree methods, 
or inductive logic programming. These methods can be often applied to tabular data 
which are abundant in many domains such as administration, customer relationship, 
fnance, or medical databases. 

Explanation generation for black-box models. 

These methods include ensembles, (deep) neural networks, and other forms of 
models, which are difcult if not impossible to interpret for humans already on the 
syntactical level. For a human to be able to understand and evaluate why a learned 
black-box model returns a specifc output to a given input, an ex-post explanation 
method is necessary. 

Scope of explanations 
An important practical question often determined by the given use case is whether 

it is sufcient to provide an explanation for a specifc prediction, or whether the 
complete (approximated) behavior of a machine learning model should be reviewed. 

Local explanations. 

This scope of explanation is, to our knowledge, prevalent in the current research. An 
example is explaining why for a specifc input, the model returns a specifc output—
for instance, classifying an input image as representing a specifc type of tumor. 

Global explanation. 

This scope of explanation aims at explaining the full model. For instance, what 
information, in general, the model uses for classifying a specifc type of tumor. 
Interpretable models can be seen as global explanations since they are given in a 
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symbolic form. A common example is a surrogate decision tree. Specialized algo-
rithms include learning near-miss explanations for rule sets via inductive logic pro-
gramming (Rabold et al. 2022). 

Type of explanation 
The choice of the explanation algorithm is often determined by how the expla-

nation should look, which might be a critical choice for its information value and, 
eventually, user acceptance of the explanation. 

Feature-based methods.

 Many proposed methods analyse feature relevance. That is, they highlight what 
information in the input data is mostly used to determine the output of the explained 
model. 

Example-based methods and counterfactuals. 

Another type of explanation are counterfactuals (Wachter et al. 2017), which is one 
of the most common types of example-based methods. Here, an explanation shows 
what needs to be minimally changed in the input to result in a diferent output for 
the model. This type of explanation is often discussed in the context of explanations 
for end-users, for instance, to explain why a loan might be denied. Related to coun-
terfactuals are contrastive (Dhurandhar et  al. 2018; Kim et  al. 2016) or near-miss 
(Rabold et al. 2022; Herchenbach et al. 2022) explanations which can be applied to 
arbitrary data including images. 

Explanations through interpretable machine-learning models. 

Interpretable approaches have also been proposed as a method to explain opaque 
machine learning models. For classical feed-forward neural networks, extracting 
decision trees (TREPAN; Craven and Shavlik 1995) or rules in propositional logic 
(KBANN; Towell and Shavlik 1994) have been introduced for global explanations. 
Furthermore, it has been shown that LIME’s predominant linear regression method 
to construct local explanations can be replaced with rule-based (Guidotti et al. 2019)
or more expressive relational models (Rabold et al. 2020). Finally, there is research 
on extracting automata from deep neural networks (Weiss et al. 2018). Such combi-
nations of neural network models with symbolic rules are a special type of hybrid AI 
(Towell and Shavlik 1994) or neuro-symbolic AI (d’Avila Garcez and Lamb 2023; 
De Raedt et al. 2020). 

Versatility of the explanation algorithm 
Another perspective in terms of versatility is whether the explanation algorithm 

has been designed for a specifc type of machine learning method or is model agnos-
tic. In some machine learning workfows, the choice of a learning algorithm is tuned 
as part of, e.g., an automated machine learning process. Not only in such cases, it 
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is imperative that the explanation process is not impacted by a swap in the learning 
algorithm. 

Model-specifc methods. 

Model specifc methods exist for various types of the underlying models. For ran-
dom forests, one approach based on analyzing the tree-based structure of the model 
has been introduced by Palczewska et al. (2013). A similar idea is used in the python 
package treeinterpreter.1 Popular methods for neural networks are Gradient-
weighted Class Activation Mapping (Grad-CAM) (Selvaraju et al. 2017) and Layer-
wise Relevance Propagation (LRP) (Bach et al. 2015). 

Model-agnostic methods. 

Alternatively, there are model-agnostic methods where the computation of explana-
tions is based on perturbations or other analytical methods of the input. Well-known 
methods are LIME (Ribeiro et  al. 2016), RISE (Petsiuk et  al. 2018), and SHAP
(Lundberg and Lee 2017a).

While model-agnostic methods are more generally applicable, it has been sug-
gested that model-specifc methods often provide better explanation outcomes. 
For example, this has been discussed by a recent study showing that LIME is out-
performed by Grad-CAM in the task of explaining convolutional neural networks 
trained to label images (Cian et al. 2020). 

Evaluating explanations 
Algorithmic explanations can lead to an increase in trust in AI recommendations 

(Bansal et al. 2021). This result is encouraging but entails responsibility. One could 
argue that even an imperfect explanation is better than no explanation at all. How-
ever, Bansal et  al. (2021) also observed that explanations of incorrect AI recom-
mendations increased the chance of the wrong recommendation being accepted by 
humans. Conversely, AI explanations, even when correct, may reinforce, rather than 
reverse strong wrong prior human beliefs (Bauer et  al. 2023). Especially in high-
risk domains, it is imperative to perform a multi-thronged evaluation of explanation 
algorithms as well as of specifc generated explanations. 

Fidelity. 

The most important requirement for an explanation is that it is faithful to the model, 
that is, that the explanation really refects what the model is doing (Lakkaraju et al. 
2019). While interpretable methods are inherently faithful, this is not the case for 
ex-post computations of explanations. For instance, it could be shown that the expla-
nations generated by LIME in an image classifcation problem are highly dependent 
on the methods by which superpixels are determined (Schallner et al. 2020). 

https://pypi.org/project/treeinterpreter/. 1 

https://pypi.org/project/treeinterpreter/
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Model size. 

The model size is particularly important for interpretable models. Although its syn-
tax might be human-understandable, a particular model might be too complex to be 
directly understandable to humans. For example, we can consider a decision tree 
with hundreds of splits or, at the other extreme, a very concise model that further 
uses non-descriptive feature names. As a result, model size is one of the most com-
mon metrics, its main advantage being that it can be computed directly from the 
training data and even optimized for during the learning of interpretable models. 
However, it has also been argued that too simple explanations can also be less con-
vincing than more complex ones (Fürnkranz et al. 2020). 

Predictive performance. 

Predictive metrics such as accuracy or the area under the ROC curve are often rele-
vant for the evaluation of explanation methods. For surrogate models, it is important 
to know if the simpler yet understandable model performs acceptably well. Predic-
tive performance can also be used to compare explanation algorithms. Using the 
ROAR approach (RemOve and Retrain) the best explanation algorithm will identify 
those features as most important whose removal will cause the biggest decrease in 
model performance relative to other methods (Hooker et al. 2019). 

User studies. 

The problem is not only ensuring the correctness of the prediction (and explana-
tion) but also whether it will be correctly understood by the target audience, espe-
cially given that multiple explanation techniques may be simultaneously required 
(Reed et  al. 2021). As the AI explanation may be out of sync with the quality of 
the prediction, the goal of XAI should be to accurately inform rather than to con-
vince; nevertheless, the latter is the objective of many explanation algorithms (Bauer 
et al. 2023). It is, therefore, important to perform user studies aimed at evaluating 
the efectiveness of individual explanation methods with correctly stated objectives 
and evaluation measures. 

2.3 Societal requirements on explanations 

Until recently, laws governing AI were only in science fction. The most well-known 
are the Three Laws of Robotics (Asimov 1942), which were—in Asimov’s world—
hard-wired in robots to prevent them harm human beings, make them obey human 
orders and preserve their existence.

As of the writing of this editorial, the EU is preparing its Artifcial Intelligence 
Act, which aims to prevent AI from causing harm to humans.2 One of the means 

https://eur-lex.europa.eu/legal-content/EN/TXT/?uri=celex%3A52021PC0206. 2 

https://eur-lex.europa.eu/legal-content/EN/TXT/?uri=celex%3A52021PC0206
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designated to achieve the safety of “high-risk” applications of AI are requirements 
on transparency and explainability. The draft regulation demands that the overseeing 
individuals should be able to “correctly interpret the high-risk AI system’s output”. 
An open question is which existing XAI algorithms will ensure this? According to 
an analysis by Reed et al. (2021), current law and regulations expect explanations in 
the form of a narrative, a story. This is met by explanations provided by Asimov’s 
robots but not by the current generation XAI. 

In general, it is argued that XAI supports trustworthiness (Schmid 2023). How-
ever, there might be the danger that humans readily accept a model output as trust-
worthy if some explanation is given, but trust might not be justifed. For instance, 
humans might be biased towards the predictions of a model  (Schmidt and Biess-
mann 2019). Additional criteria have to be met to make a model trustworthy, among 
them its robustness, fairness and corrigibility (Schmid 2023), also extending to 
verifcation and testing (Huang et al. 2020). Furthermore, besides evaluation crite-
ria ensuring the quality of the learned models themselves, the quality of the gener-
ated explanations have to fulfll certain criteria, furthermost their faithfulness to the 
model (Hedström et al. 2023) but also their complexity and comprehensibility to the 
human (Ai et al. 2021; Göbel et al. 2022). 

3 Research directions in explainability and interpretability 

The feld of XAI has grown considerably in recent years. It is beyond the scope of 
this editorial to provide a full survey of the feld. However, in the following, we 
nevertheless outline a few important current research directions, including how to 
measure interpretability (Sect. 3.1), the duality of explaining black-box models as 
opposed to directly learning white-box models (Sect.  3.2), XAI for complex data 
types (Sect. 3.3), and the integration of background knowledge into the explanations 
(Sect. 3.4). 

3.1 Measuring interpretability 

Obviously, many papers measure interpretability using the complexity of concepts, 
and whether they can be syntactically read or not. This is debatable, because shorter 
descriptions are not necessarily more understandable (e.g., textbooks may contain a 
lot of redundancy). On the other hand, however, too complex models are not inter-
pretable, for example, random forests. In any case, only few papers explicitly defne 
and evaluate interpretability. 

Interpretability of model class 
Some model classes are considered to be inherently interpretable, including 

logical models such as decision trees or rules, probabilistic models such as Naïve 
Bayes classifers or Bayesian networks, or statistical models such as linear discrimi-
nators. As explanations, typically feature weights or heat maps, as well as special 
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data points such as prototypes, nearest neighbors or counterfactual examples are also 
considered to be interpretable. The coarsest way of assessing interpretability is to 
simply state that the learned model or the produced explanation is within one of 
these classes. 

Syntactic properties 
Finer grained measures of interpretability often focus on syntactic properties of 

the model, most notably the complexity of a model. Principles like Occam’s Razor 
or Minimum Description Length (MDL) are commonly used heuristics for model 
selection, and have shown to be successful in overftting avoidance. As a conse-
quence, most rule learning algorithms have a strong bias towards simple theories. 
Nevertheless, the view that more complex models are necessarily less interpretable 
has recently been questioned as discussed earlier (Sect. 2.2). 

Semantic properties 
Some works also consider semantic properties of the models, such as how similar 

the important features of a learned model are to each other or the user’s background 
knowledge. For example, Gabriel et  al. (2014) proposed to consider the semantic 
coherence of its conditions when formulating a rule. Pazzani et al. (2001) show that 
rules that respect monotonicity constraints are more acceptable to experts than rules 
that do not. 

User acceptance 
It has also been argued that interpretability should go beyond the mere ability 

to understand a learned model. By that view, it is not sufcient that a model can be 
read and interpreted by its intended user, but that user may assess diferent models 
or model classes with diferent degrees of interpretability. For example, early studies 
such as (Kononenko 1993; Huysmans et al. 2011; Allahyari and Lavesson 2011; Pil-
taver et al. 2016) compared diferent types of machine learning models with respect 
to their interpretability as perceived by users, or Fürnkranz et al. (2020) report on 
a crowd-sourcing study where the plausibility of various learned rule-bases was 
assessed by human subjects. 

Utility 
Only rarely it has been attempted to directly measure the utility of the learned 

model or the provided explanation to the user. One of the few attempts for such an 
operational defnition of interpretability is given by Schmid et al. (2017) and Mug-
gleton et al. (2018), who tested whether participants in their study can successfully 
apply the acquired knowledge to new problems, and thus related interpretability to 
objective measurements such as the time needed for inspecting a learned concept, 
for applying it in practice, or for giving it a meaningful and correct name. 

Trustworthiness 
As already mentioned in Sect. 2.3, trustworthiness is an important factor which 

can be supported by interpretable and explainable methods and approaches. As 
stated by Li et al. (2022), for example, “an interpretation algorithm is trustworthy if 
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it properly reveals the underlying rationale of a model making decisions.” In particu-
lar, if the respective algorithmic mechanisms of a model towards its decision making 
are understandable, then the transparency of the model is positively impacted (Ali 
et al. 2023). Therefore, trustworthiness includes many aspects discussed above, in 
particular also extending to robustness, transparency, and evaluation of explanations 
in general (Hedström et al. 2023; Kaur et al. 2021; Vilone and Longo 2021; Schoen-
herr et al. 2023). 

Quantitatively, the frequency of use of the various techniques in the literature seems 
to be diminishing in roughly the above order. Syntactic assessments of interpretabil-
ity can be more frequently found than semantic assessments, which in turn are still 
more common than actual user studies. Arguably, the main reason for this reduction 
is that these measures become increasingly more difcult and elaborate to obtain. 
For syntactic measures, one only needs to look at the model class, and possibly com-
pute some obvious features such as the model complexity. These can thus be easily 
employed in empirical studies, in much the same way as predictive measures such 
as accuracy can be computed without much efort. Semantic measures are harder to 
obtain, as they would, e.g., require additional background knowledge in the form of 
knowledge bases or ontologies. User studies are obviously the most demanding in 
terms of eforts both on the data analysts and the users. It has thus been argued that 
insights from social and cognitive sciences (Miller 2019; Kliegr et al. 2021) should
receive higher attention in the design of suitable criteria for assessing the interpret-
ability of models and explanations. 

3.2 Explaining black‑box versus learning white‑box models 

The excellent performance of black-box models in many domains has resulted in the 
demand for XAI algorithms that aim at explaining such models, either via methods 
that are targeted to specifc types of black-box models such as deep neural networks 
(Samek et al. 2019), or general methods that can take any black-box model such as 
LIME (Ribeiro et al. 2016) and (Lundberg and Lee 2017b). However, this approach 
has also been criticized for various reasons, including a lack of robustness (Slack 
et al. 2020; Zhang et al. 2019). In particular, Rudin (2019) has argued that surrogate 
explanatory models often do not faithfully capture the original black-box models, or 
are no more accurate than white-box models that have been directly learned from the 
original data, so that it seems advisable to invest more eforts into learning explain-
able white-box models in the frst place. This comes back to learning simple (linear) 
scoring models (e.g., Puppe 2000; Atzmueller et al. 2006), which are interpretable 
and used, for example, in medicine as diagnostic scores (Ohmann et al. 1999; Fron-
höfer and Schramm 2001). Here, Ustun and Rudin (2016, 2019) provided advanced 
algorithms for learning such diagnostic scores with optimized models that are still 
easily interpretable. Consequently, also based on such recent advances, research on 
the direct learning of white-box models has received a boost. For example, inductive 
rule learning has also seen a considerable increase of attention in recent years (see, 
e.g., Wang et al. 2017; Lakkaraju et al. 2016). New algorithms can also be tailored 
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to the specifc challenges of providing an explanation. For example, the recent very 
efcient rule learner LORD (Huynh et al. 2023) draws inspiration from LIME and 
its rule-based version LORE (Guidotti et al. 2019) in that it learns the best possible 
rule for each training example in a similar way as XAI methods produce explana-
tions that are tailored to particular query examples. 

3.3 Explainability/interpretability on complex data 

Interpretability and explainability are also an important emerging topic on com-
plex data representations like network/graph and sequential data—with few works 
reviewing this feld, yet. Recent work (e.g.,  Theissler et al. 2022; Zhao et al. 2023)
focuses on the implementation of explainability on complex data, such as time series 
and networks/graphs. Here, prominent approaches also include post-hoc methods on 
graph neural networks (Liu et al. 2022; Huang et al. 2022; Schwenke et al. 2023).
Regarding the modeling and explainable analysis of graphs and networks, for exam-
ple, Masiala and Atzmueller (2018) outline perspectives on explanation in com-
plex network analysis. As one of the emerging directions, we can consider the area 
of anomaly detection (Chandola et  al. 2009). Here, the integration of feature-rich 
networks in (Interdonato et al. 2019) as well as methods for model-based anomaly 
link pattern mining have been presented, in particular also connected to according 
explanation methods (Guven et al. 2021). For example, we can apply interpretable 
pattern mining on graph structures, where the graph relations can be presented as 
explanations, e.g., for specifc events and/or behavior in cyber security (Atzmueller 
et al. 2023).

Regarding time series and sequential data, examples are given by  (Lonjarret 
et al. 2020; Iferroudjene et al. 2022) using local pattern mining; specifcally for time 
series data (Vollert et al. 2021) methods include, for example, symbolic abstraction 
and/or transformer adaptations on time series data (Hsu et al. 2019; Schwenke and 
Atzmueller 2021b, a) for enhancing their interpretability, or signal processing tech-
niques (Mochaourab et al. 2022). 

3.4 Including background knowledge for explainability and interpretability 

Background knowledge can potentially facilitate interpretability or explainability. 
If knowledge about relevant features or sub-concepts of a domain is available, this 
knowledge can be used to guide model construction and result in a more interpret-
able model. Alternatively, knowledge can be applied for providing (post-hoc) expla-
nations, in a reconstructive manner both supporting as well as guiding the expla-
nation generation process, such as enabling reconstructive explanations (Wick and 
Thompson 1992; Guven et al. 2021).

While at the beginning of deep learning research, the focus was exclusively 
on architectures for data-intensive neural network approaches, over the last years, 
there is a growing recognition that combining methods of knowledge-based artif-
cial intelligence and machine learning is proftable for both areas (d’Avila Garcez 
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et al. 2019): On the one hand, machine learning can support data-based adaptation 
of predefned semantic models, on the other hand, knowledge can be used to guide 
and constrain model induction. Combining approaches of knowledge representation 
and reasoning with machine learning is often called hybrid AI or neuro-symbolic 
AI (Hitzler and Sarker 2022; d’Avila Garcez and Lamb 2023; De Raedt et al. 2019),
e.g., using knowledge provided via knowledge graphs (Tiddi and Schlobach 2022).

Neural-symbolic AI aims to integrate two fundamental cognitive abilities—learn-
ing from experience and reasoning from what has been learned (d’Avila Garcez et al. 
2008). That is, neuro-symbolic approaches provide computational architectures to 
combine system 1 and 2 thinking (Kahneman 2011).

An approach which naturally combines reasoning and learning is inductive 
logic programming (ILP) which was introduced in the early 1990s (Muggleton and 
De  Raedt 1994; Cropper and Dumančić 2022). ILP is a family of approaches for 
learning relational models in the form of Prolog programs. Training examples are 
presented together with background knowledge given as ground facts. Additionally, 
background theories can be used. For instance, temporal or spatial calculi can be 
provided to include temporal or spatial relations in model induction (Katzouris et al. 
2015; Bruckert et al. 2020). ILP is a special variant of inductive programming—that 
is, learning computer programs from examples (Gulwani et al. 2015). Learned mod-
els which are available in the form of computer programs are inherently interpret-
able since they are represented in symbolic form.

It has been shown that ILP models can help humans to comprehend complex rela-
tional dependencies (Muggleton et al. 2018). This characteristic has been introduced 
as ultra-strong machine learning by Michie (1988). Although ILP models are inter-
pretable, to support human decision making in complex domains, it nevertheless is 
necessary to provide explanations which fulfll a current need for information. A 
local, verbal explanation can be extracted from the reasoning trace of the model for 
a given input (Gromowski et al. 2020; Finzel et al. 2021).

Diferent approaches have been proposed to combine symbolic approaches to
reasoning and learning with deep learning approaches: One type uses deep learned
models like sensors for perceptual information and constructs interpretable models
on top. Another type of models incorporates knowledge into neural network architec-
tures. Two examples for the frst type are (a) the combination of CNNs with ILP con-
veyed via the model agnostic explanatory system LIME (Rabold et al. 2019) and (b)
the combination of deep learning and probabilistic logic programming, for instance
to learn arithmetic operations from hand written numbers (Manhaeve et al. 2018).

Diferent propositions to encode knowledge in neural networks are graph neu-
ral networks (Wu et al. 2020), diferentiable inductive logic (Evans and Grefenstette 
2018), and logic tensor networks (Badreddine et al. 2022). 

4 Articles in this special issue 

“Opening the black box” is an increasingly critical step in machine learning work-
fows. It helps to validate predictive models and retain user trust in AI. It also has 
utility in data mining, where it can help to extract interpretable insights from black 
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box models. However, a key aspect is the reliability of the explanations. A path 
towards higher quality explanations involves integrating knowledge from various 
sources and being able to process the knowledge in a logically sound way. We, there-
fore, invited submissions covering the use of knowledge graphs in XAI research as 
well as reasoning, the causality of machine learning models and logic programming.

As a response to the call for papers to this special issue, frst issued in the fall of 
2020, we received a total of 81 submissions. Of these, 24 papers were accepted, 5 
of which have already been published in earlier issues of this journal (Volume 36 
3/4), so that this printed issue contains a total of 19 articles. However, all articles are 
collected in a topical collection of this journal,3 which as of now also contains an 
additional survey article, and may be further extended in the future.

In the following, we give a brief overview of the 25 articles, which are as of now 
contained in the on-line topical collection, loosely grouped according to the type of 
research problems addressed in the papers. 

Surveys 
A large number of surveys of research in XAI have been published in recent 

years. Nevertheless we have included three surveys in this topical collection, which 
we believe provide a novel and useful angle to the feld. Concerning that, Schwalbe 
and Finzel (2023) provide a meta-survey, i.e., they evaluated and compared various 
surveys with the goal of providing a unifed view, as well as a complete taxonomy 
of XAI methods. Guidotti (2023) provides an overview of work on counterfactual 
explanations, a popular family of methods which focus on identifying examples that 
are similar to a query example, but belong to a diferent class. This may also serve 
as an introduction to several papers in this special issue which also touch upon this 
topic (see below). Finally, we also included a paper (Bodria et al. 2023) in this topi-
cal collection, which provides a survey on the well investigated feld of explaining 
black-box models, but provides a new angle by categorizing the work according to 
the type of explanation produced. 

Feature-based Explanations 
Arguably the best-known type of XAI methods are feature-based, such as LIME 

and SHAP. Typically, such techniques provide weights for features, which indi-
cate their respective importance for the decision outcome. Not surprisingly, a fair 
share of works in this topical collection is devoted to this type of problem. Vreš and 
Robnik-Šikonja (2023) focus on a known problem with such techniques, namely that 
they could be manipulated via the choice of the employed feature sampling method. 
As a remedy, they propose a technique for modeling the data distribution and sam-
pling according to the found distribution. Molnar et al. (2023) also notice a prob-
lem with one particular XAI technique, namely feature permutations. In particular, 
they observe that such permutations may sometimes generate data points in vacu-
ous and meaningless parts of the instance space, and address that problem by frst 
identifying feature groups in which no dependencies exist. The assessment of the 

https://link.springer.com/journal/10618/topicalCollection/AC_81d874a4efbe7c4f2ebf44b6cccb49df. 3 

https://link.springer.com/journal/10618/topicalCollection/AC_81d874a4efbe7c4f2ebf44b6cccb49df
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importance of feature groups as opposed to individual features is central to the work 
of Au et  al. (2022), who survey possible ways for adapting various feature-based 
XAI techniques to that problem, and also introduce an appropriate visualization for 
feature groups. Somewhat orthogonally, Brandsæter and Glad (2023) generalize 
Shapley values, which are typically used for quantifying the contribution of indi-
vidual features to the prediction of a single example, to a setting where they can be 
used to explain clusters or groups of examples. Scholbeck et al. (2024) argue that 
while the coefcients of linear regression models, which are, e.g., used by LIME, 
can be interpreted as feature importance weights, this does not hold for non-linear 
generalized regression models. As a remedy, the authors adapt a known statistical 
technique—marginal efects—to the problem of providing post-hoc explanations for 
predictions, and show that this compares favorably to standard linear techniques. 

Counterfactual Explanations 
While feature-based methods focus on individual features or feature groups, 

exemplar-based methods focus on entire examples. The most prominent approach 
in that class are counterfactual explanations, which aim at identifying an example of 
a diferent class, similar to the one that should be explained. The remaining difer-
ences between these two examples may be interpreted as a set of features which are 
most responsible for the provided decision, because changing them would change 
the outcome. As already mentioned, Guidotti (2023) provides an exhaustive over-
view and comparison of such methods, which is a good starting point for the fol-
lowing research contributions. Brughmans et al. (2023) introduce a novel technique 
for fnding counterfactual examples, which has several attractive properties, includ-
ing that it can provide multiple explanations that optimize diferent criteria. The 
approach is shown to outperform its competitors in a broad empirical study on 40 
datasets and 3 assessment criteria. Crupi et al. (2023) criticize that, in general, work 
in this area focuses only on features, ignoring the causal impact of actions that need 
to be taken in order to change the outcome, and propose a general methodology that 
can be used for taking causal models into account. Raimundo et al. (2023) search 
for an optimal subset of counterfactual features for a desired outcome in a process 
they call counterfactual antecedent mining, which shares some similarities with 
rule mining algorithms, and show that it can produce Pareto-optimal solutions in 
the presence of multiple objectives. Guidotti et al. (2023) suggest the use of action-
able counterfactual rules, which may be viewed as a generalization of counterfactual 
examples, to complement a conventional explanation in the form of a logic rule. The 
technique may thus be viewed as a hybrid bridge to the model-based explanation 
techniques covered below. 

Model-based Explanations 
Zhou et  al. (2023) focus on model distillation, i.e., the process of training an 

interpretable surrogate model in lieu of a non-interpretable black-box model. In 
particular, they show that extracted decision-tree models can vary substantially, and 
propose a framework with which more stable models can be learned. While this 
work learns global symbolic models, Mollas et al. (2022) propose a technique for 
extracting local, rule-based explanations, in their case specifcally from ensembles 
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of decision trees, also known as random forests. Veyrin-Forrer et al. (2023) aim at
characterizing the behavior of graph neural networks via rule-based activation pat-
terns. To fnd these, techniques from subgroup discovery are adapted to an XAI 
framework. Finally, Javed et al. (2022) focus on a class of methods that has so far 
not received much attention in XAI, namely the learning of computational models 
via genetic programming. Such methods are also susceptible to learning overly spe-
cifc models, which can be countered by a variety of techniques, which are discussed 
in this introductory survey. 

XAI for Deep Learning 
Deep neural networks (DNNs) are as of now the most popular and arguably the 

most powerful black-box machine learning technique. Not surprisingly, a variety of 
XAI techniques have been developed specifcally for understanding such models. 
Hada et  al. (2023) propose to explain the last layers of a neural network with an 
interpretable decision tree model, with the goal of obtaining insight into what parts 
of the DNN are responsible for the observed prediction. This focus on the inter-
nal features of the network is, in a way, orthogonal to conventional XAI techniques, 
which focus on the features in the data. Ventura et al. (2023) focus on convolutional 
neural networks and propose an innovative technique for providing visual explana-
tions based on unsupervised feature extraction from multiple convolutional layers. 
Schneider and Vlachos (2023) propose an interesting technique how explanations 
can be used for improved classifcation performance, in a process that is motivated 
by human refective reasoning. The idea is to compute an explanation for an exam-
ple for any class in a backwards relevance propagation up to a certain layer, and use 
this information as an additional input to a second deep network which is then able 
to make a prediction based on the input and the inferred explanation. Merz et  al. 
(2022) propose a novel technique for obtaining feature-based explanations, which 
is, in principle, model-agnostic, but assumes that gradients can be computed, which 
makes it particularly well suited for explaining DNNs. The key innovation is to 
base the estimation on the quantiles of the prediction function, which also allows to 
obtain explanations for diferent levels of the response. 

User-centric XAI 
Many state-of-the-art techniques ignore the user and provide the same explana-

tion irrespective of the target audience. Several papers address this issue by includ-
ing the user into the explanation process. Sovrano and Vitali (2023) introduce a soft-
ware library that aims at improving the usability of a wide range of XAI systems. 
The work takes a user-centred explanatory approach, founded in a sound theoretical 
basis (Achinstein’s theory of explanations), and demonstrates how their work goes 
beyond user-agnostic textual or visual explanations. A similar point of view is also 
taken by Sokol and Flach (2024), who analyze the potential of various interpretable 
representations for adapting the presented information to particular users or applica-
tions. Baniecki et al. (2023) aim at explicitly modelling the interactive process by 
which an XAI-supported user may gain insight into a model’s behavior and demon-
strate the utility of this methodology for human decision making in a user study. 
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Applications of XAI 
Finally, we were happy to receive a selection of studies on XAI techniques

in real-world problems. Coma-Puig et  al. (2023) report on the incorporation of
standard XAI techniques such as LIME and SHAP into a system for the detection
of so-called non-technical losses in electricity and gas transmission, i.e., losses
that are not due to technical failures but to other factors such as fraudulent cus-
tomers or malfunctioning meters. Valente et  al. (2022) is somewhat orthogonal
to the above approach, in that it reports on the design of a novel XAI technique,
specifcally targeted towards a clinical decision support system. The key idea is to
frst learn a set of interpretable decision rules, and then a neural network model
which can be used for personalizing the rules for a given patient. 

5 Conclusions: the future of explanations 

The topic of explainability of AI systems has a long tradition and has been
researched already in the context of expert systems (Clancey 1983). Here, mostly
rule-based and verbal explanations have been researched. With the rise of deep
learning, there is an ever growing set of XAI methods from feature relevance to
contrastive explanations. The diferent approaches are so varied that multiple tax-
onomies for their categorization have been proposed (Arrieta et al. 2020; cf. also 
Schwalbe and Finzel (2023) in this issue). We believe that the breadth of articles
in this topical collection is a representative snapshot of the state of the art in this
area. Nevertheless, there is a need for further research in XAI (Schmid and Wrede
2022), and we will conclude with a (certainly subjective) outlook on the future of
the feld. 

Of particular importance is to provide methods to evaluate the quality of gen-
erated explanations. On the one hand, the quality of explanations refers to the
relation between the learned model and its explanation with faithfulness as most
important evaluation criterion (Lakkaraju et al. 2019). On the other hand, qual-
ity of explanations refers to the human recipient of the explanation. The current
practice of evaluating explanations by conveniently measurable quantities such as
fdelity to a black-box model or complexity of the provided surrogate model does
only superfcially address the latter point. A core difculty for interpretable mod-
els and ex-post explanations alike is that the quality of an explanation is context-
dependent: It depends on what is explained to whom in what way (how) and for
what reason (why). Research on tailoring explanations to the specifc information
needs of humans is still at its beginning and demands a broader, interdisciplinary
perspective (Göbel et  al. 2022; Kliegr et  al. 2021). For example, a caveat with
existing XAI approaches is that many generate explanations which are under-
standable only to experts and may require training to be used efectively, a prob-
lem that may also apply to white-box models (Reed et al. 2021).

The next evolutionary step, also refecting what may be legally expected, are
interactive explanations in natural language that involve reasoning. Such explana-
tions may appear more convincing and informative as well as legally compliant. 
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However, with the current state of technology, the quality of such explanations
may outpace the reliability of the predictions that are being explained. To illus-
trate this, the GPT-3 Chatbot, when asked why a kilo of beef weighs more than a
kilo of air, provided the following explanation (Hern 2022): 

The weight of an object is determined by its mass, and the mass of a substance 
is a measure of the amount of matter it contains. Beef contains more matter 
than compressed air, so it has a higher mass and therefore weighs more. 

This explanation refers to concepts from physics, is written in a precise, gram-
matical language, and as such, may appear more convincing than, for example, fea-
ture scores generated by SHAP and LIME, yet it is wrong. This example seems to 
support a pattern described by Saha et  al. (2022), who show that GPT-3 Chatbot 
explanations are as “grammatical” as human explanations but signifcantly worse 
in generalizability and support of the label. Nevertheless, ChatGPT provides the 
opportunity to interactively refne and tune a provided explanation in a very natural 
way, as most of our readers have certainly experienced. We believe that such a seam-
less approach for interactive refnement of explanations is of utmost importance and 
will become a dominant trend in the feld. 

Returning to the quotation by Asimov, with which we motivated the need for 
explanations in Sect. 2.1: in the same story, when a robot was asked for a particular 
justifcation, it replies “The matter admits no explanation.” As further elaborated 
by Asimov, such a reply would be valid if there was not enough data for a defnite 
answer. Accompanying a wrong prediction with a convincing explanation (as in the 
ChatGPT example above) may be worse than no explanation, a phenomenon already 
Asimov was aware of. A future of XAI might be providing Asimov’s “narrative” 
explanations in natural language, or maybe no explanation at all? 
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