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Abstract—Artificial intelligence has become mainstream
and its applications will only proliferate. Specific measures
must be done to integrate such systems into society for
the general benefit. One of the tools for improving that
is explainability which boosts trust and understanding of
decisions between humans and machines. This research offers
an update on the current state of explainable AI (XAI).
Recent XAI surveys in supervised learning show convergence
of main conceptual ideas. We list the applications of XAI in
the real world with concrete impact. The list is short and
we call to action - to validate all the hard work done in
the field with applications that go beyond experiments on
datasets, but drive decisions and changes. We identify new
frontiers of research, explainability of reinforcement learning
and graph neural networks. For the latter, we give a detailed
overview of the field.
Index Terms—artificial intelligence, explainability, interpretability, AI safety, graph neural networks

I. I NTRODUCTION
Artificial intelligence (AI) is one of the key drivers of industrial development today. Ethical concerns emerged only
recently with the advent of model predictions that can and
do cause harmful consequences. There are examples of a
bias towards gender and race in AI models used in criminal
justice for criminal decisions [1] and job selection [2]. In
order to prevent such difficulties and finally take care of
safety, the goal is to establish a regulatory or certification
body that will issue permits for the commissioning of
artificially intelligent systems [3] and education programs
addressing the issue have been commenced [4]. Due to
these problems, a relatively new branch of science, AI
safety, has developed [5]. It deals with issues of security
and the usefulness of AI for people and civilization in
general. For people to be sure that AI systems make
decisions that are not harmful according to human views,
it is necessary to get an explanation for making those
decisions. So, the goal of explainable artificial intelligence
(XAI) is to ensure that algorithm decisions, as well as the
data that influenced such a decision, can be understood
by the end-users without the use of cluttered or alien
expressions and terms [6], [7].
In section II we give a review of notable survey papers
from 2020 onward with their contributions. Section III
lists the types of use of XAI techniques and examples
of concrete applications that have had a significant impact
in some specific domain or on the business of a particular
organization. Section IV gives an overview of the current

MIPRO 2022/CIS-AIS

state of XAI for Graph Neural Networks (GNNs). We
conclude in section V.
II. S URVEY PAPERS ON XAI TECHNIQUES
The manner and style of interpretation might vary
depending on the problem’s specific domain (e.g. medical
domain, economic domain, etc.). There are a number of
mechanisms by which the machine model of knowledge
approaches the human model. Some examples of such
mechanisms are concrete images, textual descriptions,
diagrams, and understandable graphical representations of
the decision-making process such as a decision tree or a
specific example close to the human [8].
As interest in the XAI field grows and new methods
and approaches are developed, new survey articles have
appeared that attempt to better categorize the approaches
in this field. Islam et al. [9] provides an overview of
survey articles published in the period from 2017 to 2020.
Many of these articles base the proposed taxonomy on
categorizing methods on the following criteria:
1) Scope of interpretability - a technique provides an
understanding of the entire logic of a model (global)
or a specific decision/prediction only (local).
2) Applicability – a technique can be applied to a single
type/class of algorithm (model specific) or to any type
of AI algorithm (model agnostic).
3) Time of interpretability - model interpretation happens after the model is trained and is independent of
its internal design (post hoc) or models are inherently
easy to understand (intrinsic).
Table I lists some of the survey papers from 2020 onward. In addition to the general categorization mentioned
above, Das and Rad in [10] offer a deeper look at the
methodology behind deep learning algorithms by focusing
on mathematical summaries of the influential papers. Islam
et al. [9] expand the mentioned categorization by showing
the application of each of the methods to a common task
and analyzing each of them from several perspectives.
Tjoa and Guan [14] gave a medical example for each
method that they had previously divided into one of
two groups of methods that are inherently interpretive
(perceptive interpretability) and that ensure interpretability
through mathematical structures. Similarly, the authors
in the [11] distinguish two groups of XAI approaches.
They call them symbolic and sub-symbolic approaches.
Examples of symbolic approaches are logical IF-THEN
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TABLE I: Review of survey papers from 2020 onward
Survey
Opportunities and Challenges in Explainable Artificial Intelligence (XAI): A Survey, 2020
On the integration of symbolic and sub-symbolic techniques
for XAI: A survey, 2020
Survey of XAI in Digital Pathology, 2020

Ref.
[10]
[11]
[12]

A Survey of the State of Explainable AI for Natural Language Processing, 2020
Survey on Explainable Artificial Intelligence (XAI): Toward
Medical XAI, 2021
Explainable Artificial Intelligence Approaches: A Survey,
2021
Operationalizing Human-Centered Perspectives in Explainable AI, 2021
Explainable AI (XAI): A Systematic Meta-Survey of Current Challenges and Future Opportunities, 2021
Explainable Artificial Intelligence for Tabular Data: A Survey, 2021
Explainable Artificial Intelligence (XAI) on Time Series
Data: A Survey, 2021
Explainable AI: A Review of Machine Learning Interpretability Methods, 2021
Explaining Deep Neural Networks and Beyond: A Review
of Methods and Applications, 2021
A survey of visual analytics for Explainable Artificial Intelligence methods, 2022
A Meta Survey of Quality Evaluation Criteria in Explanation Methods, 2022

[13]
[14]
[9]

[15]
[16]
[17]
[18]
[19]
[20]
[21]
[22]

rules. Such an approach is understandable to people but
requires the intervention of experts who will manually
encode symbolic knowledge in the logic rules. On the
other hand, the numerical and statistical representations of
the learned model are sub-symbolic, so there is no need for
expert intervention, but are not inherently understandable
to humans. They recommend and overview the hybrid
approaches. The lack of most of the mentioned articles
is the overfocus on the algorithm itself. There is a lack
of user and stakeholder focus [15]. Also, a small number
of XAI approaches are focused on methods that work on
data that change its value over time, i.e. time series data.
Existing methods mainly provide technical explanations
intended for developers. Rojat et al. provide an overview
of XAI methods applied on time series data [18]. Apart
from the lack of focus on time series data, it is interesting
to note that prior to the [17] paper there was no survey
paper focusing on tabular data. This form of data is one of
the most commonly used today in various sectors such as
the financial sector, medicine, education, legal sectors, etc.
Despite many existing articles dealing with XAI methods,
there is still a lack of an article that offers an overview
of specific and commercial applications and the benefits
that those applications have brought. There are articles that
give examples of application, but mainly relate to a specific
domain (e.g. application of XAI within digital pathology
[12], NLP [13] or to a specific family of methods [21] or
to work with a specific type of data [17].
III. XAI APPLICATIONS
Explainable Artificial Intelligence (XAI) is a core area
of AI in which methods are developed to explain the inner
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logic of either learning algorithms, models that are derived
from them, or knowledge-based inference approaches [23].
According to [6], [7] we can distinguish four types of
needs for the use of XAI techniques and the possibilities
of their application:
A1 Model justification - to explain why a decision was
made, especially when an important or unexpected
decision is generated, all with the aim of increasing
confidence in the model’s operation.
A2 Model controlling and debugging – to prevent catastrophic outcomes. A greater understanding of the
system increases the visibility of unknown flaws and
helps to quickly identify and fix the errors [8].
A3 Model improving - when a user understands why and
how a system produced a particular result, he can
easily upgrade and improve it and make it smarter, and
maybe make it work faster (such as [24], [25] for the
development of algorithms). In addition to improving
the explanation-generating model, understanding the
decisions generated can improve the overall business
process based on the decisions of the AI model.
A4 Knowledge discovery - by the appearance of some
invisible results of the model and by understanding
why and how they arose, one can learn new laws (e.g.
discover some new structures in a living organism).
Also, since AI agents are often smarter than humans,
by understanding their behavior it is possible to learn
new skills (e.g. in chess).
A1 Model justification
Sachan et al. [26] proposed an XAI decision-support
system that can describe the sequence of events that
led to a loan application determination. This system can
integrate human knowledge and can through supervised
learning learn from previous data. A generated explanation
could be delivered in textual form to rejected applicants
as grounds for declining their loan applications. In [27],
Ohana et al. analyzed the March 2020 stock market crash
using gradient-boosted decision trees which the model
accurately predicted out of the sample. To explain the
generated prediction they used SHAP (SHapley Additive
exPlanations). The purpose was to estimate the dangers
associated with borrowing credit through peer-to-peer
lending systems. Zhong et al. [28] proposed QAjudge,
a model based on reinforcement learning whose purpose
is to explain legal judgment predictions generated by
Legal Judgment Prediction (LJP). QAjudge depicts the
forecast generating process in a way that people can understand. This is accomplished by asking human-readable
questions repeatedly and then predicting judgments based
on the responses [17]. Although deep learning models
have proven to be very powerful, the problem is their
non-transparency and they are mostly oriented towards
image format data (e.g. 2D CNNs). Therefore, the authors
[29] propose a method that converts tabular data into
images and thus allows the application of 2D CNN in
credit scoring. The predictions of the models were then
explained by highlighting important pixels that match the

prediction class by using Grad-CAM (Gradient-weighted
Class Activation Mapping), LIME (Local Interpretable
Model-agnostic Explanations), SHAP values, and Saliency
Map method. Therefore, due to various legal regulations
and acts it is often required that systems can explain their
decisions and that they are not biased in any way ( [30],
[31]).
A2 Model controlling and debugging
The authors of [32] applied interpretable methods on
times series data, precisely ECG data. Their goal was
to detect myocardial infarction directly from data. Using
the generated explanations, clinicians can verify that the
model takes into account relevant specific patterns when
making a decision. Ribeiro et al. [33] have shown that
using the XAI method can detect data bias and erroneous
learning. Namely, the task was to distinguish whether a
wolf or a husky was in the picture. They realized using
the LIME method that the model learned that the presence
of snow in the background in a picture implies a presence
of a husky. The authors of [34] also present the detection
of an erroneously learned model using the XAI method.
Namely, the model learned that the presence of an author’s
mark in the picture’s corner is the main characteristic for
the classification that a horse is in the picture. Not much
damage has been done in these cases, but the question is
what would happen had the stakes been higher.
A3 Model improving
CrystalCandle is an example of a tool that has helped
strengthen LinkedIn’s business [35]. Introduction of explainations to recommender system for Linkedin software
sales team resulted in increased subscription revenue for
their software by 8%.
A4 Knowledge discovery
The authors of [36] describe the application of an
explainable Deep Learning System for Healthcare using
electronic health record (EHR). The model predicts the
ultimate risk of heart failure and provides an explanation
along with it. Using the LIME method provides insight
into which features have a positive effect and which have
a negative effect on heart failure. Wu et al. [37], analyzing
SARS-COV-2-positive patient data and using interpretive
models of machine learning, came to the conclusion which
biomarkers indicate severe infection and increased risk
of death. Recent medical research has confirmed their
conclusions. Although it is hardly possible by an ophthalmologist, DNNs can accurately detect a person’s gender
from retinal fundus images [38]. Using BagNet, DNN
architecture, they found that patches from the optic disc
provide predominantly male evidence, whereas patches
from the macula provide mostly female evidence [38].
Alpha Zero defeated world chess champion Vladimir
Kramnik. Using the sparse linear regression method, it
was concluded which AlphaZero figures give the most
importance to the various concepts during training. They
concluded that in relation to humans who mainly focuses
on certain openings, AlphaGo in the early stages tries out
various opening movements [39].
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Interlude. The new frontiers in explainability are explainable reinforcement learning (XRL) and GNN explainability. The former is challenging because of intricate
temporal dynamics which complicates explanations (see
[8] for more details). The latter is problematic due to the
abstractness of representation for which it is hard to find
humanly relatable concepts; graphs are abstract structures
that are not completely intuitive to domain experts, let
alone laymen.
IV. XAI TECHNIQUES FOR GRAPH NEURAL NETWORKS
With the growing popularity of Graph Neural Networks
(GNNs) and their usage in various domains which require explanations for scientific or ethical reasons, such
as chemistry and medicine [40], [41], mathematics [42],
supply chain optimization [43], or programming language
processing [44], a need for GNN XAI methods is rapidly
growing. However, the power of these GNN models,
especially the more recent ones, is only matched by their
complexity and the complexity of the underlying data they
work on. Although most, if not all, of the models can
be categorized into the (augmented) message-passing [45]
paradigm, the more recent ones use increasingly abstract
constructs from graph theory and abstract algebra, such
as motifs [46], [47] and cell complexes [48], [49]. This
alone makes generalized explanation methods very hard to
define, but is further made more difficult by the underlying
data domains, which can consist of various types of graphs
and heterogeneous data. This makes most explanations
meaningful only in a specific domain, thus requiring
model- and domain-specific explanations. Furthermore,
GNN models can differ in the task they try to solve,
which are: node-labeling, link-prediction and graphclassification. While a large portion of the models can be
adopted for any of the above tasks, defining and generating
explanations for different tasks can largely affect how a
GNN XAI model is structured. Therefore, some methods
like the well known GNNExplainer [50], only work on
node-labeling tasks, others such as XGNN [51] only work
on graph-classification tasks, however, some models such
as SubGraphX [52] can be adopted to any task. A large
portion of GNN explanation models focus on the nodelabeling task, with a smaller focus on graph-classification,
but there is a lack of models which generate explanations
for link-prediction tasks.
Different taxonomies have been used in previous surveys. Li et al. [53] use an origin-based taxonomy, where
they divide models which adopt previously known XAI
methods into the non-GNN-origin models, and the GNNorigin models which are tailored specifically for GNNs.
We focus on the GNN-origin methods. Another taxonomy
of models is proposed by Yuan et al. [54] which is synonymous to the scope of interpretability we have mentioned,
where the explanations are either instance-level (local)
or model-level (global). These are then further decomoposed into subcategories based on the method they use to
obtain explanations, where the local explanations can be
gradient-, decomposition-, preturbation- or surrogate-
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based, and the global are only categorized into the
generation-based, since they only contain a single model.
We provide examples of each of the subcategories, while
also mentioning their origin. The decomposition-based
methods, such as GNN-LRP [55], and gradient-based
methods, such as Grad-Cam [56] are exclusively from a
non-GNN-origin and adopt previously known XAI methods for GNNs. The surrogate-based method subcategory
contains models from both origin-based categories, with
GraphLIME [57] being a non-GNN-origin method and
RelEx [58] being a GNN-origin method. These methods
try to sample a dataset from the neighborhood of similar
graphs and fit a simpler, explainable model on the sampled
dataset [54], [58]. These models however, do not directly
generate an explanation of the model, but rely on the
assumption that the relationships in the neighbouring areas
of the input example are simple enough and can be captured by a simpler, more explainable model [54]. However,
how these neighbourhoods are defined is unspecified and
difficult for graph-structured data. The last of the local
subcategories is the perturbation-based category which
consists of exclusively GNN-origin methods and are the
most represented in the field of GNN XAI. An example of
such a model is the aforementioned GNNExplainer [50].
These methods try to mask out unimportant edges, nodes,
or features, thus generating a subgraph consisting of only
the important information for the specified prediction [54].
Although Yuan et al. [54] do not include counter-factual
models such as [40], [59], we believe they belong into
the same category, since they mask out certain edges or
nodes, but try to do so minimally while changing the
prediction, and therefore, generating minimally different
counterexamples. This is specific to the models we have
mentioned, however, no other counter-factual models have
been proposed within to knowledge. Moving away from
instance-level explanation models, model-level or global
explanations, have not been as explored. The only known
model is XGNN [51], which generates common subgraphs
for a specific class using reinforcement learning. The
drawback of the method is, the fact that the model has
to be learned for each class we want to explain.
So far we have only mentioned post-hoc XAI GNN
models which suffer from similar problems as the regular
post-hoc XAI methods [60], such as bias and misinterpretation. Recently, multiple methods for intrinsic explanation
learning have been proposed. The SE-GNN [61] model
uses a K-nearest labeled nodes method, in which it finds
the labeled nodes most similar to an unlabeled node that
it is trying to classify. The similarity depends on a node’s
features and the local structure of the labeled node’s
computation graph. Similarly, ProtGNN [62] compares
graphs to a number of learned prototypes in the latent
space. The similarity of the graphs is then used in the
explanation and prediction process. Although we believe
these models offer more reliable explanations than the
post-hoc methods because of the problems outlined in
[60], they are extremely model-specific since the explanations are used in the prediction process, which can limit

998

their use. Also, it is unclear how to categorize these models
in the previously used scope-based taxonomy.
There is a lack of standardized metrics and datasets
[53] for GNN XAI. The existing experimental works use
synthetic or small, domain-specific datasets and evaluation
metrics requiring ground-truth data and/or human knowledge [53]. These problems have been addressed in [53],
[63], [64] where they support the usage of faithfulness
metrics, which are different measures that try to assess
how well the explanation reflects the reasoning of the
model [53] instead of using human knowledge, which can
sometimes have pitfalls as outlined in [64]. They describe
a set of commonly used metrics and their problems, but
also define their own called the explanation confidence
which addresses the problem of graphs with varying sizes
affecting the sparsity metric and in turn the (inverse)
fidelity metric in an unbalanced manner. Another step
in the right direction, however, limited to instance-level
explanations is given by the authors of [63]. They provide
a theoretical analysis of the different GNN XAI model
bounds with regards to certain wanted properties, further
backed by empirical evaluations. The properties they use
are faithfulness, stability and (un)fairness preservation.
Most of the analysis they provide focuses on the nodelabeling task, but the analysis methods can be extended to
other tasks as well. Contrast to the authors in [64], they
provide more general metrics for explanation evaluation.
Regarding the real-world applications of GNN XAI,
to our knowledge, the only model actually used in a
real-world setting has been the xFraud model [65] which
generates explanations for a fraud-detection model. Their
explanation model is a hybrid explainer that consists of the
aforementioned GNNExplainer [50] and edge-centrality
weights to quantify the importance of different edges for a
prediction. They perform the first quantitative comparison
between the GNNExplainer and a human-labeled dataset,
which is then additionally used to train the edge-centrality
model. They use the model to justify the fraud-prediction
model’s output to avoid diminishing the customer experience on a trading platform, which we can therefore classify
into the A1 application need.
V. C ONCLUSION
This paper describes the current state of explainable AI.
Most of the work is still done in supervised learning and
there is a convergence and recycling between the surveys
with respect to the main concepts relating to explainability.
Much has been done in the last years academically and we
feel now is the time to validate the body of research in the
real world. There is a lack of real-world usage examples
with real impact. There is plenty of digressional abstract
work, such as mostly using synthetic datasets in GNN explainability research. Regarding explainability, the frontier
of research has moved to explainability of reinforcement
learning (XRL) which is mostly unexplored [8] and to
explainability of GNNs. Existing XRL work consists of
mostly methods inspired and transferred from supervised
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learning. There is plenty of opportunity for better, novel,
and radically different ideas. GNN XAI methods still lack
all-encompassing taxonomies, standardized datasets, and
metrics. We can observe the lack of link-prediction and
global explanation models, as well as a lack of real-world
examples of use and human-evaluation studies.
Furthermore, generally for XAI, there is a lack of
standardized datasets and unbiased metrics that makes the
models hard to compare, but also formally verify their
correctness. So to speak, ”they are all winners”. Finally, recent results exposing the GNN local explainability bounds
[63] and the inherent unfairness in explainability [66]
should be seriously taken into account. These phenomena
can severely degrade AI safety and security, but they can
also be a tool and guide for improvements if cleverly
leveraged.
R EFERENCES
[1] A. Chouldechova, “Fair prediction with disparate impact: A study
of bias in recidivism prediction instruments,” arXiv:1703.00056
[cs, stat], Feb. 2017, arXiv: 1703.00056. [Online]. Available:
http://arxiv.org/abs/1703.00056
[2] “Amazon
scraps
secret
AI
recruiting
tool
that
showed
bias
against
women
|
Reuters.”
[Online].
Available:
https://www.reuters.com/article/
us-amazon-com-jobs-automation-insight-idUSKCN1MK08G
[3] E. Jenn, A. Albore, F. Mamalet, G. Flandin, C. Gabreau,
H. Delseny, A. Gauffriau, H. Bonnin, L. Alecu, and J. Pirard,
“Identifying challenges to the certification of machine learning for
safety critical systems,” in European Congress on Embedded Real
Time Systems (ERTS 2020), 2020.
[4] “Forhumanity
organization.”
[Online].
Available:
https:
//forhumanity.center/
[5] M. Juric, A. Sandic, and M. Brcic, “AI safety: state of
the field through quantitative lens,” in 2020 43rd International Convention on Information, Communication and Electronic Technology (MIPRO), Sep. 2020, pp. 1254–1259, doi:
10.23919/MIPRO48935.2020.9245153.
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