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Abstract
Artificial Intelligence (AI) and Machine learning
(ML) applications are being widely used to solve
different problems in different sectors. These ap-
plications have enabled the human-effort and in-
volvement to be very low. The AI/ML systems
make their own predictions and do not require a
great deal of human help. However, over the last
few years several incidents of the developed sys-
tems have led to questions regarding the trans-
parency of those AI/ML systems. Without exper-
tise, it is not always as straightforward to under-
stand certain predictions. This pressing issue has
led to the emerging topic of Explainable Artifi-
cial Intelligence (XAI). In this research, we will
present the current work on a specific type of XAI,
namely model-specific XAI. Model-specific XAI
techniques are particular to certain types of ML
techniques. We will look into several recent model-
specific XAI techniques and provide the advantages
and disadvantages. Within similarities we find that
there is a set of general requirements that the tech-
niques should adhere to (expertise, bias, time, pri-
vacy and performance). We characterize the tech-
niques in feature-based, concept-based and logic-
based. With regard to future work, there is room for
improvement on several areas. For example, this
includes work from exploring hybrid techniques to
investigating how current techniques can improve
the privacy.

1 Introduction
Within the Digital Age companies are rapidly growing in
technology and the world is growing along. Artificial Intel-
ligence (AI) and Machine Learning (ML) have been in the
nucleus of the growth. Applications and systems in a wide
variety of fields have expanded their use of ML. For example
in healthcare, finance, agriculture and criminal justice [1].
However, what goes on at an implementation level of these
models, has been characterized as black-box. This has led
to catastrophic issues and failures. For example, the system
failure of a self-driving car leading to deadly accidents [2]
or uncensored sounds being played while intending to play
a children’s song [3]. The trillion dollar crash, caused by
stock market AI software for trading, is another example on
how influential these issues have been [4]. The pervasive
influence of these black-box systems has raised questions
on the transparency, bias, trust and ethics of these systems.
Who remains accountable when things go wrong? But
conversely, who knows why things go right? Is there room
for improvement? Can systems be fully trusted if there is
no transparency? There’s no form of accountability and
there’s ground being lost for models that could be improved
even more. The solution has been proposed in the form of
Explainable Artificial Intelligence (XAI).

XAI moves towards gaining explainability and inter-
pretability. In this way models and their predictions can be

better understood, well analyzed and improved. A system
needs to be transparent in its working. For an AI model
this means that the predictions need to be clear. Human-
understandable explanations need to be provided that explain
the working of a system. The inner-workings of the system
need to show why a certain decision has been made. For
example, in a Decision Tree problem, the path can be shown.
In Neural Networks (NN) the importance of some features
can be highlighted. We will discuss these workings in more
detail, in Section 2.

In order to be able to define, categorize and analyze
methodologies for XAI, it would be helpful to understand
what explainability entails. Even though there is not one
single definition for explainability [5], we can measure the
level of explainability to some extent. Namely, the level to
which one can grasp the reason of the decision that has been
made [6]. Secondly, the level to which one can consistently
predict the outcome of a model [7].

Within XAI an ontology of the domain has been for-
mulated that distinguishes two interpretability techniques
[8]. The two main categories here are model-agnostic and
model-specific. The latter one will be the topic of this
research. Model-specific XAI techniques are the techniques
that apply to a specific type of AI model or technique. On the
other hand, model-agnostic techniques hold in general and
are thus not bound to a model. Since this research focuses
on model-specific technique, we paper will cover techniques
that benefit Deep Learning (i.e. Deep Neural Networks or
Convolutional Neural Networks).

The main question of this research is to review the current
status on model-specific XAI. This includes the comparison
between different interpretability methods for deep learning
methods, leading to a characterization. This research is
organized as follows. Section 2 provides an insight into some
of the existing model-specific XAI approaches. This is the
set of approaches on which this research is based. Section
3 presents the requirements for a good model-specific XAI
technique, alongside a characterization of the foundings
in Section 2. Moreover, Section 4 describes some ethical
aspects of this research. Lastly, section 5 provides some
direction for future work, followed by the conclusion in
Section 6.

2 Background & Preliminaries
XAI Overview
Even though the large chunk of publications on XAI are from
the last couple of years, the topic is by no means a new one.
The term XAI itself is used since 2004, but the concept of it
dates back to 1958 [9]. Going further in time, the popularity
decreased. The need of expert knowledge created a stigma in
the early 90’s. Moving along, Neural Networks (NN) were
used more over time in the mid 90’s. It was not until 1992,
where several methods were introduced to visualize data re-
garding the decision making of NN’s [10].

In the upcoming years after 1992, several contributions
have been made, under which the research from the Defence



Advanced Research Projects Agency (DARPA), with its
research on XAI in 2017. However, the most ground
breaking introduction came in 2018 in the form of the
European General Data Protection Regulation (GDPR) with
the ”right of explanation”. This strong regulation mentions
that it is a right to explain the output of an algorithm. After
this, new frameworks were developed, focusing more on
accountability, gaining trust and transparency. Lastly, the
latest important addition was the research from a more
social perspective point of view. The different aspects of
psychology and interaction have been stated to be added to
the frameworks for XAI [6].

Addressing the goals for XAI in general can be diffi-
cult. A different field might have different requirements [11].
The writers of the article mention that different research
areas can have a very different set of priorities because of
the different specializations that are required. Therefore,
different researchers from different domains are developing
their own research on XAI.

Moreover, the research community overall is adapting an
algorithm-centric approach [12]. This means that assump-
tions are made on how interpretable an algorithm is. Re-
searchers and developers assume that an algorithm is under-
standable without the necessary human tests being taken for
this. Additionally, not all the different researchers from dif-
ferent areas have the same mathematical knowledge and ex-
pertise. Hence, there is a disconnection between the mathe-
matical formulation and the explainability.

Study of Model-Specific XAI Techniques
As mentioned before, XAI is developing to be an area of
greater interest. This means that different approaches are be-
ing developed and used. Therefore, this research does not
aim to cover all the possible model-specific XAI techniques.
Rather, this research will cover some of the model-specific
XAI techniques that are used in Deep Learning, listed in Ta-
ble 1. Deep Learning is a specific type of ML technique.
The reason why Deep Learning is much used, comes from
the ability of these type of models to learn which features to
focus on. Because of this, these systems can solve rather com-
plex problems without much guidance being required from
the programmer. Deep Learning builds so called Neural Net-
works (NN). NN’s are designed in such a way that they mimic
the structure of a brain. The output of one layer is the input
of the second layer. Therefore, the computational load can be
high. Internally, this is how the human brain works as well.

Perturbation
Perturbation methods essentially modify (perturbate) the in-
put values and observe what changes there are to the output.
The starting point for perturbating any input is by looking at
which variations of the input can be applied, but more impor-
tantly, input variations that make sense. Not all variations of
input variables are realistic [23]. This article shows that the
goal is to find regions that are maximally informative. An-
other reason for finding meaningful perturbation inputs is be-
cause of the influence unmeaningful perturbations have on
the artifact of AI systems. Because you are tweaking the in-

Table 1: The Model-Specific XAI techniques that benefit Deep
Learning methods. These are the methods for which the compari-
son will be performed in this research.

Model-Specific XAI Technique Reference Year
DeepLIFT [13] 2020

xNN [14] 2017
SIDU [15] 2018
ACE [16] 2021

DeepRED [17] 2019
Net2Vec [18] 2016

Grad-CAM [19] 2018
Concept Embedding & ILP [20] 2017

Integrated Gradients [21] 2020
TCAV [22] 2017

Perturbation [23] 2018
NBDT [24] 2017

puts with inputs that do not necessarily make sense, the model
might learn things that are not relevant and are therefore not
needed.

Looking at the time efficiency, perturbation methods are
not efficient. This is because for each input change, a whole
forward propagation through the network is needed to com-
pute the output. This means that for each input, the whole
network can be traversed.

Even though this research does not aim to go into the in-
ternal workings of the different techniques, some background
knowledge is necessary to grasp, in order to compare differ-
ent techniques. One of these concepts is the saturation prob-
lem. As mentioned before, the perturbation methods changes
the inputs to see if there is a change in the output predic-
tion. However, this reasoning can lead to faulty conclusions.
Saturated nodes in a NN are nodes that are not affected by
change. Small changes in the hidden layers weights does not
really reflect in the final weight [25]. However, perturbation
techniques do not account for such nodes and overlook this.
This can cause faulty scores for the inputs.

Another problem is the thresholding problem. When gra-
dients are discontinuous, sudden jumps of gradients lead to
misleading scores for the input relevance. Again, the actual
mathematical working of the technique is not explained here.
The important take-away is the fact that there is a threshold-
ing problem that leads to misleading importance scores for
input values and perturbation methods do not account for this.

DeepLIFT
The idea of DeepLIFT is to start with the output of the NN.
Consecutively, each output prediction is decomposed to the
specific input, in a back propagation manner [13]. This means
that scores get assigned to an input feature, depending on the
contribution of that particular feature. This is called an at-
tribution method. The article mentions that at the end, each
input gets such an attribution. This input importance score is
dependant on the output that we calculate the importance for.

The fact that DeepLIFT goes over the model in a back-
propagation manner makes it already more time efficient. The
reason for this is that with backpropagation, one gets all the
importance scores in one single pass. As mentioned before,



perturbation requires to go over the whole network, for each
input. But in general, this technique is still considered time
inefficient [8]. The reasoning behind this does not come from
the inefficiency in the working of DeepLIFT. But rather, most
of the mentioned techniques are already rather time inefficient
since they need to extract information over the whole net-
work. More on this will be explained in Section 3. Moreover,
the internal working of DeepLIFT is mathematically sound.
Therefore, one does not need to know anything about the in-
ternal workings of DeepLIFT to use it. Some other techniques
require the need of some internal information (e.g. Integrated
Gradients [21]).

Looking at the positives of DeepLIFT, it does solve the sat-
uration and thresholding problem. However, the reason why
DeepLIFT solves these problems lies deeper into the work-
ings of the method. But in short, both problems are solved
by the difference from reference activation. This is a way to
keep giving the saturated nodes importance in defining the in-
put scores and not have sudden jumps in gradients, that lead
to irrelevant scores. On the negative side, DeepLIFT is not
deemed consistent. Two equivalent networks do not always
assign the same importance to the input features. More on
this will follow in Section 3.

Integrated Gradients
In a similar way to DeepLIFT, the Integrated Gradients
method also attributes importance to the input according to
the output predictions. This is why it also solves the thresh-
olding and saturation problem. [21]. The difference internally
between the two is that Integrated Gradients take a different
approach by using the integral of each gradient. The writers
of this article show that a gradient represents the model scores
of each input, with respect to the output. Involving calcula-
tions (i.e. integrals) takes more time. Hence, this approach is
less time efficient than DeepLIFT.

Also, this technique still gives misleading results. This
comes from the fact that such feature-based techniques are
hard to evaluate [13]. Therefore, the authors of this article
have not focused on actually evaluating this technique. In-
stead, they identify two axioms that each attribution method
should have [21]. The authors argue that they solve their er-
ror prone approach by adhering to the axioms. Practically, for
pixel detection, this means that wrong pixels get highlighted.

Explainable Neural Networks (xNN)
The Explainable Neural Network (xNN) is a particular de-
sign of a NN to learn features that can be explained [14]. In
this article, a specific structure of the NN is provided in or-
der to extract features that can be explained. Also, the article
mentions that feed forward NN’s usually have fully connected
layers. This means that the output of a layer i is connected to
all inputs of layer i+1.

The way xNN approaches their structure is by removing
and limiting some connections between nodes, and hence
tracking away from the fully connected network. Their struc-
ture is based on a so called Additive Index Model. The archi-
tecture of the xNN is shown in Figure 1.
The first layer is the same as the normal feed forward NN.
This is called the projection layer. Then the difference lies
within the first hidden layer and the last hidden layer. The

Figure 1: The architecture of xNN

layers in between are the subnetwork. The subnetwork itself
is a fully connected NN. The first hidden layer has a linear
transformation which is the input to each subnetwork. Fi-
nally, the output of the subnetwork provides a final output
of the network with a linear combination. The weights that
it has learned here are corresponding to the input variables
since that structure was also linear. In this way, we gather the
values of the inputs to this output.

The advantage of the xNN, is that one could use it as a sur-
rogate model from the start and not only use it a-posteriori.
This means that one could use the xNN afterwards to analyze,
but could also adhere to the hyper parameters and construc-
tion of the xNN, to train the model from the get go. However,
the article mentions that in practice this technique has very
good performance on simpler models. Handling more com-
plex examples is still subject to research. This means that this
approach is not very practical, yet.

Another limitation is the computational cost of using the
xNN. This comes from the fact that each subnetwork itself is
a completely connected NN. This means that depending on
how many input variables k there are, there are also k subnet-
works that need to be processed.

SIDU
SIDU is a perturbation-based method for visual explanation.
Here, the input and inner workings are perturbated to see
changes in the output [15]. SIDU aims for visual explana-
tion to classify objects in an image. It does this by defining
a heatmap of the original image to show what objects of the
images are important. Therefore, it functions on Convolu-
tional Neural Networks (CNN). The article mentions that the
method generates a visual map that generalizes the most im-
portant object as a whole in the image. Other methods, based
on such heat maps classify objects too general or too specific.

The way it generates this heat map is different from other
visual based methods (e.g. GRAD-CAM [19]). They both
use the properties of the CNN, by extracting the features from
the last layer. In general, the weights of this layer provide
which pixels in the image are more important than others.
The difference in accuracy of the different approaches lies in
how they process this last layer of the CNN. SIDU does this
by computing the so called Similarity Difference and Unique-
ness scores to find out what the important regions are in a
picture, to define an object.



ACE
Previously, we have discussed techniques that in one way or
the other extract importance to the input values. These are
feature-based explanations. However, these methods in gen-
eral have drawbacks. By assigning importance scores to the
input variables, you can still not summarize an explanation
automatically, since these are not actual humanly readable ex-
planations. Rather, it is just a score that shows which inputs
are more important than the other.
Therefore, another technique is concept-based [16]. One ex-
ample of a concept-based technique is ACE. The goal is to
create explanations that are human-understandable. This is
done by highlighting important concepts. A simple example
of this is given for finding a police van in an image. A po-
lice van can be detected by wheels and a police logo. These
are the two concepts that could detect a police van. The con-
cepts are not detected, but rather labeled beforehand by hu-
man work.

In general, ACE extracts concepts from the input. The con-
cepts are labeled beforehand. ACE works generally with im-
ages. The article mentions that ACE first categorizes concepts
more generally in each step. It starts with very detailed parts,
like colors and textures and ends at actual objects in the im-
age.

Secondly, several objects will be grouped that could be in
the same concept. Concepts have a certain importance and
hence certain objects get highlighted. Those objects are the
explanation of the image. For highlighting the important con-
cepts, TCAV is used. TCAV is a method itself, which we will
discuss later in this section.

As mentioned before, the importance of the concepts is hu-
manly dependent. This requires human work and introduces
human bias. This means that this method is efficient once the
concepts are known and ranked, but are quite cumbersome
before. Moreover, ACE is performed on image data. How-
ever, there are different class types that require explanation
(i.e. text). Therefore, a future line of work could be to intro-
duce ACE into different types of inputs.

DeepRED
DeepRED (Deep neural network Rule Extraction via Deci-
sion tree induction) uses as the name says, extracts rules in the
form of a decision tree [17]. This article mentions that previ-
ous research on such rule-based approaches only focused on
NN’s that have one hidden layer. However, in practice a NN
has many more hidden layers. Otherwise, what we research
would not be as black-box and no real problem would ex-
ist. Therefore, their aim was to develop a technique that also
works for a Deep Neural Network (DNN), with many hidden
layers.

The main idea of the technique is to extract rules for each
layer, which is done in two steps. The first step is the rule ex-
traction step. Within this step, they start in a back propagation
manner, from the output. For the first hidden layer, starting
backwards, simple rule extractions are performed. From this,
simple decision trees are generated. This same step is done
for each hidden layer and all layers, resulting into many rules
for all the hidden layers. The second step is a simple merging
step. Each rule is merged in such a way that it makes sense for

a human. The end result is one rule that explains the outcome
of the NN.

An advantage of DeepRED is that it uses a backpropaga-
tion in the first step, to gain all the individual explanations.
As mentioned before, using backpropagation is computation-
ally more efficient than perturbation. Also, DeepRED starts
with a filtering at the start which looks at the inputs that have
no influence to the outcome. This brings the advantage that
some rules can be ignored in the final outcome.

Even though the explanation of this technique seems
straight forward, there are some downsides. The fact that the
technique is very straightforward means there is a trade-off
between simplicity and understandability [26]. In general,
rule-based techniques are easier to understand. However, this
impacts the accuracy of the explanation. Lastly, this approach
only works for a classification problem, so far. Future work
of this approach looks at applying the algorithm to different
types of AI models.

Net2Vec
The Net2Vec technique looks at a combination of NN filters.
The question that this framework answers is whether or not
one filter is representative enough for an object [18]. They
argue that using multiple filter activations within a layer gives
overall better performance, instead of just using one filter to
represent a single object. This is because a concept can not
be linked to a filter. The article mentions that a concept could
be scattered over multiple filters of the CNN.

The reasoning behind this is quite intuitive. The amount of
layers and nodes in the CNN do not correspond to the amount
of concepts in the image. Hence you can not match semantic
concept to filters. The amount of filters tends to be a smaller
number.

Finally, the authors also argue that other techniques that
only look at maximal filters, are not accurate enough. This
means that just looking at maximal filters does not cover the
whole semantic concept. Hence, one should look at a combi-
nation of filters instead.

Grad-CAM
Grad-CAM (Gradient-weighted Class Activation Mapping),
is a gradient-based method for visual explanations [19]. We
have discussed SIDU before. SIDU also is a visual explana-
tion. However, SIDU uses backpropagation and processes the
final layer scores of the CNN differently.
As explained for SIDU, the last layer of the CNN is used to
extract information on the important regions of the image.
This layer is a fully connected layer, that is a bout classifica-
tion.

The previous layer does some feature extraction. Simply
explained, these final layers define more concrete objects,
layer by layer. This means that the first layer might see lines
and shapes, whereas the second last layer extracts the head of
a dog, the face of a person etc. Since the last layer classifies
what the image is, this is the layer from which we can extract
an explanation. This is done by using the pixel importance
of that picture. Grad-CAM computes a weight value of every
pixel of the image and applies it to the original image. The
way these weights are calculated is by the use of the gradients



Figure 2: Grad-Cam inconsistent heatmap compared to SIDU

and the feature map. This leads to a heatmap that highlights
the pixels that classify the image.

This gradient-based methods performs worse than SIDU.
This comparison is based on time and accuracy of the ex-
planation [15]. As shown in Figure 2, SIDU has a more accu-
rate heatmap than GRAD-CAM. In terms of time complexity,
Grad-CAM is more computationally expensive than SIDU.

Concept Embedding & ILP
Many approaches that we have discussed so far use visual ex-
planation of the output, in form of heatmaps. Different tech-
niques have different inner workings. However, another line
of research moves towards using logic for your explanation
(e.g. DeepRED). Another example of this is Concept Em-
bedding & ILP. The goal is to derive more expressive expla-
nations of DNN’s [20].

Authors in [20] argue that there are certain aspects missing
from the current way of work that limit expressiveness. This
approach aims to take these into account. Heat maps do not
identify the actual meaning of the object. For example, high-
lighting an eye is not helpful enough when you are identifying
emotions. Eyes open or closed could be from a different type
of emotion. Moreover, a person holding a flower in a picture
does not deem them not being a terrorist. This is the prob-
lem of negation. This means that some conclusions can not
be made by just highlighting one part of the image. but also,
several concepts have same objects. You can not identify dif-
ferences easily by highlighting an object. This is the problem
of relations.
In conclusion, relations between features can not be made if
one just highlights a part of the object. this approach aims
to identify expressive and verbal explanations. The goal is to
introduce symbolic values from the layers of a CNN.

The main process is to use Inductive Logic Programming
(ILP). This is a ML technique that uses the theory of logic
to create simple, but yet understandable explanation. An
example of this is:

face(Example) :- contains(Example, Part), isa(Part, nose)
[20]

These explanations are initially formed by Concept Embed-
ding Analysis. The goal of this is to answer several questions
about the visual concepts in either hidden layer results, or
the predicted output (whether, how well, how, and with what
contribution to the reasoning).

In terms of advantages, this technique has a way to eval-
uate how well the explanations are. This form of evalua-
tion was missing from previously mentioned techniques, like

DeepLIFT and Integrated Gradients. Moreover, this tech-
nique uses both the concept based approach and logic to form
a cohesive yet understandable explanation. This could also
be seen as a disadvantage since most of these rule-based ap-
proaches is that they are sometimes too simple in terms of
the explanation. Even though this technique covers the best
of both worlds, the disadvantages of both are also taken into
account. For the concept part, the inaccurate heatmap id a
disadvantage. The writers of [20] mention that their research
has not looked at how well the concepts have been chosen.

TCAV
TCAV (Testing with Concept Activation Vectors) provides a
quantitative explanation as to how much semantic concept
matters in terms of the prediction, that a human has found.
Again, this measure is after the model has been trained [22].
The concepts are the objects that are learned in the CNN. Just
like other approaches, the model learns objects more specif-
ically, layer by layer. This approach uses something called a
Concept Activation Vector (CAV), to make sense of what the
neural network has predicted, in terms of human understand-
ability.

The next step is to use different examples to show how
important the concept is that the human came up with. The
output of this is a score that simply tells you how a change
from the concept in the picture would affect the probability
of that concept being the concept you are looking for. Of the
same concept, different examples are taken and the scores are
averaged out. This averaged computation is the TCAV score
on the provided concept.

Within the goals of TCAV, this approach aims for high ac-
cessibility. Therefore, TCAV is relatively easy to use, without
the need of expertise. Another advantage is that the user has
control itself to identify how important an object is. There-
fore, the human being involved refers to the goal of cus-
tomization.

Simpler Neural Networks, with less layers are labeled as
shallow. TCAV can perform badly in such cases since the
concept can not be clearly identified with less layers [27].
Therefore, the concept can not be separated as well, leading
to TCAV scores that are not representative.
Lastly, TCAV is only usable for images. However, future
work could be towards using this approach for other types
of data (e.g. text, tabular, audio)

NBDT
NBDT (Neural-Backed Decision Tree) aims to break the stan-
dards of most XAI techniques that lose accuracy while in-
creasing explainability. The goal is to have a highly accurate
model that is also highly explainable [24]. Therefore, this
approach aims to capitalize on high accuracy from NN’s and
high interpretability from decision trees [17].

Most of the previously mentioned techniques use the last
layer of the CNN to create heat maps, in different ways. this
approach removes that last layer and connects a decision tree
to it. The leaves of this decision tree are the input weights for
the supposed final layer. The leaves are organized in such a
way that similar weights are grouped together. Their parent
node is the average of the two. As seen in Figure 3, both



Figure 3: The added decision tree of NBDT, instead of the last layer.
This shows that the cat is highlighted, but the dog is very close

the dog and cat are categorized together. This means that the
probability that both are in the picture is high.

Even though this approach aims for both accuracy and ex-
plainability, it is very dependent on the intermediate nodes
being explainable. If the intermediate nodes are not straight-
forward for the human, it is not explainable.

Lastly, another disadvantage is that this approach can not
explain wrong or missed predictions. This is because it does
not consider the hidden layers, but rather after a large chunk
of the prediction is already made. Therefore, it can only ex-
plain what has been predicted.

3 Comparison
3.1 General Requirements
Even though some techniques differ in their workings,
there are some requirements that hold in general for all the
techniques. The division of the techniques, alongside the
general requirements are explained in this section. Table
2 shows how each technique, mentioned in this research,
adheres to the requirements.

Expertise refers to how easy it is to understand and ap-
ply the technique. Expertise can be divided in three stages
[28]. The article refers to this as AI/Data novice, Data
Expert and AI expert. This means that almost all techniques
mentioned in this research are easily understandable for an
AI/Data novice. An outlier here is the Net2Vec, which is
better to understand if someone has a deeper understanding
on how filters in NN’s actually work. Even though this could
be understood as well by an AI/Data novice, overall this
technique is more difficult to grasp, compared to the other
techniques. In conclusion, the techniques are relatively easy
to grasp and apply after the predictions have been made.

Bias has proven to be a difficult topic in the field of
XAI [28]. It is not easy to get rid of all bias in the data
beforehand. However, a good XAI technique must be able
to recognize bias and alleviate it, where possible. A couple
of examples of goals mentioned in this article are fairness
and bias avoidance. They argue that the bias avoidance goes
hand in hand with fairness. If the technique is able to handle
bias, or at least recognize it, the fairness increases as well.

One could argue that one must look at the data beforehand
and mitigate bias there. However, this is not always possible,
hence good techniques should handle bias in one way or
the other. Even though a better human like explanation
already works towards recognizing bias [29], only a couple
of techniques mention how they internally handle bias. Table
2 shows how well each technique explains their handling of
bias.

Time refers to how computationally expensive each technique
is. In general, not one technique is the fastest since this
depends on the model. Since the techniques aim to explain
DNN, time will not be the biggest trait. However, there are
some techniques that are computationally less expensive,
in comparison. One clear mentioned difference is the one
of back propagating techniques and perturbation methods.
Here, the back propagating techniques require less traversals
over the model. In general, the techniques that use logic and
are not based on saliency maps (i.e ILP and NBDT), are
much faster. However, they compromise on accuracy of the
explanation, as mentioned before. In conclusion, there are
some traits that make the one technique faster than the other,
but overall the techniques can be labeled as computationally
expensive.

Privacy refers to the privacy awareness of the techniques.
It is shown that not many techniques allude to design their
techniques for privacy of data and information. Only SIDU
has tests done on adversarial attacks, to see how vulnerable
the technique is. XAI techniques must be designed in a
way that they hide data from users that could potentially be
sensitive [28]. The article mentions that there is a trade-off to
some extent between explainability and privacy. On the one
hand, the goal is to explain the reasoning towards the output.
On the other hand, you do not want to give away private
information. The table shows that most of the techniques are
not implemented in a privacy aware manner, since they all
obviously focus on the explainability. Perturbation methods
and back propagation suffer the most from data leakage for
the explanation [30].

Performance covers how well the technique contributes
to understandability for the human and how the technique
does comparatively to techniques of the same category.
Even though all techniques have the aim to move towards
interpretability, not every technique does that in the most
effective manner, such that it is understandable for the
human. For example, xNN has only proven so far to be
effective on simpler models. This cuts of the explainability
for more complex Neural Networks. Moreover, DeepRED
focuses mainly on being more simple and humanly under-
standable but sacrifices on the accuracy of the explanation.
Lastly, as shown in Figure 2, SIDU shows more correct heat
maps compared to Grad-CAM and DeepLIFT outperforms
Integrated Gradients. So even though Integrated Gradients
is a well established technique on its own, comparatively a
likewise technique like DeepLIFT performs better.

Visualization focuses on to what extent the methods ex-



Table 2: An overview of to which extent the different techniques hold to general requirements. The colors represent how well the technique
does for that particular requirement. Green = Good, Orange = Average, Red = Bad.

Technique Type Expertise Bias Time Privacy Performance Visualization
DeepLIFT Feature-based Global

Integrated Gradients Feature-based Global
Grad-CAM Feature-based Global

SIDU Feature-based Global
Perturbation Feature-based Both

xNN Feature-based Both

ACE Concept-based Global
Net2Vec Concept-based Global
TCAV Concept-based Both

Concept & ILP Concept/Logic-based Global

NBDT Logic-based Both
DeepRED Logic-based Global

plain the workings. Visualization can be categorized in
global or local [8]. Some techniques can either have a more
in depth local explanation or a general global explanation.
Local refers to understanding more data points in depth
towards the final output. On the other hand, a global view
focuses on how the input is related to the output. For exam-
ple, a perturbation method can explain for a specific input
how that changes the output and have a local explanation.
Conversely, the whole model can be explained by showing
which inputs have more relevance towards the output.

3.2 Feature-based explanations
Feature-based explanations extract some kind of importance
to the input values. These are techniques like DeepLIFT,
Integrated Gradients, Perturbation, SIDU , Grad-CAM and
xNN. From Table 2 it is visible that feature-based techniques
are the ones that keep bias in mind, the most. This has to
do with the fact that feature-based methods directly extract
information from the inner layers. This is a known issue
and is hence highlighted well by techniques like DeepLIFT,
Integrated Gradients and Grad-CAM. In terms of time-
efficiency, these techniques do not necessarily stand out, but
they perform better in general. However, their performances
are not always as consistent. Some approaches are not as
humanly understandable and accurate as other feature-based
methods.

Feature-based methods have two additional requirements:
Sensitivity and Implementation Invariance [21]. Sensitivity
refers to the saturation problem defined previously. It
mentions the variables that the function does not necessarily
depend on. These variables should not be nullified. We pre-
viously mentioned this as the saturation problem. Therefore,
if a method is not sensitive, it does not correctly deal with
all attributions that the method is trying to cover. Hence this
is an important requirement for a feature-based technique.
DeepLIFT and Integrated Gradients are the only ones that
satisfy this requirement, since their inner workings account
for sensitivity. Implementation Invariance is a requirement
that two equivalent networks should always assign the same
importance to the same input features. Neither the perturba-

tion methods, including SIDU, DeepLIFT and Grad-CAM
adhere to this and only Integrated Gradients does.

3.3 Concept-based explanations
Concept-based explanations extract concepts that are pre-
viously defined and categorize an image by using those
concepts. Examples of these techniques are ACE, Net2Vec
and TCAV. Even though these techniques are more under-
standable, since the concepts are predefined, this is less
time-efficient. The human effort that comes in place, leads
to a better human understanding but also contribute to more
human-effort and human bias. Since ACE uses the TCAV
score, it inherits the work that TCAV does to mitigate bias.
However, the concept-based explanations showed that they
performed better, compared to the other two types.

Moreover, the concept-based explanations have some
additional requirements like Negation and Feature Values.
Because the concepts are mostly predefined, some conclu-
sions can be drawn that sometimes have no additional value
to the explanation. Negation highlights that highlighting
a concept does not mean that one could either make an
assumption or negate the opposite [20]. A simple example
is the one of a person holding a flower. Holding the flower
does not conclude that the person is not a terrorist but is not
sufficient to label the person as not a terrorist. Therefore, a
good concept-based method should keep this reasoning in
mind.

Feature values is the requirement that highlighting some
feature is not always helpful. For example, highlighting the
eye in a picture is not helpful when one wants an explanation
on the facial expressions, in general. From the concept-based
methods reviewed, only Concept & ILP accounts for this.

3.4 Logic-based explanations
Logic-based explanations are the methods that use logic to
explain the model. Methods like Concept & ILP, NBDT and
DeepRED are such methods. Where the previous methods
were focused on highlighting parts of images, these methods
account for human readability by using textual reasoning to
explain the model. Even though the readability was already



part of the Performance, these methods have to be more hu-
man readable. Out of the three methods, DeepRED does this
in the best way. However, it compromises on the accuracy and
depth of the explanation. On the other hand, NBDT uses key-
words but heavily depends on how well the inner layers are
described. Lastly, Concept & ILP tries to combine the human
readability of Logic-based explanations and the accuracy of
concept-based explanations. Hence it offers the logical rea-
soning as support to the concept-based explanation.

4 Responsible Research
Accounting for the ethical responsibility is of utmost impor-
tance in every research. Since this research has been a lit-
erature study describing on what already exists, there are no
real results to reproduce. However, the results regarding the
advantages, disadvantages an room for improvement comes
from the already existing research from all the mentioned
techniques in Table 1. Therefore, this report is based on
the online findings on the different techniques and different
surveys of XAI methods. Thus, we must make this research
available online so it is accessible for other people investigat-
ing the state-of-the-art. Therefore, the poster of this research
and the paper will be available on the TU Delft repositories.

5 Future Research Directions
Future work on model-specific XAI is needed since there
are some different ways to gain different types of under-
standability. Therefore, the limitations of each category has
room be explored. Firstly, an important area of research
is the compromise between accuracy and explainability.
Even though a primary goal is for the human to understand
the explanation, explanations must not be too easy. This
means that the accuracy of the explanation should not be
compromised on. We argue that there must be more research
done on how we can find the right balance between accuracy
and explainability.
Secondly, the use of hybrid techniques should be exploited.
For example, NBDT combines the work of concept based
techniques with logic by providing a decision tree that
shows the reasoning behind it [24]. Even though this is
not as humanly expressive as some of the other logic-based
techniques, this is still a way in the right direction. NBDT
has proven to gain more trust from humans compared to
concept-based techniques that use saliency maps. Hybrid
techniques are interesting to discover since they exploit the
positives of both the techniques.

Feature-based techniques do not have a guideline in
terms of evaluating the performance. Importance scores
are extracted but there is no real way to find out how
accurate these scores are. Concept-based techniques cover
this in a way that they show their accuracy in terms of the
saliency map. However, the evaluation on feature-based
techniques is an area that can be exploited and is certainly
worthwhile. Different feature-based techniques could be
compared in more depth if there is a general way to evaluate
the performance.

This leads to another issue that can be covered in terms
of usability. Most of the feature-based techniques focus on
DNN’s and the concept-based techniques are mostly based
on CNN’s. However, this can be extended by using different
data types. Some examples of different data types are audio,
text, tabular or sequential data. This is an area that is not only
general but also specific to each of the techniques.

Lastly, as mentioned in Section 3, not a lot of tech-
niques have any work done regarding the privacy. Some
existing mathematical properties of the techniques can
be helpful in order to gain privacy. This has not been
exploited since no real testing has been done for this. Privacy
awareness is a pressing issue and can be explored for all
the mentioned techniques. The amount of data that almost
all the applications require does not only mean that the
predictions should be well explained, but the data should
also be protected. Therefore, there is room for work on the
trade-off between privacy and explainability. We want to
gain explainability, but not at the expense of losing privacy.

6 Conclusion
In this paper, we analyzed some of the recent model-specific
XAI techniques. We did not only describe the advantages
and disadvantages of the techniques but also looked at how
some of the techniques differ or compare to each other. From
here, we presented a categorization that shows the general
characteristics of the techniques. The analyzed techniques
can be divided into feature-based, concept-based and logic-
based. Moreover, we presented some requirements that a
good model-specific XAI technique should adhere to and
compared the analyzed techniques on these requirements. We
showed that some of the different categorizations have some
additional requirements. From this, we visually presented
how the techniques perform on those requirements. Conclud-
ing that in general, the concept-based explanations perform
better, it is not hard to use these methods and there is not any
emphasis on bias and privacy. Lastly, we showed that there
are several aspects that pave the way for future work. This
includes work on the trade-off between accuracy and explain-
ability, exploring hybrid techniques, finding a generic way to
evaluate feature-based techniques, extending the current work
to more data types and finally, exploring privacy awareness.
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