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Abstract. Explainable Artificial Intelligence (XAI) aims to provide
insights into the decision-making process of AI models, allowing users
to understand their results beyond their decisions. A significant goal of
XAI is to improve the performance of AI models by providing expla-
nations for their decision-making processes. However, most XAI litera-
ture focuses on how to explain an AI system, while less attention has
been given to how XAI methods can be exploited to improve an AI
system. In this work, a set of well-known XAI methods typically used
with Machine Learning (ML) classification tasks are investigated to ver-
ify if they can be exploited, not just to provide explanations but also to
improve the performance of the model itself. To this aim, two strategies
to use the explanation to improve a classification system are reported
and empirically evaluated on three datasets: Fashion-MNIST, CIFAR10,
and STL10. Results suggest that explanations built by Integrated Gra-
dients highlight input features that can be effectively used to improve
classification performance.

Keywords: XAI · Machine Learning · DNN · Integrated Gradients ·
attributions

1 Introduction

Explainable Artificial Intelligence (XAI) aims to provide an understanding of
how AI models work and reasons beyond the decisions they make, allowing
users to understand their results. This is particularly important as AI becomes
more integrated into everyday life and critical decision-making processes such
as healthcare and finance. However, it is essential to note that a large part
of the current XAI literature proposes methods to provide explanations to AI
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systems [1,2,12,13,16], but less attention is given on how XAI can be used to
improve the performance of AI models. Indeed, the goal of XAI is not only to
provide explanations but also to improve the AI model performance thanks to a
more profound knowledge of the AI’s decision-making strategies. This is a sig-
nificant shortcoming in the context of such research studies, as XAI’s overall
goal is also to improve the performance of AI models thanks to a more pro-
found knowledge of the AI’s decision-making strategies. In fact, by explaining
their decision-making processes, XAI techniques can help AI researchers better
understand the mechanisms behind AI outputs, allowing them to identify errors
in their design and/or implementation. Accordingly, in this paper, we explore
several well-known XAI methods typically used for Machine Learning (ML) clas-
sification tasks to see if they can be exploited both to provide explanations and
to improve the model itself. The single explanation of a given ML output may
not be enough to improve the ML system: the ML researcher may not be able
to use the explanation directly due to the complexity of the ML system (for
example, a Deep Neural Network). It would be desirable to have an automatic
process that uses explanations of the ML system behaviour to improve the ML
system itself automatically, or ideally, the ML system should be able to improve
itself in a feedback loop fashion using the explanations provided (see Fig. 1).

Fig. 1. General functional scheme of a Machine Learning architecture able to
select/transform relevant input features relying on explanations provided by an XAI
system.

The basic underlying idea is that explanations about the model outputs can
help tune the ML system parameters better. In general, an explanation explains
why an ML model returns a result given a specific input. However, building an
explanation is particularly challenging if the model to inspect is a DNN, mainly
for two reasons: i) DNNs offer excellent performances in several tasks, but at the
price of high inner complexity of the models, leading toward low interpretability,
ii) to help the ML user to understand the system behaviours, typical explana-
tions have to be humanly understandable. However, we start from the simpler
hypothesis that the knowledge given by the explanation can be used to under-
stand the model’s strengths and weaknesses, changing the ML model to adapt
itself to different inputs better. In the XAI context, explanations are built using
ML system behaviour to understand its input-output relationships. Therefore,



Strategies to Exploit XAI to Improve Classification Systems 149

explanations of an ML system can be used to identify the critical character-
istics of the input that caused a given output and thus use this knowledge to
adapt/modify the ML system itself.

Thus, this paper aims to investigate whether the relevant features highlighted
by an XAI method can be used with the input data to improve the classification
performance of an ML system. However, we also experimentally evaluate which
XAI methods can effectively highlight the most relevant features for our goal, as
the performance of existing XAI methods may depend on the specific problem.

2 Related Works

The internal workings of Modern ML approaches, such as Deep learning, are
typically opaque, letting to the AI scientist’s ability to grasp the underlying pro-
cesses that drive their behaviours. Subsequently, comprehending the connections
between outputs and inputs can be extremely difficult. The use of XAI methods
is becoming increasingly prominent for explaining various classification systems
that rely on multiple inputs, including, but not limited to, images [1,12,16],
natural language processing [10,14], clinical decision support systems [20], and
others. However, using XAI methods to improve the performance of ML mod-
els in classification problems is relatively scarce in current research. In [27], a
survey of the works leveraging XAI methods to improve classification systems is
reported. The authors of [7] provide a general framework to train a model both
with data and explanations with the aim of not only to get to the correct answer,
but also to provide a correct explanation. In general, the importance of involv-
ing the explanations in the ML pipeline has gaining attention in literature. For
instance, in [11] a dataset for a hate Speech detection including rationales about
their labels is described. In [19], a first study is proposed to use the relevance
produced by Deep Taylor Decomposition [13] to build a reliable classifier to build
a system able to detect the presence of orca whales in hydrophone recordings.
The relevance is used as a binary mask to select the most relevant input features.
Differently from [19], our study focuses on image classification tasks on publicly
available datasets, selecting an XAI strategy to build the relevance mask by a
preliminary study on a family of XAI methods available in the literature. In
[17], the training loss function is constrained to lead the classifier to focus only
on a prior-defined set of features. Similarly, in [25], LRP explanations [12] are
exploited to lead the training stage of an ML model to emphasize the important
features of a classification task. In [21], eXplanatory interactive Learning (XiL)
is proposed. XiL is a mechanism consisting of interactively querying the user (or
some other information source) during the training stage to obtain the desired
outputs of the data points. In particular, the model considers an input and pre-
dicts a label together with an explanation of its prediction. If necessary, the user
responds by correcting the learner and providing improved (but not necessarily
optimal) feedback to the model during its training.

In the biomedical field, [9,22] attempted to enhance the models’ abilities to
select features by utilizing Correlation-based Feature Selection and Chaotic Spi-
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der Monkey Optimization methods on biomedical data. Additionally, an occlu-
sion sensitivity analysis technique [29] is suggested in [8] to identify the most
pertinent cortical regions for a motor imagery task. The usage of XAI methods
to interpret the outputs of Epilepsy Detection systems is also explored in [15].
In [3,4] an experimental analysis of several well-known XAI methods applied on
an ML system trained on EEG data was carried out, showing that many com-
ponents considered relevant by XAI methods are shared across the signal and
can be potentially used to build a system able to generalize better. Instead, the
main goal of the current study is to analyze the effectiveness of a set of selected
XAI methods in improving the performance of a machine learning system for an
image classification task. Additionally, this study explores various approaches to
combining input and explanation to optimize the ML system’s performance.

3 Method

We conducted a series of experiments with the following goals: i) testing the
capability of a set of well-known selected XAI methods to provide information
able to effectively improve the ML system performance in an image classification
task on different datasets; ii) testing several strategies to combine input and
explanation for improving the ML system performance.

i) Evaluating explanation methods

The following XAI methods have been tested and evaluated to detect an expla-
nation method able to enhance the model performance positively: Saliency [23],
Guided BackPropagation [24], and Integrated Gradients [26]. The explanations
provided by these methods are evaluated by computing MoRF (Most Relevant
First) curve and LeRF (Least Relevant First) curves, proposed in [5,18]. The
MoRF curve is computed as follows: given a classifier, an input x and the
respective classification output C(x), the input features are iteratively replaced
by zeros, following the descending order with respect to the relevance values
returned by the explanation method. Therefore, the expected MoRF curve is
such that the more relevant the identified components are for the classification
output, the steepest the curve. Conversely, LeRF curves are built iteratively,
removing the input features following the ascending order with respect to the
relevance values returned by the explanation method. Consequently, we expect
the classification output to be very close to the original value in the first itera-
tions (corresponding to less relevant features removed), dropping quickly to zero
as the process goes toward. While the MoRFs report how much the classifier
output is altered by removing highly relevant components, LeRFs report how
much the least relevant components leave the output intact. In the following of
this subsection, the investigated XAI methods are described briefly.

Saliency: The saliency method [23] is a straightforward and intuitive way to
explain a machine learning (ML) system. Originally presented in [23], Essentially,
an explanation of the ML system’s output C(x) for an input x ∈ R

d is created
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by generating a saliency map using the gradient ∂C
∂x . The gradient’s magnitude

indicates how much the features must be adjusted to impact the class score.

Guided BackPropagation: Guided BackPropagation (Guided BP) [24] is a
method similar to the Saliency one, with the main difference being that in Guided
BP, a gradient transformation is used preventing the backward flow of negative
values, rather than using the real gradient. This method starts from the assump-
tion that negative values may decrease the neuron activations and are not con-
sidered as important by the user. The main drawback is that it can failure to
highlight inputs that negatively contribute to the output.

Integrated Gradients: [26] proposed an approach involving the average of all
gradients between the original input x and a baseline input xref , where C(xref )
results in a neutral prediction. This method, known as Integrated Gradient (IG),
takes into account the magnitude of gradients of features of inputs closer to
the baseline. The importance of each feature xi is computed aggregating the
gradients along the intermediate inputs on the straight-line between the baseline
and the input by changing α over the range [0, 1].

ii) Merging schemes

This work aims to propose a valid method to exploit an XAI explanation to
improve the results of a classifier. However, it is important to highlight that we
start from the assumption that, for a given input, an explanation of the model’s
output with respect to the correct target class is available. In real scenarios,
where the correct class is not available for new input, this assumption is unre-
alistic. Despite this, this assumption is adopted to effectively explore the the
improvement of classification performance exploiting the explanations. In other
words, we try to answer the question, “If the explanation on how an ideal model
should behave when fed with a given input, could it help the actual classifier?”.

We propose two possible strategies to merge the explanations into the clas-
sification process: binary mask and soft-masking schema. These strategies are
described in the following two sub-paragraphs.

Binary Mask Strategy: Similarly to [19], the first strategy starts from the
assumption that the explanation’s scores can be considered as a measurement of
the “attention” that the model has to give to each feature to produce a certain
output. In particular, given an input x ∈ Rd, and an explanation in terms of
input relevance map A(x, C) ∈ Rd for the output C(x) of a classifier C, we use
the following simple rule to construct a mask M :

Mi =

{
1 if A(x, C)i > 0,

0 otherwise.

In other words, the goal is fed the model C with only the features which con-
tribute positively to the output. The aim is to understand if the feature high-
lighted by an explanation can actually lead the model toward the correct classi-
fication. Therefore, a masked version of the input M ∗x, where ∗ is the dot-wise
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product, can be fed to the model C. Differently to [19], our study focuses on
image classification tasks on well-known dataset, selecting as XAI strategy to
build the relevance mask by a preliminary study on a family of XAI methods
available in literature.

Soft-Masking Strategy: In the previous schema, features having negative rel-
evance scores are removed from the input of the classifier. However, negative
scores can be a source of information which could lead the classifier toward the
right response, as well as the positive ones. The problem is how to integrate
this kind of information into the input. Instead of defining a prior given merging
rule, we consider to delegate a ML model to find the best one. In other word,
we delegate the model to merge together relevance A(x, C) and the input x.
To this aim, a supplementary mixer network to merge together x and A(x, C)
is adopted, connected to the classifier C as shown in Fig. 2. From now on, this
network is called Mixer. We adopt two further networks, Ex and EA to reduce
the dimensionality of Ex and A(x, C) respectively. The Ex and EA are then
concatenated and fed to the Mixer. The resulting Mixer output can be consid-
ered as an input mask M and used for weighting the C input x. Mixer, Ex,
and EA can be learned freezing the C parameters and using classical training
procedure on the remaining ones, corresponding to search for the best Mixer,
Ex, and EA parameters able to reduce and join together A(x, C) and x, for a
given classifier C.

Fig. 2. Architecture of the soft-masking schema

4 Experimental Assessment

Fashion-MNIST, CIFAR10 and STL10 datasets were used as benchmark dataset.
The Fashion-MNIST dataset contains images depicting various fashion articles
[28]. It shares the same image size and training/testing splits of MNIST dataset.
The dataset contains 60,000 training images and 10,000 test images, each of size
28× 28 and grayscale in nature. There are ten classes in the dataset, including
T-shirt/top, Trouser, Pullover, Dress, Coat, Sandal, Shirt, Sneaker, Bag, and
Ankle boot.

CIFAR-10 is a collection of 60,000 color images grouped into ten categories,
that are airplane, automobile, bird, cat, deer, dog, frog, horse, ship, and truck.
The dataset offers 50,000 training images and 10,000 test images, all of size
32 × 32.
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The STL10 dataset consists of images belonging to ten different classes, that
are airplane, bird, car, cat, deer, dog, horse, monkey, ship, and truck. Each image
has a size of 96 × 96 pixels.

As classifier C, we adopt a ResNet18 [6] pre-trained on ImageNet dataset for
the CIFAR10 and STL10 dataset, and a custom model composed of two fully-
connected layers with ReLU activation function for Fashion-MNIST dataset.

A first experiment to compute the baseline consisting in the fine tuning of
C using the training set provided in each investigated dataset was carried out.
Baseline models are then used to build the explanations of a model prediction
for each input. Therefore, the produced explanations were evaluated computing
the MoRF and the LeRF curves, as described in Sect. 3. The best explanation
method found was used to evaluate the proposed merging schemes.

For the experiments involving binary masking scheme, the following two
learning strategies have been used:

A. fine tuning on masked data: a fine tuning of C was made using only
masked training data, as discussed in Sect. 3;

B. fine tuning on both original and masked data: a two-step fine tuning
procedure was adopted, the former on the unaltered training data provided
by the evaluated datasets, the latter on the masked training data.

Instead, in the soft-masking case, we adopt as Ex and EA as two networks
composed of 5 fully-connected layers equipped with ReLU activation function
interspersed by Batch Normalization for experiments involving CIFAR10 and
STL10, and of 2 fully-connected layers equipped with ReLU activation function
interspersed by Batch Normalization for experiments involving Fashion-MNIST.
Further details about the modules are reported in Table 1. The training consisted
in two steps: firstly, a fine tuning of C was made using training data without
any change on it. Secondly, the Mixer network, EX, and EA are trained on the
same data freezing the C parameters. The training was made with the Adam
optimization algorithm. Best batch size and learning rate were found with a grid-
search approach, testing batch sizes {64, 128, 256} and learning rates in range
[0.001, 0.01] with step of 0.02. A validation set of 30% of the training data was
adopted to stop the iterative learning process, with a maximum number of 100
iterations.

5 Results

In this section, results of the experimental assessments are reported.

5.1 Explanation Methods

In Fig. 3 the average MoRF and LeRF curves computed on the explanations
obtained on Fashion-MNIST, CIFAR10, and STL10 test sets using the net-
work models trained with the respective training sets are shown. Regarding the
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Table 1. Architectures of the modules used. The numbers indicate how many neurons
are employed in each fully-connected layer. The C module adopted for CIFAR10 and
STL10 was a ResNet18 pretrained on ImageNet.

STL10

Ex, EA

Mixer CIFAR10

Ex, EA

Mixer F-Mnist

Ex, EA

Mixer C

4096 512 2048 512 512 512 128

batch norm. batch norm. batch norm. batch norm. batch norm. batch norm.

ReLU ReLU ReLU ReLU ReLU ReLU ReLU

2048 1024 1024 1024 256 784 64

batch norm. batch norm. batch norm. batch norm.

ReLU ReLU ReLU ReLU ReLU

1024 4096 512 128 10

batch norm. batch norm. batch norm.

ReLU ReLU ReLU

512 9216 256

batch norm. batch norm.

ReLU ReLU

256 128

batch norm.

ReLU

128

Fashion-MNIST dataset, all the investigating methods produced good explana-
tions respect to the MoRF and LeRF curves. This can be due to the simplicity of
Fashion-MNIST dataset, leading the explanation methods to extract the actual
real features in an easy way. Instead, for CIFAR10 dataset, it is easy to see
that both MoRF and LeRF curves have the expected behavior only with Inte-
grated Gradient. Indeed, it is evident that the Integrated Gradient MoRF curve
quickly decreases toward zero, indicating that removing features reported as rel-
evant by Integrated Gradient leads to a decrease in accuracy. On the other side,
Integrated Gradient LeRF curve slowly tends to zero, indicating that removing
features reported as not many relevant by the XAI method does not change
the performance so much. Instead, in the Guided BackPropagation and Saliency
method this behavior is not present, both for MoRF and LeRF curves. For
STL10, Guided BackPropagation method produces poor explanations, accord-
ingly with STL10 and CIFAR10 case. Integrated Gradient and Saliency produce
similar results, but also in this case MoRF and LeRF curves are better in the for-
mer case respect to the latter. In conclusion, among the analyzed XAI methods,
Integrated Gradient results the method providing the most reliable explana-
tions among the analyzed datasets. Therefore, in the experiments dedicated to
test how to merge input and explanations we adopted the Integrated Gradients
method to build the explanations.

5.2 Merging Schema: Binary Masking

In Table 2 the results adopting the binary masks are reported for all the investi-
gated datasets. Performance on the original-data fine-tuned model (baseline in
the table) are reported on the original test set, differently from the masked-data
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Fig. 3. Quantitative evaluation of the models’ explanations on Fashion-MNIST (first
row), CIFAR10 (second row) and STL10 (third row) test sets using Guided Back-
Propagation (first column), Saliency (second column), and Integrated Gradient (third
column). In each plot, MoRF (red) and LeRF (blue) curves are shown. (Color figure
online)

fine-tuned models (cases A and B, described in Sect. 3). It is easy to see that the
adoption of the relevance as masks can positively affect the model performance,
leading the model toward an increment up to 10% points of accuracy in the
case of CIFAR10 respect to the baseline and Fashion-MNIST, and 36% in case
of STL10. In addition, it is interesting to notice that the data used during the
fine-tuning stage, also if different from the data involved in the test stage, can
affect the results. Interestingly, it seems that fine-tuning stage on the original

Table 2. Accuracy scores on test set using relevance as binary masks on CIFAR10,
STL10 and Fashion MNIST test sets

Model CIFAR10 STL10 F-MNIST

baseline 85.7% 66.3% 87.3%

binary masking (A) 90.9% 97.6% 97.4%

binary masking (B) 95.8% 98.2% 97.8%
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data before of the masked one (case B) leads toward an improvement in the
results respect to fine-tuned model using only the masked data (case A).

5.3 Merging Schema: Soft Masking

In Table 3 the results adopting the soft-masking schema are reported. Also in this
case, the proposed strategies lead to an improvement in accuracy in all the three
datasets. However, except that in Fashion-MNIST case, the improvement is lower
respect to the binary-masking case. This can be due to several factors, such as a
possible information loss due to the dimensionality reduction applied by Ex and
EA networks, or by a non optimal architecture of the Mixer network. However,
the obtained results suggest that there is room for improvements adopting more
appropriate Mixer and Ex, EA architectures.

Table 3. Accuracy scores on test set using relevance as soft masks on CIFAR10, STL10
and Fashion MNIST test sets

Model CIFAR10 STL10 F-MNIST

baseline 85.7% 66.3% 87.3%

soft-masking 87.6% 68.6% 99.9%

6 Conclusions

This work reports an empirical analysis of three XAI techniques on the effec-
tiveness of explanations for an image classification problem on three well-known
datasets. Next, two strategies to merge explanations and input data to enhance
the model’s classification performance are provided. The former strategy consists
of binary masking criteria to select the input features; the latter consists of let-
ting the model find the better mixing strategy through a learning strategy. The
results are promising in both cases, especially in the binary mask case. However,
all the results are obtained under the hypothesis that the explanations on the
right classes are available for the test data. This is an unrealistic hypothesis,
since the right class of the testing data is unknown. Thus, the results of this
research work can be exploited to improve the performance of a classifier by
building a system capable of giving a good approximation of the explanations
even in the test phase. We plan to pursue this line of research in our future
works.
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