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Abstract

As AI-based decision-support systems become in-
creasingly widespread, methods aimed at improv-
ing the performance of human-AI teams are gain-
ing attention. In recent years, explainable artifi-
cial intelligence (XAI) has received growing inter-
est, as it provides methods to make the behavior
of machine learning models more transparent and
can help to identify errors and flaws, which is par-
ticularly important in safety critical domains such
as medicine and law. However, explanations them-
selves can be misleading, inconsistent, or incorrect,
which makes it essential to raise awareness of the
possibilities and limitations of these methods. We
introduce Lucyde, a web-based demonstrator de-
signed to help users explore, compare, and better
understand XAI methods across different datasets,
models, and configurations. Lucyde provides a
curated collection of explanation techniques, en-
ables side-by-side comparison of methods, and of-
fers easy-to-understand supplementary information
for different user groups. It also illustrates interac-
tive machine learning workflows by allowing users
to correct model outputs or explanations. Lucyde
thereby fosters informed and reflective engagement
with AI systems and their explanations.

1 Introduction
As AI-based decision-support systems become increasingly
integrated into real-world workflows, users are required to
understand, interpret and evaluate their outcomes. Explain-
able Artificial Intelligence (XAI) can help make black-box
machine learning (ML) models more transparent by revealing
model errors and providing insight into how a system arrived
at its outcome. In recent years, an extensive range of expla-
nation techniques has emerged [Ali et al., 2023; Schwalbe
and Finzel, 2024] with the broader expectation that provided
explanations will foster appropriate trust and support deci-
sion making, but the current body of research presents a
highly heterogeneous picture, with findings spanning pos-
itive, null, and even negative effects [Rong et al., 2024;
Vaccaro et al., 2024]. It is evident that the effectiveness and

impact of explanations are highly context-dependent [Ismail-
Tsaous et al., 2025], and that individuals have different in-
formational needs depending on their role, task and prefer-
ences [Schmid and Wrede, 2022]. Explanations describe the
behavior of a model, not the underlying reality, and results for
the same data point can vary substantially depending on the
chosen model, parameters, and XAI technique.

Moreover, not only can system outputs be incorrect, but ex-
planations themselves can also be inconsistent, misleading or
wrong [Teso and Kersting, 2019; Molnar, 2025]. It is there-
fore essential to raise awareness of these possibilities and lim-
itations, not only among machine learning experts, but also
among lay users who increasingly encounter XAI methods
in applications where explanations are presented as justifica-
tions.

In this work, we introduce Lucyde, a web demonstrator for
XAI methods. The main idea behind this application is that
seeing and comparing different explanations in different con-
figurations across multiple implementations helps gaining a
solid understanding of the strengths, weaknesses, and appro-
priate application contexts of ML models and XAI methods.
With Lucyde, we aim to give experts and non-experts alike a
structured overview of different types of explanations, easy-
to-understand information, and a means to compare different
XAI methods side by side. Our focus, however, is primarily
on domain experts, especially in safety-critical areas such as
medicine, as they stand to benefit the most from AI systems
equipped with XAI capabilities. In addition, Lucyde provides
insights into interactive machine learning approaches by il-
lustrating how human-in-the-loop workflows can be realized
by correcting wrong model outputs or explanations, storing
the information and using it to retrain and refine a model at a
later stage. To ensure that it can be accessed easily by any-
one without installation overhead, this application is available
online1 and built with modern web technologies, featuring a
React.js frontend and Django REST Framework backend.

2 Related Work
There are various tools and applications that pursue similar
goals or approaches as Lucyde. However, many of them are
targeted at machine learning experts. In the following, we

1www.lucyde.info

PRELIMINARY PREPRINT VERSION – DO NOT CITE
This is not the version of record. The final version will appear in the Proceedings of IJCAI-ECAI 2026.

IJ
CA

I-E
CA

I 2
02
6
PR
EP
RI
N
T



Figure 1: The selection interface allows to choose and combine a
dataset, model, and explanation method. The available explanations
are filtered depending on the chosen dataset and model.

present several examples and outline how they vary from our
approach.

2.1 Comparison of Models and XAI Methods
Several systems focus on the comparative analysis of mul-
tiple models to facilitate diagnosis and selection. For in-
stance, ModelWise [Meng et al., 2022] provides a visual an-
alytics workflow for comparing multi-class classifiers on tab-
ular data, but uses only SHAP values [Lundberg and Lee,
2017] to align feature importance across different models.
FACEE [Rezaei et al., 2023] focuses on the evaluation of
CNNs and provides a score to rank pairs of CNN models
and saliency-based explainers. Visagreement [Silva et al.,
2025], also designed for experts, compares explanations, but
focuses on the problem of explanatory multiplicity, i.e., when
different XAI methods provide inconsistent or even contra-
dicting explanations for the same model decision. The tool
explAIner [Spinner et al., 2019] allows to simultaneously dis-
play various XAI methods, but its main purpose is to compare
different models using explanations as diagnostic tools.

2.2 Interactive Machine Learning
In recent years, the number of systems employing interac-
tive approaches for model improvement has increased sub-
stantially [Liu et al., 2025]. The already mentioned ex-
plAIner system [Spinner et al., 2019] provides such a pipeline
for model diagnosis and refinement. CorrectMe [Liu et al.,
2025] introduces an iterative workflow for object detection
in which users can identify failure patterns and correct sys-
tem outputs to incrementally retrain the model. However, al-
though there are an increasing number of approaches aimed at
improving explanations themselves [Cappuccio et al., 2025;
Slany et al., 2022], we are not aware of any applications that
implement this in a substantial way.

Lucyde is a multi-modal comparison tool aimed at both
non-experts and experts, integrating the concepts outlined
above for informational purposes.

Figure 2: The complete results page in comparison mode. At the
top, the classification result and information about the data point are
displayed. Below, the explanations generated by SmoothGrad and
Score-CAM for this data point and this model (DenseNet121) are
shown side by side in comparison mode.

3 Overview: Lucyde
In this section we present the key concepts of Lucyde. Note
that this application is work in progress and is continuously
being expanded and enhanced. It targets both lay users and
machine learning experts, with different focal points depend-
ing on the audience: For laypeople and users with less techni-
cal expertise, the goal is to inform about AI-based classifica-
tion systems, raise awareness about their limitations and show
to what extent XAI methods can help to uncover such errors.
For experts, we aim to develop a continuously growing col-
lection and comparison tool for XAI methods complemented
by in-depth information such as fidelity and robustness met-
rics, references and empirical evaluations.

3.1 Curated Collection of XAI Methods
One of the main objectives is to provide a solid overview
of different explanation approaches using meaningful and
illustrative examples, without claiming completeness. At
present, Lucyde primarily covers local and feature-based ex-
planation methods for various tabular and image datasets,
such as Grad-CAM [Selvaraju et al., 2017], SHAP [Lund-
berg and Lee, 2017], SmoothGrad [Smilkov et al., 2017],
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Figure 3: The explanation section for the same data point in
comparison mode. The explanations are generated both with the
method SmoothGrad using two different models: DenseNet121 and
ResNet18.

RISE [Petsiuk et al., 2018], and others. In addition, some
example-based methods, such as “Near Hit & Near Miss”
examples [Kim et al., 2016; Finzel et al., 2025], are imple-
mented as well.

What makes Lucyde special is that it does not only show
isolated examples of explanations, but provides examples of
the same explanation method applied to different instances
across different datasets and, additionally, to different classi-
fication models. As can be seen in Figure 1, users can se-
lect a combination of a specific data point from a dataset,
a model and an explanation method. Based on this selec-
tion, the tool provides the model’s classification result, a
pre-generated explanation, and additional information about
the chosen method. Currently, several correctly and incor-
rectly classified data points of tabular and image datasets
from different domains are available to choose from, e.g., the
Palmers Archipelago Penguin Dataset [Horst et al., 2020],
Lung and Colon Cancer data set (LC25000) [Borkowski et
al., 2019], Felix [Krügel et al., 2025], etc. The available
models are currently different CNN architectures such as Effi-
cientNetB4 [Tan and Le, 2019], DenseNet121 [Huang et al.,
2017], ResNet18 [He et al., 2015], or tree-based classifiers
such as random forest [Breiman, 2001] or XGBoost [Chen
and Guestrin, 2016].

For each dataset, model, and explanation method, addi-
tional information and references are provided, which can be
accessed via the question-mark icons. These resources will
be continuously expanded to include not only the original
sources but also relevant extensions or empirical findings.

3.2 Comparison of Explanations
The core idea of Lucyde is that the strengths and weak-
nesses of different explanation methods become more appar-
ent when they are evaluated side by side. For this reason,

its central feature is the comparative presentation of explana-
tions. Currently, there are two ways to conduct such compar-
isons: Figure 2 illustrates how for the selected data point and
model, the result of an additional explanation method is dis-
played side by side. The second variant is shown in Figure 3:
For the selected data point and explanation method, the result
of an additional model is displayed side by side.

3.3 Work in Progress
In this section, we briefly outline two features that are still
under development: the expert mode and the components for
correcting system outputs and explanations.
Standard and expert mode. Information and explanation
needs can be very different across possible target audi-
ences [Schmid and Wrede, 2022]. To lower the entry barrier
for users who may feel overwhelmed or discouraged by too
much information or technical detail, in standard mode, con-
cepts are explained as simply as possible and the number of
options in the selection interface is reduced. However, more
detailed information about datasets, models, and methods can
still be opened on demand in the side panel.

The expert mode is aimed at machine learning practition-
ers, who are typically familiar with model architectures and
parameters but may lack an overview of the broader spec-
trum of XAI methods beyond widely known approaches such
as LIME [Ribeiro et al., 2016] or SHAP [Lundberg and Lee,
2017]. When fully implemented, it will provide technical de-
tails, quantitative metrics to evaluate the explanations, and
additional options to compare the results of specific methods
with different parameter settings.
Correction of system outcomes and explanations. The
limitations of both the machine learning models and their ex-
planations make corrective mechanisms necessary. Lucyde is
intended to illustrate different approaches to correcting both
system outputs and generated explanations without introduc-
ing unintended side effects on the underlying model. We
therefore provide example components that show how user
feedback and corrections can be collected and managed.

4 Conclusion
Lucyde aims to promote informed, critical, and reflective
use of AI systems by making the strengths, weaknesses, and
appropriate applications of models and XAI methods more
transparent and accessible. It enables users to explore mul-
tiple explanation methods across different models, datasets,
and configurations, highlighting the variability, possibilities,
and limitations inherent in both machine learning outcomes
and XAI techniques. Through user corrections of model out-
puts and explanations, Lucyde illustrates how human over-
sight can refine model behavior in interactive machine learn-
ing settings. While other tools and applications are targeted at
ML practitioners, this web-based application seeks to engage
all user groups equally by enabling them to explore methods
autonomously and adapt the level of detail to their own needs.
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