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Existing XAl libraries offer a good number of explanation and visualization methods. We refer to the
combination of these XAI methods and their further customization to meet the actual needs of users as
explanation strategies. The Explanation Experiences Editor (E3) is a software tool that allows capturing,
editing, and executing explanation experiences through a user-friendly interface based on behaviour
trees. To easily integrate third-party XAI methods, E> is supported by a restful web service API that
provides a unified access layer for them. The platform also provides an online repository to store the
Al models and normalize their access by explanation methods.
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1. Motivation and significance

Interpretability has become a requirement for trusting Al (Ar-
tificial Intelligence) models applied to real-world tasks. Al in-
terpretability refers to the degree to which a human can un-
derstand the decision or prediction made by an Al model [1].
Interpretability is crucial in Al Machine learning (ML) models
where predictions or behaviours are obtained through the exe-
cution of numerous operations on large amounts of data. As a
result, the system becomes a black box for its users since the
obtention process seems offuscated. ML models with high inter-
pretability help to increase trust in their behaviour and improve
their performance. Moreover, the right to obtain an explanation
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of the decision reached by an Al model is now an official regu-
lation of the European Union [2], thus emphasizing the need for
interpretable models.

Although some simple ML models are inherently interpretable,
there is often a black box nature and lack of transparency associ-
ated with the best performing complex Al models like deep neu-
ral networks [3]. This problem has triggered a whole new body
of work on Explainable Artificial Intelligence (XAl), a field of re-
search that holds great promise for improving the trust and trans-
parency of Al-ML-based systems [4,5]. Concretely, the software
artifacts presented in this paper have been developed by the iSee
research project,' a European consortium that aims to provide an
open platform to reuse successful explanation solutions.

As a result of the XAI research efforts, there are several li-
braries available that offer a good number of explanations and

1 http://isee4xai.com
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Fig. 1. Snapshot of the E> software. Users can use the menu on the left to define the workflow of the explanation experience as a behaviour tree. The right panel
shows the details of each node, in this case, the first explanation method has been selected and executed, displaying its output in the bottom-right corner. Live

demo available at https://editor-dev.isee4xai.com.

visualization methods. These XAl methods are reusable for dif-
ferent domains and ML models and can be combined and pa-
rameterized. However, in most situations, relying on a single
explanation method is not enough to provide a complete expla-
nation. Users may require alternative XAl methods depending on
their expectations and satisfaction with the previously received
explanations. This implies that complete explanation processes
should be defined as a workflow containing explanation and vi-
sualization methods plus complementary techniques to evaluate
user satisfaction. We refer to these workflows as “Explanation
Experiences”.

Our main goal is to integrate existing XAl methods in the
literature, allowing their combination and testing as explana-
tion experiences. However, from a technical point of view, this
becomes a challenging task as most XAl methods are scattered
across different Python packages. Even well-known multipurpose
explainability packages offer only a reduced set of techniques [6]
that may not be enough to provide a complete explanation. The
solution we propose aims to address these issues by providing
an architecture of restful web services that offer common access
to different packages of reusable XAl methods for different types
of ML models Along with these unified APIs for the access of
XAl methods, we present the Explanation Experiences Editor
(E?), a software tool that allows the definition and execution of
explanation experiences through a user-friendly interface. While
there are several alternatives to define the explanation processes,
we propose the use of Behaviour Trees (BTs), as this technique
has been broadly applied to represent workflows [7]. This way,
the E3 tool alleviates the task of obtaining model explanations by
adding a new abstraction layer between the user and the methods
so that no additional code is necessary for the definition, reusing,
and testing of explanation experiences.

2. Software description

The E3 interface is presented in Fig. 1. It allows the definition
and execution of behaviour trees representing explanation expe-
riences, where inner nodes are workflow control structures, and
leaf nodes represent explanation methods.

Users designing an explanation experience can upload the ML
model to be explained and define the workflow of explanation
methods to be executed. In our tool, models are stored in the
root node of the BT. The control flow is defined using the inner
nodes such as sequences and choices, among others. On the other
hand, leaf nodes define the configuration of the XAl method to
be executed. This way, the editor allows users to specify the con-
figuration parameters for each XAl method for later execution on
the selected ML model. There are also evaluation nodes that serve
to ask the user for further explanations. Finally, although it is
possible to test XAl methods individually, an explanation experi-
ence can be executed as a whole to revise its complete behaviour.
This tool is supported by several complementary platform service
libraries as presented next.

2.1. Software architecture

As illustrated in Fig. 2, there are four different containers in our
architecture. The Explanation Library provides the XAI methods
for the generation of explanations, while the AI Model Library
contains the methods for the management of the models to be
explained. Both of these containers utilize well-known libraries
oriented to the development of machine-learning models, such
as Scikit-learn [8], TensorFlow [9], Pytorch [10], and so forth. The
containers have direct access to a core file storage unit where the
models and their additional configuration data are stored. Both
libraries provide unified Rest Services APIs to support not only
the functionality of the Explanation Experience Editor but also
ad-hoc integration with external software. Both APIs have been
developed in Python using the Flask [ 11] Restful microframework.

The Explanation Library provides a unified layer to access and
execute the explanation methods. These methods are imple-
mented as an API that acts as a wrapper of third-party modules
and libraries, following the dependency injection pattern.

To execute these explanation methods our platform also re-
quires an additional module to manage the ML models to be
executed and explained. For this task, we have developed the
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Fig. 2. Software architecture diagram.

Al Model Library, which offers an additional API that allows up-
loading, updating, and managing the files associated with an
ML model, as well as executing them. This module supports
models exported from both Scikit-learn and TensorFlow. Thus,
the Explanation Library can later access these files to generate
explanations.

As for the Explanation Experience Editor, it communicates
with the Explanation Library to request the execution of expla-
nation methods. The Editor also requires information from the
Model Al module, such as the names or aliases of the existing
models. Since the Editor allows users to create and edit multiple
BTs in separate projects, it exchanges this data with an additional
server dedicated to the management of the projects. This server
stores and retrieve all data associated with the saved projects so
they can later be imported in the future.

2.2. Software functionalities

The Explanation Experience Editor allows creating new projects
and managing them. The user can easily create different BTs
by dragging and dropping nodes to the building area but it is
also possible to randomly generate BTs by specifying certain at-
tributes, such as the minimum number of nodes and the depth of
the tree. Additionally, the Editor allows importing and exporting
projects, trees, and individual nodes represented as JSON files.
One of the main functionalities of the Editor is the BT Executor.
While explanation nodes can be executed manually, the BT Ex-
ecutor follows the whole execution flow of a BT and displays the
generated explanations according to the specified order to offer
a smoother experience to the user. A live demo of this tool is
available at: https://editor-dev.isee4xai.com

The Explanation Experience Editor is supported by the func-
tionality provided by both the Al Model and the Explanation li-
braries. The API of the Al Model Library contains the following
methods to manage the Al models?:

Jupload_model: adds a new model to the core file system or
replaces an existing one by using POST or PUT, respectively.

/dataset: uploads a data set to the specified model folder in the
core file system when using POST. If using GET, returns the
uploaded dataset as a file.

/delete: deletes the model folder associated with the specified
model from the core file system.

Jinfo: returns the information related to a previously uploaded
model.

/<datatype>/run : executes the prediction function of the model
based on the input passed using POST. The supported
datatypes are Image, Tabular, and Text.

As for the main functionalities of the Explanation Library API>:

JExplainers : returns a list with all the available explanation
methods when making a GET request.

2 Source code and documentation:
https://github.com/isee4xai/iSeeBackend|/tree/dev/Al%20Model%20lib
Testing deployments:

https://models-tf-dev.isee4xai.com
https://models-sk-dev.isee4xai.com.

3 Source code and documentation:
https://github.com/isee4xai/ExplainerLibraries

Testing deployment:

https://explainers-dev.isee4xai.com.
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Fig. 3. Illustrative Example. Rest API call to upload a model to the Al

/<datatype>/<explainer_method> : These are the core resources
of the web server, through which is possible to utilize the
XAI methods. The supported datatypes are Image, Tabular,
and Text. Currently, there are 16 explanation methods
available in the APL. Making a GET request to a valid
resource will return a brief description of the specified
method and the required and optional parameters that it
receives. Making a POST request providing an identifier
for the model and optionally additional parameters will
return an explanation in JSON format, as well as an URL
to visualize it using the ViewExplanation resource.

/ViewExplanation/<filename> : returns an image file contain-
ing a generated explanation when making a GET request.

3. Illustrative examples

For illustration purposes, we walk through the process of
obtaining explanations for an example machine-learning model
using the proposed software. The model for this example is a
gradient boosting machine based on XGBoost [12]. The purpose
of the model is to predict the estimated value of properties
based on the Boston Housing Dataset [13]. The whole example is
completely detailed in the video tutorial available in the “Help”
menu of the E3 tool.*

To explain the underlying behaviour, we use Postman® as a
tool to reproduce the HTTP requests to the servers.’

The first step is to upload the model to the Al Model Library.
To do this, we make a POST request to the Al Model Server

4 Direct access: https://editor-dev.isee4xai.com/imgs/tutorial. mp4.

5 Web site: WWW.postman.com.

6 A Postman public collection with exhaustive examples of the Rest services
API calls to the Explanation Library is available at: https://www.postman.com/
collections/196d33e0cad8765cc3f5

Additional user interfaces are being developed for this purpose by the iSee
project being out of the scope of this paper.

Model Library. The uploaded model is identified as XGBTCENSUS.

using the fupload_model resource, as shown in Fig. 3. It requires
several meta-information of the model (nature, feature names,
target feature, among others) together with the model dump file
exported from either Scikit-learn or Tensorflow. This way, the
model is registered in the platform with a unique id. In this case,
the id of the model is xgbtcensus as illustrated by 3.

After uploading the model, it is strongly encouraged to upload
a pickled file containing the training data when possible. Upload-
ing the training data allows access to a broader range of XAI
methods. To do so, send a POST request to the /dataset resource
indicating the identifier of the model.

Once the model has been uploaded to the Al Model Library,
it can be accessed by the Explanation Experience editor as illus-
trated by Fig. 4. The selection of the model to be explained by
the explanation experience being designed can be performed by
clicking on the tree’s root node. Then a list with all the available
models is presented on the right-side panel to allow the user
to select the desired one. In our example, we choose the id if
the model previously uploaded: xgbtcensus. Finally, the properties
panel of the root node also allows the definition of the query for
the model to be explained by local XAl methods.

The definition of the tree is performed by including nodes from
the left-side panel. The most relevant nodes are the Composites
that define the control flow of the tree. Concretely, users can
include Sequence and Priority nodes. The Sequence nodes succeed
if all of the child nodes also succeed. In contrast, Priority nodes
succeed if any child nodes succeed. Evaluation methods allow
asking the user about his satisfaction with the explanation re-
ceived until now. This way, the explanation tree being defined in
Fig. 4 initially executes the TreeSHAPGlobal and LIME explanation
methods in sequence. Then, the choice node first asks the user
if the previous explanations are enough. In case of a negative
answer, it executes the following explainer: Feature Importance.

Once the explanation experience has been designed it can be
exported in JSON format to be executed or deployed externally by
calling the Rest Service APIs provided by the Explanation Library
and the Al Model Library. Moreover, and as presented in Fig. 1,
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Fig. 4. Illustrative Example (continued). Snapshot of model selection in the E* software. This example shows how to select the XGBTCENSUS model uploaded to the

Al Model Library. Live demo available at https://editor-dev.isee4xai.com.

the execution of an explanation method is very straightforward
through the E> tool. It only requires selecting the “Explanation
Method” node on the right-side panel. It will display the manda-
tory and optional parameters required by the chosen method.
Finally, the execution is performed by clicking on the “Run”
button, which calls the Explanation Library and displays the result
for visualization below the button.

This user interface hides the details of the manual call to the
Rest Service API of the Explainer Library. The underlying process
runs as follows:

e Obtaining information about specific methods through the
Rest Services API can be achieved by making a GET re-
quest to the resource of our choice. The response will con-
tain the necessary information about required and optional
parameters.

e To generate an explanation, make a POST request to the
same resource passing the identifier of the model, and op-
tionally additional parameters in the params attribute as
illustrated in Fig. 5 for the TreeSHAP [ 14] method. The server
response is a JSON object which includes the explanation
in JSON format and an additional URL to access a visual
explanation file.

Concluding our example, the execution of an explanation node
such as TreeSHAP through a POST request is shown in Fig. 5. In this
case, the user is executing the - more complex - local version of
the method that also includes the query for the ML model to be
explained. It generates a visual chart that is presented to the user
as the explanation for that concrete query (presented in Fig. 6).
When executing the whole behaviour tree, this explanation will
be presented to the user, together with the explanations from the
other nodes, following the control flow defined by the composite
nodes.

4. Impact

The Explanation Experience Editor and its supporting libraries
have been developed under the umbrella of the iSee European

research project.” Its principal aim is to facilitate the capture,
sharing, and re-use of explanation experiences to encourage best
practices in explainable Al (XAI). The tools presented in this paper
provide an open-access infrastructure that lowers the barrier
to experimenting with XAl without committing any software
development resources.

In the case of academia, it allows new and established re-
searchers to contribute to the field in a way that gives clarity
about the scope and extent of the contributions that their re-
search makes relative to the state-of-the-art captured within the
tool. It provides a science-to-technology breakthrough in the form
of a means by which models and algorithms can move from the
research lab to practical use.

The provision of platform service APIs and the experimental
setup of the Explanation Experience Editor is specifically designed
to put explainability at the heart of current Al systems with access
to an interactive, experimental, and user-centred setup that is
trusted by the users.

5. Conclusions

In this work, we presented E3, the Explanation Experience
Editor. This tool allows designing, executing, and reusing ex-
planation experiences that capture successful combinations of
explanation methods. It combines a user-friendly interface for
designing the explanation experiences with two supporting APIs:
the Al model and the Explanation libraries. The former supports
the management and execution of ML models, whereas the latter
provides unified access to many state-of-the-art XAl methods.

We discussed its architectural design and provided an exam-
ple illustrating its key functionalities. The software solution we
proposed seeks to unify as many XAl techniques as possible by
using restful web services APIs with the end goal of bringing
explanations one step closer to the users, either researchers or
software engineers that work with XAl solutions.

7 http://isee4xai.com
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Fig. 5. Rest API call to the Explanation Library for the generation of an explanation using the TreeSHAP explanation method.
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Fig. 6. Illustrative Example (concluded). Resulting explanation generated by the
request in Fig. 5 for the TreeSHAP local method that receives the query to the
ML model.
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