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 A B S T R A C T

auto-xFS is a novel tool for feature selection (FS) based on a three-dimensional perspective encompassing 
feature retention rate, machine learning (ML) model performance, and explainability (XML). The application 
is designed to streamline the user’s workflow by autonomously hyperparameterizing FS techniques, ML models, 
and XML methods using a meta-learning approach. Our findings demonstrate that prioritizing FS that yields 
highly precise prediction explanations even at the expense of a slight reduction in model accuracy, can ensure 
more meaningful information for the user. auto-xFS is totally suited to FS in critical areas such as biomedicine 
where user confidence is crucial.
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. Motivation and significance

According to the Hughes phenomenon [1], a model’s machine learn-
ng (ML) capacity increases with the number of features up to a certain 
hreshold, beyond which it decreases due to limitations in sampling 
nd computation. As the number of observations and attributes in-
reases, the complexity of learned models grows, potentially leading 
o overfitting and reduced performance on new data. Additionally, 
ncorporating irrelevant features negatively impacts model accuracy. 
imensionality reduction methods, particularly Feature Extraction and 
eature Selection (FS), are designed to address these challenges by sim-
lifying data and enhancing its quality. A plethora of FS methods have 

∗ Corresponding author at: RESTORE Research Center, Université de Toulouse, INSERM 1301, CNRS 5070, EFS, ENVT, 4bis Avenue Hubert Curien, Toulouse, 
1100, France.

E-mail address: paul.monsarrat@inserm.fr (P. Monsarrat).

been documented in literature and are conventionally classified into 
three categories: filter, wrapper, and embedded. Filter methods operate 
independently of the ML model and rely on an evaluation metric to 
differentiate features, typically based on similarity or other statistical 
techniques [2]. Wrapper methods, in contrast, use the ML model itself 
to assess the performance of selected feature subsets. These methods 
can be framed as an optimization problem, employing techniques such 
as genetic algorithms [3] or swarm intelligence [4]. Embedded methods 
integrate feature selection directly within the ML model. In tree-based 
models, for instance, the learning phase determines feature importance 
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by generating splits and identifying features to discard. Given the wide 
array of potential techniques, it is challenging to ascertain the most 
suitable method for a given dataset, particularly given the absence of a 
universally optimal solution that would apply to all situations (the ‘‘no 
free lunch’’ theorem [5]). Moreover, the FS evaluation strategy remains 
a bottleneck due to the absence of a known a priori optimal subset for 
real datasets. This evaluation is inherently indirect, as it relies on the 
outputs of a model, rather than the model itself, thereby introducing 
potential biases into the assessment methodology [6,7].

In critical application fields, such as biomedicine, practitioners re-
quire that FS, or the entire learning procedure, be explainable, which 
contrasts with the black-box nature of many machine learning mod-
els [8]. As a result, explainable machine learning (XML) has gained sig-
nificant attention in recent years. Among all methods, local attributive 
XML methods such as LIME [9] and SHAP [10] are particularly effective 
as they can explain model predictions in terms of the contributions 
of each feature for each instance. In addition to the well-documented 
benefits of these methods, including their ease of visualization and user-
friendliness [11], these approaches guarantee that a single explanation 
is provided for each instance (the size of the two spaces is equivalent). 
This distinction is notable when compared to alternative methods, such 
as counterfactuals [12], which do not share this characteristic. Fur-
thermore, these methods can perform both local and global analyses, 
aggregated over a subset of instances. As a result, they are particularly 
well-suited for supporting data analysis [13,14].

The literature primarily evaluates the relevance of feature selection 
based on ML model performance and the reduction in the number of 
features compared to the initial dataset. But what about the quality of 
the explanations generated? This question was addressed in a previous 
study [15], which highlighted the significant impact of feature selection 
on prediction explanations.

This paper aims to demonstrate the importance of automatically 
recommending feature subsets that account for the evaluation of pre-
diction explanations, alongside traditional assessments of model per-
formance and feature retention. We argue that feature selection should 
be framed as a trade-off among these three dimensions. The proposed 
application allows users to analyze feature selections based on their 
explainability in relation to ML model performance. For instance, one 
might prioritize a feature selection that yields highly precise prediction 
explanations – according to a chosen explanation evaluation metric 
– even at the expense of a slight reduction in model accuracy. In 
addition, the application architecture has been meticulously designed 
to automate the hyperparameterization of ML and XML models as much 
as possible, notably through a meta-learning strategy.

2. Software description

2.1. Software architecture

The platform is implemented as a web application to ensure opti-
mal accessibility. It integrates a modular front-end built with callback 
mechanisms to handle sequential pipeline stages (file upload, hyper-
parameter tuning of ML and XML models) and provides interactive 
visualizations of possible subsets of features using Plotly Dash.1 The 
Python-based backend ensures extensibility for computational tasks. 
While calculations are currently performed server-side, user data and 
computation results are not stored to maintain data security and con-
fidentiality. Only memory cache is utilized for calculations and visu-
alizations. However, an SQLite2 database is reserved to store meta-
data in order to recommend hyperparameter for ML models through 
meta-learning. The backend component also includes feature selection 
computation as well as ML model training and XML calculations. Fig. 
1 illustrates the global architecture of the system, highlighting the 
sequential steps and interactions between components.

1 https://dash.plotly.com
2 https://www.sqlite.org

2.2. Software functionalities

Fig.  2 illustrates the parameterization options available to the user. 
The software can process tabular datasets for both classification and 
regression tasks, accommodating continuous, binary, and ordinal cate-
gorical features. However, it does not support non-ordinal categorical 
features. In such cases, a one-hot encoding will be applied to the data 
before training, with a notification for the user. The following ML mod-
els are available for use: Decision Tree, Random Forest, Support Vector 
Machine (SVM), K-Nearest Neighbor (KNN), XGBoost, and TensorFlow 
Sequential. The selection of XML methods depends on the selected ML 
model and covers most of the attributive strategies available in the liter-
ature, including: LIME, SHAP (and its variants TreeSHAP, DeepSHAP), 
Shapley values (complete method), and coalitional methods [16,17]. 
Details about FS methods and evaluation metrics are given below.

2.2.1. Choosing FS methods
The software supports a variety of FS methods considering different 

FS families (filter, wrapper and embedded) as well as diverse compu-
tational approaches within each category. Within the filter-based fam-
ily, several techniques are available: similarity-based methods (Fisher,
ReliefF [18], and SPEC [19]), statistical approaches (F-test and Chi-
squared), sparse-learning-based methods (RFS [20]), and information-
theory-based techniques (mRMR [21], CMIM [22] and JMI [23]). 
For embedded methods, feature ranking are determined using feature 
importance scores from Random Forest (RF ) or coefficients such as 
Linear Support Vector Machines (SVM) and Logistic Regression (LG). 
In the wrapper method, BorutaShap [24] (Boruta algorithm with SHAP 
values) is considered.

Clearly, the built-in methods do not cover all existing feature se-
lection techniques comprehensively. According to the ‘‘no free lunch’’ 
theorem, no single method is suitable for every situation, and users 
might want to explore other potential subsets to generate new hy-
potheses. Therefore, users have the option to add customized subsets 
in addition to those proposed by predefined feature selection methods. 
These customized subsets could originate from sophisticated feature 
selection techniques, such as metaheuristic methods, manual selection 
by experts, or previous analysis rounds with different parameters. The 
subset mask is then ready to be copied into the visualization phase to 
facilitate further analysis.

2.2.2. Evaluation metrics and recommendation strategy
The evaluation metrics encompass those traditionally associated 

with ML model (accuracy, coefficient of determination (𝑅2), mean 
absolute error (MAE), and root mean square error (RMSE), contingent 
upon the learning task). Additionally, the retention rate is considered. 
The primary novelty lies in the methodology used to evaluate ex-
plainability, leveraging attributive methods through the lens of feature 
selection. To this end, the metrics proposed in [15] are considered. 
First, the Kendall rank correlation coefficient measures the differences 
in the ranking of the most influential features before and after feature 
selection. Second, the relative influence change quantifies variations 
in feature influence values. Third, the composite metric RI integrates 
the scores of these two metrics. Fourth, the composite metric RIA 
extends RI by incorporating the ML model’s accuracy. Finally, discerni-
bility [25] assesses the correlation between feature influence values and 
the actual feature values, ensuring the presence of potentially meaning-
ful information for the user. Although such a relationship between data 
and explanations cannot be translated directly into causality, it remains 
an argument in favor of such a link [25,26].

To facilitate comparative analysis of the selected feature subsets, 
the software offers four distinct recommendation strategies based on 
the previously outlined evaluation metrics. The first strategy relies on 
the Pareto front, aiming to optimize the selected metrics as effectively 
as possible. The second and third strategies recommend feature subsets 
by aggregating either the scores or ranks of the considered metrics. 
The fourth strategy generates recommendations based on the user’s 
specified preferences, prioritizing the selected metrics accordingly.
2 
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Fig. 1. Application architecture.

Fig. 2. User input interface.

2.2.3. Result investigation
Fig.  3 shows an example of the result using the Pareto recom-

mendation strategy. Each point on the three-dimensional scatter plot 
represents a subset of features, colored according to whether it pertains 
to a Pareto-optimal solution or not. Users can change the metrics on the 
axis and rotate the cube for better investigation. Detailed information 
(feature names, feature selection methods, and summary plot of the 
explanation) is displayed on the right when a solution (point) is selected 
within the cube.

2.2.4. Model tuning and meta-learning based assistance
As machine learning algorithms become more sophisticated, the 

number of hyperparameters that need to be managed also increases, 
making hyperparameter tuning a challenging task, even for machine 
learning experts [27]. In the current version of the system, users can 

modify, manually, the hyperparameters of the pipeline; but if they do 
not, default values are applied. Thus, the software offers to add an 
automatic hyperparameterization assistance function based on a meta-
learning approach. This support should cover the entire pipeline, not 
only the machine learning model, but also feature selection methods, 
explanation techniques, and user preferences for recommendations.

This challenge is well recognized within the field of Automated 
Machine Learning (AutoML), where the goal is to automate the con-
struction of machine learning pipelines. A fundamental solution to this 
challenge is meta-learning, which involves recommending hyperparam-
eters based on prior knowledge or experiences. Typically, meta-learning 
can utilize various sources of information, such as model evaluations, 
task properties, and previous models [28]. However, in the feature 
selection recommendation system, model evaluation is prohibitively 
expensive, and no pre-existing models are available for the newly 
3 
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Fig. 3. Visualization and investigation of results: Pareto strategy.

Fig. 4. Hyperparameter recommendation.

uploaded dataset. Therefore, our meta-learning approach is constrained 
to using the task properties, i.e., metadata, for making the recommenda-
tions. More specifically, this means that recommendations are informed 
by peer experience, as similar datasets often share common analysis 
objectives. With the user’s consent, insights from previous users can 
be leveraged to enhance the recommendations for future users. The 
core concept is straightforward: the more similar two tasks are in 
terms of dataset characteristics and objectives, the more their optimal 
workflows tend to align. Metadata allows for the quantification of task 
similarity. Numerous researchers [29–31] have explored metadata lists 
to identify and construct the most relevant set of metadata for different 
datasets. These metadata range from simple descriptive or statistical 
indicators to model-based metrics or landmarks. The main steps of the 
recommendation process implemented in this software are illustrated 
in Fig.  4.

2.2.5. Data privacy and confidence
Due to potentially very expensive calculations (training ML models, 

calculating feature subsets, calculating explanations, etc.), a result file 

is directly downloadable once all the calculations are done. The user 
then has the option to upload this file in order to avoid the same 
calculations and to have access to the visualizations of the feature 
subsets. Although calculations are currently performed server-side, user 
data and computation results are not stored for data security and 
confidentiality reasons. Only the memory cache is used for calculations 
and visualizations. However, some dataset metadata may be collected 
with user consent, which could help to recommend hyperparameters to 
beginner users in the future through meta-learning.

3. Illustrative example

In order to illustrate the merits of our application, we posit that a 
user would be interested in selecting relevant features from the Lung 
Cancer dataset,3 which comprises 16 features (including target) and 

3 https://www.kaggle.com/datasets/mysarahmadbhat/lung-cancer
4 
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Fig. 5. Illustrative example using Lung cancer dataset on auto-xFS.

284 instances. The problem pertains to binary classification, specifically 
determining whether or not a patient has lung cancer. After the dataset 
is uploaded to the web application, a one-hot encoder is applied. 
Concerning parameterization, we consider all the feature selection 
methods proposed by the system. The system automatically detects that 
it is a classification problem. We elect to use a Random Forest model 
and a XML TreeSHAP model. We consider the following evaluation 
metrics: accuracy, retention rate, and explanation discernibility. We 
also consider the Pareto strategy for feature subset recommendation. 
The result is illustrated in Fig.  5. For the sake of brevity, only axes ac-
curacy and discernibility have been considered to represent the subset 
of features. It can be noted that the Pareto front (local to these two 
axes) contains two possible solutions (red squares): one with higher 
accuracy and another with higher discernibility. Global explanations 
are also provided. It is noteworthy that explanations with the highest 
discernibility yield clearer and more concise explanations (1) than 
those with the highest accuracy (2); the age feature is particularly 
unreadable. Consequently, the user opts to select the subset with the 
best discernibility, albeit at the expense of a slight loss in accuracy.

4. Impact

auto-xFS endeavors to refine the conventional conception of feature 
selection by incorporating the concept of explainability. In the con-
text of machine learning, the primary objective of feature selection 
is to identify the most minimal subset of features that enables the 
acquisition of the most efficient ML model. We contend that this 
paradigm is inadequate in the current era, where the black-box effect 
of ML models hinders our capacity to comprehend the rationale behind 
predictions [32]. Indeed, the pre-processing tasks, such as feature 
selection, wield a considerable influence on the explainability of an 
ML model. As previously demonstrated [15], feature selection can 
lead to explanations that, while accompanying a high-performing ML 
model, may be uninformative or lack practical value. This software 
builds on previous research [13–15,33,34], with the primary objective 
of leveraging explainability to enhance data analysis processes. The 
software recommends feature subsets evaluated across three key di-
mensions: model performance, feature retention rate, and explanatory 
power. This approach allows users to navigate trade-offs between these 
5 
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factors, tailoring feature selection to their specific needs. Designed 
for users interested in machine learning and feature selection, the 
software is particularly beneficial for domain experts – especially in 
biomedical fields – who seek to automatically identify and visualize 
the most relevant features for their dataset. The application ensures 
efficient data management by storing only the metadata necessary for 
automated hyperparameter tuning (AutoML) and feature visualization. 
The provided explanations are based on attributive methods, which 
are user-friendly, easily interpretable, and well-suited for both global 
and concise dataset representations [11]. auto-xFS is one of the few 
tools in the literature [35] to demonstrate a concrete use case for XML 
evaluation metrics. Measuring explanation quality remains a major 
and timely challenge [36]. This tool represents a promising avenue 
for integrating a broader range of quality metrics documented in the 
literature, as well as for exploring new research hypotheses.

5. Conclusion

We present auto-xFS, a novel tool for feature selection based on a 
three-dimensional perspective encompassing feature retention rate, ML 
model performance, and explainability. The application is designed to 
streamline the user’s workflow by autonomously hyperparameterizing 
FS techniques, ML models, and XML methods using a meta-learning 
approach. The primary strength of auto-xFS lies in its ability to visualize 
and analyze feature subsets according to the selected evaluation met-
rics, corresponding to the three analysis dimensions. This enables users 
to assess the impact of feature selection on a predictive model, partic-
ularly regarding its performance and the explanations generated. Our 
findings demonstrate that prioritizing feature selection with slightly 
lower predictive accuracy can lead to more informative explanations. 
Given the numerous contributions from the literature in this field, we 
plan to integrate additional explainability evaluation metrics. In the 
long term, our goal is to establish a metadata repository to further 
automate feature selection via meta-learning, particularly for recom-
mending evaluation metrics. We also plan to extend this work by 
taking into account the user’s profile. Indeed, a data scientist might 
be more familiar with analyzing raw performance scores, rather than 
a biologist or medical practitioner more interested in ensuring that 
the selected variables correspond to his or her business needs. Data 
storytelling [37,38] could be an interesting avenue of research for 
automatically proposing an analysis of variables relevant to a given user 
profile.
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