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Abstract. Predicting Gestational Diabetes Mellitus (GDM) is crucial for
pregnant women to enable regular monitoring of their blood sugar levels and
adherence to a healthy diet. Early intervention can significantly lower the risk of
developing this condition. To assess this risk, Machine Learning (ML) and Deep
Learning techniques are employed. However, traditional ML models often face
challenges in accurately predicting GDM risk due to the complex processing
required to optimize their hyperparameters for the best performance. This study
presents a feature selection for GDM prediction using AutoML-XAI techniques
(Automatic Machine Learning — eXplainable Artificial Intelligence techniques)
approach, which aims to automatically predict GDM risk as accurate as possible
while providing meaningful interpretations of the predictive results used in
feature selection. The AutoML models generated utilize a Kaggle dataset and
several combinations of features selected based on their scores of importance
determinated with XAI techniques such as SHAP (Shapley Additive
Explanations) and LIME (Local Interpretable Model-agnostic Explanations).
The proposed approach of autoML and features selection with XAI techniques
leads to the creation of a precise, efficient, and easily interpretable model which
surpasses other machine learning models in predicting GDM risk without the
need for human intervention. The scores of importance of features are involved
in the feature selection process and multiple AutoML models are generated and

assessed, with the optimal AutoML model being established automatically.
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1 Introduction

Gestational Diabetes Mellitus (GDM) is a form of diabetes that arises during preg-
nancy, affecting approximately 2-10% of pregnant women. This condition is marked
by elevated blood sugar levels, which can pose risks to both the mother and her baby.
Women with gestational diabetes face an increased likelihood of developing type 2
diabetes in the future, while their infants may experience complications such as mac-
rosomia (excessive birth weight) and hypoglycemia (low blood sugar) [1]. Conse-
quently, early prediction and diagnosis of gestational diabetes are essential for effec-
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tive management and minimizing associated risks. Screening methods typically in-
clude a glucose challenge test or an oral glucose tolerance test, with heightened moni-
toring recommended for women at greater risk, such as those with a family history of
diabetes or obesity. By effectively predicting and managing gestational diabetes,
women can lower the risk of complications for themselves and their children [1]. As
Artificial Intelligence (Al) techniques have advanced, a variety of increasingly so-
phisticated and effective prediction models have emerged in recent years [2]. While
certain machine learning models, like decision trees and linear regression, are
straightforward and offer reasonable accuracy that can be enhanced, others achieve
high predictive accuracy but are challenging to optimize [2]. In fact, the optimization
of ML models consists on Hyperparameter’s optimization which involves selecting
the optimal values for these parameters in order to obtain the best performance of the
model. This process can be complex and time-consuming, as there are usually many
possible combinations of hyperparameters to consider. The increasing complexity of
data and the need for more accurate models has led to the emergence of Automated
Machine Learning (AutoML) as a rapidly growing field. AutoML seeks to automate
the process of implementing high-performance ML models and hyperparameters op-
timization on a given dataset, thereby reducing the need for manual intervention and
improving the efficiency of model development and deployment [3]. Thus, AutoML
offers a pipeline for the process of implementation of performant ML models based
on key steps which include the Data Preprocessing phase during which AutoML can
automate steps such as data cleaning and handling missing values. The next phase is
the features and models selection phase which allows selecting important features and
testing multiple algorithms machine learning to determine which one works best for a
given dataset. Then the phase of optimizing and adjusting the models hyperparame-
ters to improve their performance. After, AutoML can evaluate the performance of
models using cross-validation techniques and other metrics. Finally, some AutoML
tools include features to help interpret model results, which is essential for under-
standing how decisions are made. Furthermore, employing feature selection tech-
niques can enhance the performance of predictive models. These techniques encom-
pass embedded, filter, and wrapper methods; however, they come with certain draw-
backs, such as increased computational costs and sensitivity to hyperparameters.
Thus, the application of Explainable Artificial Intelligence (XAI) as an innovative
method for feature selection was proposed; this approach seeks to pinpoint the key
features that play a significant role in prediction, while also offering insights into the
impact of these features on the model's outcomes [17].

Consequently, integrating explainable Al into feature selection process is crucial
for predicting gestational diabetes mellitus (GDM), as it helps to clarify the im-
portance of each feature in the system's decision-making process and boosts its effec-
tiveness.

In this research work, the AutoML platform used is based on some explanation
techniques used through the proposed process of features selection based on the score
of importance of each feature. These scores indicate the percentage of the contribu-
tion of each feature in the prediction [4]. In this research work, the SHAP technique
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was used to determinate these scores of importance for explanation through the pro-
posed process of features selection.

The aim of this paper is to propose a hybrid strategy of AutoML and XAI tech-
niques to generate and evaluate several ML models in order to determinate the best
accurate model based on a proposed feature selection method. This method proposes
to eliminate features contributing to unfairness based on the feature attribution expla-
nations of the model’s predictions.

This approach of feature selection permits to examine the variable importance
scores for a machine learning model. After that the process of generating and evaluat-
ing AutoML models is restarted after removing insignificant features based on their
scores of importance.

The rest of this paper is structured as follows: section II presents current research
trends and related works to AutoML and features selection methods, section III de-
scribes the process of the proposed strategy and exposes experimental setup and ob-
tained results and finally the conclusion and some perspectives.

2 Litterature review

This section provides an overview of various related works that focus on features
selection methods and highlights some important aspects of AutoML.

2.1 Features selection methods

Types of features selection methods

It has been demonstrated that feature selection is highly effective for handling
high-dimensional data and improving learning efficiency in both theoretical studies
and practical applications [9]. Through this method, a subset is extracted from the
original feature set based on specific criteria, and selecting the pertinent features of
the dataset are isolated. Consequently, redundant and irrelevant data features are elim-
inated, thus streamlining the data processing process.

As a result, this process can enhance learning accuracy, decrease learning dura-
tion, and streamline learning outcomes [10]. Some researchers in GDM prediction
[11] choose to work closely with clinical experts and gynecologists to manually select
features and reduce the number of variables, while others use automated techniques
for feature selection. There are three main techniques for feature selection: filter
methods, wrapper methods, and embedded methods [4]. Filter methods evaluate the
relevance of features independently of the learning algorithm while wrapper methods
evaluate the performance of features by directly using them with a specific machine
learning algorithm [4]. Embedded methods incorporate feature selection as part of the
model training process itself [4].



124 A. Maaloul et al.

XALI features selection methods

In addition, new methods of features selection based on eXplainable Artificial In-
telligence (XAI) are proposed such as Layer-wise Relevance Propagation (LRP),
Local Interpretable Model-agnostic Explanation (LIME), and Shapley Additive ex-
Planations (SHAP) [4]. In fact, numerous studies have explored the application of
Explainable Artificial Intelligence (XAI) as an innovative method for feature selec-
tion. Feature selection approach using XAI can help to improve the accuracy and
interpretability of the prediction models. Additionally, this approach offers transpar-
ency during the process of selection of important features [12].

Especially, in our context, implementing XAl-based feature selection for GDM
prediction has the potential to enhance both the accuracy and interpretability of ma-
chine learning models [17].

2.2 Automated Machine Learning (AutoML)

In the realm of artificial intelligence, Machine Learning and Deep Learning mod-
els have gained significant importance and applicability across various industries,
effectively tackling complex Al challenges [5].

However, developing these sophisticated models typically requires a labor-
intensive, trial-and-error approach that is manually executed by domain experts, ne-
cessitating considerable resources and time. To address these issues, the AutoML
paradigm has emerged as a promising solution aimed at streamlining and enhancing
the machine learning process [5]. Nonetheless, the interpretation of AutoML varies
among different sectors within the scientific community. For instance, The research-
ers in [6] suggest that AutoML is primarily intended to reduce the reliance on data
scientists, empowering domain experts to create machine learning applications with-
out needing extensive ML expertise.

The authors in [7] consider AutoML as a seamless integration of automation and
machine learning. This perspective highlights the automated construction of a ma-
chine learning pipeline, which operates within a defined computational budget. Thus,
a robust AutoML system showcases the dynamic combination of various techniques,
resulting in an intuitive, end-to-end machine learning pipeline. Numerous Al-focused
companies, such as Google, Microsoft Azure, Amazon, H20.ai, and RapidMiner,
have created and made available systems like Cloud AutoML [7].

Considering AutoML and its role in Healthcare, AutoML is designed to streamline
the selection of optimal machine learning algorithms, hyperparameter tuning, data
pre-processing management and feature selection. This automation signif-
icantly decreases the time and expertise required to create effective models, making it
particularly appealing in healthcare, where swift and precise decision-making is vital.
As a result, AutoML has become a crucial resource in the medical sector for identify-
ing risk factors, forecasting disease progression, and informing treatment plans. Sev-
eral studies have demonstrated remarkable success in various medical applications,
including diabetes diagnosis and prediction [5]. In the realm of diabetes prediction,
Al-driven predictive models have played a key role in identifying early indicators of
the disease and aiding clinicians in making informed, data-driven choices. These
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models utilize extensive data from diverse sources, including electronic health rec-
ords, genomics, and wearable technology, to deliver accurate predictions regarding
diabetes risk and onset [5] but these works present some limits such as Data Quality
and Quantity since AutoML systems require high-quality, well-structured data and
also AutoML processes can be computationally intensive, requiring significant pro-
cessing power and time, especially for large datasets or complex models.

This is in the context of GDM prediction, we propose in this study an AutoML
feature selection approach based on XAI which involves generating GDM predictive
models that provide the best accuracy and interpretability in their decision-making
process and we are considered among the pioneers who have addressed this topic. In
our context, the proposed approach aims to generate ML models based on the most
relevant features or variables that contribute to the prediction of GDM and also pro-
vides insights into how these features influence the model's predictions.

3 feature selection for GDM prediction using XAl based
AutoML approach

This section describes the proposed feature selection for GDM prediction using
XAI based AutoML approach in this research work by describing some experiments
and their results in order to improve the performance of the predictive models gener-
ated by the autoML platform used in our study in the context of prediction of GDM.

3.1 XAI with SHAP

XAI is a rapidly growing field that focuses on developing Al systems that can
provide explanations for their decisions and actions. In recent years, there has been a
significant increase in research and literature on XAlI, as the need for transparency
and accountability in Al systems becomes more apparent.
In fact, researchers have proposed various methods for making Al systems more ex-
plainable, including model-agnostic techniques, post-hoc explanations, and interpret-
able models [13].
These approaches based on XAI use techniques such as SHAP (SHapley Additive
exPlanations) values [4] or LIME (Local Interpretable Model-agnostic Explanations)
[4] to explain the importance of each feature in the model's predictions. These tech-
niques provide a clear understanding of how each feature impacts the model's output,
allowing for the identification of key predictors of diabetes. SHAP is a powerful XAl
technique used in this research work to interpret the used predictive machine learning
model. The SHAP interprets machine learning models based on optimal Shapley val-
ues which are calculated through coalitional game theory. In this theory, two or more
players or factors are involved in planning a strategy to achieve a desired outcome or
payoff. The same concept is used to know how to distribute the "payout" among the
features fairly. The SHAP explanation works on both global and local levels. On the
local level, it shows each feature's contribution to predicting output on a particular
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data point, however the global-level explanation shows the importance of each fea-
ture to the model [14]. SHAP is used in various domains, including healthcare, fi-
nance, and natural language processing, where understanding model decisions is cru-
cial for trust, accountability, and compliance with regulations [15].

The AutoML platform used in this study which is RapidMiner, is based on the use
of SHAP to determinate the scores of importance of features in the dataset used.

3.2 Proposed feature selection for GDM prediction using XAI based AutoML
approach

The feature selection for GDM prediction using XAI based AutoML approach
proposed in this research work aims to identify the most accurate GDM predictive
model. This process is based on generation and evaluation of several AutoML mod-
els. The remove of irrelevant features from the dataset through some iterations can
improve the model's performance and its hyperparameters and reduce also overfitting.
By selecting only the most important features and regenering the autoML models,
these models become more accurate and interpretable.

The process, the experiments and the results of our proposed approach are exposed
in this subsection.

Proposed process of feature selection

The process of our proposed feature selection for GDM prediction using XAl
based AutoML approach is presented in Figure. 1:

Start of the use of the AutoML

platform
Selection of the predictio task and selection of AutoML
models
+
| Generation of the selected AutoML models

2
AutoML models evaluation
Scores of importance of features

'

Terminate
Iterate the process 7

S (Userdecision) Stop
~——_

l Continue

Selection of features

Fig. 1. Flowchart of
the process of the proposed feature selection for GDM prediction using XAl based on autoML approach
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As illustrated in Figure 1, regarding the process of the proposed feature selection
approach for GDM prediction, Initially, this process started by launching the Au-
toML platform and the first step after that consists on selecting the dataset with all
features.

In second time, a new project of AutoML was created, the task of prediction and
the features of the dataset to use were selected. Then, the models to generate and
some others hyperparameters such as max runtimes and the number of models were
specified. After that, the specified AutoML models were generated with all their met-
rics of performance and the scores of importance for the used features based on
SHAP value. In the next iterations, we removed the features having null contribu-
tions or scores of importance with absolute values less than the fixed threshold (0.20)
in order to readjust another time the AutoML models and improve their performance.
Finally, this process can be stopped when all features present significant scores of
importance above the fixed threshold. This process is guided by the user decision.

Experimental setup and results

This section deals with the description of the used AutoML platform, the exploited
dataset and the presentation of adopted AutoML models in our approach. Additional-
ly, the experimental results will be exposed and discussed.

Dataset description

The experimental results are based on a diabetes prediction dataset for GDM sourced
from Kaggle!. This dataset comprises 15 clinical features from 3,525 female patients,
including attributes such as age, number of pregnancies, HDL (High-density lipopro-
tein) levels, family history, and BMI (Body Mass Index), among others. The output is
represented as 'l' for a positive diagnosis (diabetes detected) and '0' for a negative
diagnosis (no diabetes detected).

AutoML platform description

RapidMiner is a comprehensive data science platform that provides tools for data
preparation, machine learning, deep learning, text mining, and predictive analytics. It
is designed
to facilitate the entire data science workflow, making it accessible to both data scien-
tists and business [5]. It’s a powerful tool which offers a visual interface that allows
users to build and deploy machine learning models without extensive programming
knowledge. Users can drag and drop various operators to create data workflows. In
addition, RapidMiner includes AutoML capabilities that automate the process of fea-
tures selection, models selection, hyperparameter tuning, and evaluation.

I Thttps://www.kaggle.com/datasets/sumathisanthosh/gestational-diabetes-mellitus-gdm-data-

set
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This AutoML platform helps users quickly identify the best models for their data
without deep expertise in machine learning. Overall, RapidMiner supports XAI which
is increasingly important in the context of AutoML platforms. These techniques help
users understand, trust, and effectively utilize machine learning models. The most key
XAI techniques that can be integrated with RapidMiner is SHAP.

This technique is used to assess the importance of different features in a model.
This helps users wunderstand which variables are driving predictions.
By incorporating this XAl technique, RapidMiner enhances the usability and trust-
worthiness of its AutoML capabilities, enabling users to make informed decisions
based on their machine learning models [5].

Adopted ML Models

The used AutoML system in this study proposes six machine learning models
deemed most promising and pperformant, including the following:

1. Generalized Linear Model (GLM): a flexible extension of standard linear re-
gression that accommodates response variables with error distribution models beyond
the normal distribution [5].

2. Decision Tree: an intuitive model that forecasts results by dividing the dataset
into smaller groups according to feature values, similar to a tree-like structure [5].

3. Gradient Boosted Trees: An ensemble learning technique that builds a strong
model by sequentially refining a collection of weak learners through the application
of the gradient descent algorithm [5].

4. Support Vector Machine (SVM): A boundary-based model that identifies the
optimal hyperplane for clearly distinguishing data points in high-dimensional space.
Support Vector Machines (SVMs) determine the hyperplane
that maximizes the margin between different classes [5].

5. Deep Learning: a neural network model modeled like the human brain, which is
highly effective at identifying complex patterns within extensive datasets [5].

6. Random Forest: An ensemble learning technique that trains multiple Decision
Tree classifiers on different subsets of the dataset and employs averaging to enhance
predictive accuracy while mitigating overfitting [5].

Experimental results and discussion

After the selection of the kaggle GDM dataset with 15 features initially and the
specification of the predictive models to use, we proceed to analyse the results for
GDM prediction in depth through iterations of the process of generation of the au-
toML models.

The metrics of performance proposed by the AutoML platform RapidMiner and
used in this study are as follow:
e Relative error lenient or accuracy : evaluates the accuracy of predictions by
taking into account an acceptable margin of error [16].

e Runtimes : is a measure used to represent the execution time for each speci-
fied model [16].



Feature Selection for Gestational Diabetes Mellitus Prediction 129

At the first iteration, the AutoML project is initiated with all the features and the
AutoML models are selected for a task of GDM prediction as illustrated in Figure 2.
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Fig. 2. AutoML selected models
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Fig. 4. Comparison of the generated AutoML models based on Runtimes

After the launch of the process of generation of the selected AutoML models, the
comparison between these models based on runtimes and Accuracy (relative error)
are displayed. These results are illustrated in Figures 3 and 4. The optimal generated
AutoML model is the Generalized Linear Model which presents the metrics presented
in Table 1 (Column first iteration).

For this first iteration of the process of the proposed approach, the output includes
the features and their scores of importance based on SHAP value as illustrated in
Figure 5 which demonstrates that the features named HDL (High Density Lipopro-
tein), Number of pregnancy, Large child or Birth Default and Sys BP have insignifi-
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cant contribution since their scores of importance based on SHAP value are null.
Also, the features Family History, sedentary lifestyle, Age, unexplained parental loss
and Gestation in previous Pregnancy have absolute values of their weights less than
the fixed threshold (0.2). Thus, all these features must be removed in the Next itera-

tion.
ieneralized Linear Model - Weights

Attribute Weight

e O ——

o T —

- E—

- I —

Gestation in previous Pregnancy m_

unexplained prenetal loss m-

Sedentary Lifestyle Jooes| |

Family History .

No of Pregnancy [0 |
HOL [0 ]
Large Child or Birth Defaut [0 ]
Sys BP m

Fig. 5. Features weights of Generalized Linear Model (First iteration)

At the second iteration, we proceed to remove these features and the AutoML pro-
ject is initiated with the features selected after the first iteration having significant
scores of importance for the prediction and we select another time the same AutoML
models for a task of GDM prediction as shown in Figure 6. The comparison between
the generated predictive models for this second iteration based on runtimes and accu-
racy (relative error) are illustrated in Figures 7 and 8.

Load Data SelectTask  Prepare Target  Select Inputs
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Fig. 6. Interface of features selection
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Table 1 (Column Second iteration) presents the performance of the optimal model
which is another time the Gnerelized Linear Model.The results through these two
iterations are illustrated in what follows (Table I).

Table 1. GENERALIZED LINEAR MODEL PERFORMANCE (FIRST AND SECOND ITERATION)

Metrics First iteration Second iteration
(Without features (With features
selection) selection)
Rela- 72.43% +/- 0.25% 72.92% +/- 0.34%

tive_error_lenient
or accuracy

Runtimes 6s 45

We notice the optimization of the performance of this model in terms of accuracy
and runtimes after the selection of important features and the elimination of insignifi-
cant features in the second iteration relatively to our approach.

131



132 A. Maaloul et al.

In addition, for the second iteration of our proposed approach, we have also as out-
put the weights of the selected features (Figure 9) having all absolute values of
weights above the fixed threshold (0.2). The process is stopped after this second itera-
tion.

Generalized Linear Model - Weights

Attribute Weight

seos (I
e D
Hemogioin I

Fig. 9. Features weights of Generalized Linear Model (Second iteration)

4 Conclusion

This paper describes our study dealing with the experimentation of a feature selection
for GDM prediction using XAl based on AutoML approach. The principal contribu-
tion in this research work is to demonstrate that the proposed feature selection ap-
proach leads to optimize the performance of the generated AutoML models. The ex-
planation technique SHAP is utilized for interpretation and the most important fea-
tures are determinated and used. The proposed approach was adopted and tested at the
level of six AutoML models in the context of GDM prediction through an iterative
process which resulted in the improvement of the performance of these models. The
Generalized linear model achieves the highest prediction performance. The future
scope is to study other approaches of feature selection based on AutoML models and
XA techniques and other AutoML systems and datasets will also be explored.
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