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We present MADGUI, Multi-Application Design Graphical User Interface (GUI) using Bayesian Optimization and
prediction model for data analysis and optimize process or composition. Its strength is its user-friendly design,
which requires no programming knowledge. It is built using the Streamlit library in Python and is divided into
three parts, allowing users to select various parameters and fill csv/xlsx files without any coding required.
Overall, MADGUI is designed as an optimal experiment design platform with active machine learning, which
accelerates the discovery of optimal solutions and provides an intuitive GUI for users with no experience in

coding, machine learning, or optimization.

1. Introduction

In the evolving landscape of scientific research and process engi-
neering, the integration of machine learning (ML) techniques has
emerged as a transformative tool, aiding in analyzing and optimizing
various experimental designs and process pipelines, leading to improved
target returns. Particularly in materials science, Wu et al. [1] note that
integrating ML and computer science with current material synthesis
and optimization approaches will effectively speed up the discovery of
high-performance photoactive materials in organic solar cells. Similarly,
Deringer et al. [2] demonstrate the current enabling of new degrees of
realism in material science through ML, with atomic-scale computer
simulations focusing on quantum-mechanical simulations as the central
approach. According to Rodrigues et al. [3], big data and ML applied to
materials science can accelerate the solution of intricate chemical
problems and even solve problems that would otherwise not be trac-
table. Thus, ML can accelerate the discovery of materials with tailored
properties and lead to rapid predictive modelling [4,5].

During this endeavour, material experimentalists, theoreticians and
engineers attempt to predict the relationship between the composition
of a material and its intrinsic physicochemical properties, to tune
controllable parameters involved in the processing pipeline of a mate-
rial, or more generally, to choose the correct statistical technique to
properly analyze and gather data necessary to test a hypothesis or
perform a data-driven improvement of a material’s properties. However,
the usage of ML techniques and more classic statistical tools have
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traditionally required significant programming knowledge and setup,
making them less accessible to scientists who may not have a back-
ground in computer science [1]. Furthermore, deploying ML for new
projects often involves starting from scratch or adapting a previously
used ML model, which can be time-consuming and prone to errors for
non-practitioners [1].

Recognizing challenges in applying ML and statistics in various past
academic and industrial collaborations, we have developed MADGUI
[6], Multi-Application Design Graphical User Interface, which aims to
democratize access to applied statistics, ML and optimization strategy by
providing a user-friendly platform that does not require any program-
ming knowledge. Developed using Python libraries, including Streamlit
[7] for the GUI development, Scikit-learn [8] for a Random Forests ML
algorithm and a k-fold cross-validation strategy for models evaluation,
Seaborn [9] for the graphical representation, XGBoost [10] for a
distributed gradient-boosted decision tree algorithm, and GpyOpt [11]
for Bayesian Optimization (BO), MADGUI offers a powerful tool for re-
searchers and engineers desirous of engaging in statistical analysis and
optimization tasks assisted by ML and BO for a wide range of applica-
tions. Indeed, MADGUI is a user-friendly, no-code interface built upon a
robust foundational method known as active learning, which ML and BO
enhance. This approach, termed Active learning assisted by machine
learning and Bayesian optimization (ALMLBO), is not pre-trained on any
particular domain. Instead, it leverages the user’s dataset to facilitate
learning. The ML component of MADGUI actively engages with the data
to predict outcomes and to determine the significance of different input
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features. Then, the BO element strategically suggests new data points to
refine the learning process and eventually reach the objective(s) after a
few cycles of learning from the updated dataset, proposing protocols
related to the studied system and performing consequent experimental
characterizations. This process has shown promise in designing new
materials with exceptional properties across various applications.
Notably, it led to improvements in the adhesive strength, electro-
catalytic activity in methanol oxidation, charge/discharge performance,
and maximum energy product for epoxy resins [12], mesoporous tri-
metallic PtPdAu alloy films [13], electrolyte composition of Li-O5 bat-
teries [14], and hot-extruded Nd-Fe-B anisotropic magnets [15],
respectively. The versatility of Bayesian optimization extends beyond
materials science, with successful applications in various engineering
fields. For instance, Lam et al. [33] demonstrated its effectiveness in
aerospace engineering, while Gongora et al. [34] developed a Bayesian
experimental autonomous researcher (BEAR) for mechanical design.
These examples further highlight the broad applicability of this tech-
nique across different domains of science and engineering.

Notably, MADGUI possesses the BO [16,17,32] at its core. BO solves
combinatorial optimization problems by minimizing the number of
experimental trials required to identify the optimum on an objective
function f of an unknown form. The objective function f generally links
input features, e.g., composition and process parameters, of a material
with its output target properties, e.g., adhesive strength or charge/di-
scharge performance, and determining its optimum is equivalent to
locating a set of input features leading to improved material’s perfor-
mances. Therefore, the classic trial-and-error experimental setting is
directed by the experiments proposed by the BO to improve a material’s
performance.

There are several alternatives to MADGUI for performing ALMLBO,
like scikit-optimize [20], pyGPGO [21], or bayes_opt [22]. However,
these alternatives do not possess a dedicated graphical user interface
(GUI) and demand a minimum of knowledge in coding to set them up on
an individual machine. Closer to MADGUI, AutoOED [23] and BOXVIA
[24] software are much more accessible. AutoOED is a design platform
working with automated machine learning to accelerate the discovery of
optimal solutions, with a GUI for visualization and guiding experiments.
And BOXVIA is a GUI-based application that allows users to optimize
objective functions and visualize the process. AutoOED and BOXVIA are
based on Bayesian optimization for finding optima in a minimum
number of experimental evaluations and can be used through their
executable or source code. However, they both lack basic visualization
of the input data, e.g., the evolution of target properties over evaluated
samples, multiple feature-property one-to-one scatter plots, evaluation
of one-to-one linear statistical correlations, or the potential to perform a
selection of essential features through the assessment of prediction
performance of target properties through an autonomous ML pipeline.

MADGUI, on the other hand, display a visualization of the input data,
the evolution of target properties over evaluated samples, multiple
feature-property one-to-one scatter plots, evaluation of one-to-one
linear statistical correlations, the potential to perform a selection of
important features through the assessment of prediction performance of
target properties through an autonomous ML pipeline and the possibility
to add limits and constraints to the features for the BO.

Working in material science, we developed MADGUI to help us in
this area. However, it is not limited to this domain; it can generally be
used for various research areas as long as features and targets exist.
Examples of features can be temperature, time, mixing speed, quantity,
equipment A or B, type of reactant, etc.

MADGUI is freely available for public use via the Streamlit cloud
share system [25] at https://lambard-ml-team-madgui.streamlit.app/. It
is available as an executable for Windows, Mac M1 and Mac Intel at https
://madgui.odoo.com/. We are confident that this tool will contribute
significantly to scientific discovery and process engineering by making
ALMLBO more accessible and manageable for users across various do-
mains of expertise and applications.
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MADGUI is designed for real-time use, with its web-based interface
allowing immediate access and quick data processing. A dataset of
around 100 samples takes around 10 minutes from the inference step to
propose new experimental samples on a regular laptop or desktop
computer. MADGUI is highly cost-efficient as its freely available and
typically enables users to gain an order of magnitude in time and cost for
experiments and characterization [31].

This paper is organized as follows: First, we describe the software
architecture of MADGUI Then, we provide a detailed description of its
main features, including the main page, prediction page, and Bayesian
optimization page. Finally, we discuss future developments and
conclude with the potential impact of MADGUI on various research
fields.

2. Software architecture

MADGUI [6] is a user-friendly GUI developed for statistical data
analysis and ML modelisation. MADGUI is entirely written in Python. It
uses the Streamlit library [7] to create the web-based interface.

Here’s a brief overview of the software architecture.

1. Importing libraries: The software utilizes a range of libraries,
including Streamlit for the GUI, Pandas [26] and Numpy [27] for
data manipulation, Scikit-learn and XGBoost for ML models and
k-fold cross-validation model evaluations, Matplotlib [28] and Sea-
born for graphical visualization, and GpyOpt for the BO.

2. Setting up the interface: The software uses Streamlit to set up a web-
based interface. It defines containers for various interface sections,
such as the header, dataset, feature selection, correlation, prediction,
and Bayesian optimization.

3. Data upload: Users can upload their data in CSV or Excel format. The
software reads the data and stores it in a Streamlit Dataframe.

4. Features and targets selection: Users can select columns from their
dataset for analysis. They choose which columns are features to
analyze and which are targets to predict or improve.

5. Navigation: The software provides a navigation sidebar that allows
users to navigate between different interface sections. These sections
include the main, prediction, Bayesian optimization, about, and
contact pages for the online version.

6. Data analysis and ML: The software uses various ML algorithms
(ElasticNet [8], Random Forests [18], XGBoost [10]) from the
Scikit-learn [8] library for prediction and optimization tasks. It also
provides functionality for data visualization using libraries like
Matplotlib and Seaborn.

7. Optimization: The software uses the GPyOpt library [11] for
Bayesian optimization, a strategy for finding the maxima/minima of
an objective function using the expected improvement (EI) [19].

8. Reset functionality: The software provides a reset button that clears
all the session states, allowing users to start their analysis from
scratch.

The flowchart in Fig. 1 depicts the architecture of MADGUL
3. Software description
3.1. Main page

The Main page is the initialization hub, where users can find a
comprehensive guide on effectively utilizing the GUI. It begins by
instructing users on the proper data formatting required for the GUI to
function correctly. The data should not contain any blank cells or non-
numerical values. Users are advised to convert any non-numerical
values into categorical values (e.g., “Low”, “Medium”, and “High”
become 1, 2, and 3, respectively). Once the dataset is prepared, users can
upload the data (in CSV or XLSX formats) using the sidebar button. The
GUI then displays a dataframe of the uploaded dataset, allowing users to
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Fig. 1. Flowchart of MADGUI, displaying the mechanism behind each page.
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purpose, the GUI displays two multi-select panels (Fig. 2 a). The first
panel contains all the column names, excluding columns where the
standard deviation is O (indicating no change in the value and hence no
information). Users are expected to unselect the column names that are
targets or irrelevant (e.g., the sample enumeration). In the second panel,
the user must select targets, which can be one or multiple. It’s important
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Fig. 2. Demonstration of “Main page” with (a) features and targets selection and (b) quick analysis of the dataset.
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to note that a parameter cannot simultaneously be a feature and a target.
After the parameter selection, the GUI displays a new data frame con-
taining only the selected parameters, a table for the statistical descrip-
tion (count, mean, min, max, etc. Per column) of the dataset (Fig. 2 b), a
histogram of the selected targets as a function of the samples, and a
button to display a matrix of feature-to-target scatter plots using Seaborn
pair plot function (Fig. 4 a). This latest is optional as it can take a long
time to load.

3.2. Prediction page

The GUI automatically displays a Pearson linear correlation between
the selected parameters on the Prediction page (Fig. 4 b). The Pearson
correlation measures the strength of the linear relationship between two
parameters, with values ranging between —1 and 1. This plot is gener-
ated using the Seaborn Heatmap function. Values above 0.5 and below
—0.5 are displayed to prevent graph overload and enhance readability.
A value of 1 signifies an expected linear relationship between two pa-
rameters, where an increase in one result in an equal rise in the other.
Conversely, a value of —1 indicates an inverse linear relationship, where
an increase in one parameter results in a decrease in the other.

The subsequent section is dedicated to prediction. Users can choose
from various prediction models such as ElasticNet [8], Random-
ForestRegressor [18], or XGBRegressor [10], and cross-validation (CV)
techniques like leave-one-out [29] or k-fold [30] (Fig. 3 a), all accessible
from the Scikit-learn library except for XGBRegressor, which is from the
XGBoost library. ElasticNet is a linear regression model that combines
the lasso and ridge techniques to regularize regression models. It bal-
ances the two regularization types, ensuring a sparse and interpretable
solution. RandomForestRegressor is an ensemble learning method that
aggregates the results of multiple decision tree models. It creates various
decision trees based on bootstrapped training data samples and selects
the average prediction of all the trees, making it difficult to interpret.
XGBRegressor implements gradient boosting, a powerful ML technique

Prediction using RandomForestRegressor versus Observation

Select which target you want to predict (a ) 200
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Submit
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that trains many weak models to work together in a weighted sum to
achieve a more accurate prediction. K-fold and leave-one-out are two
different CV methods. The main difference is how the data is divided
into subsets for training and validation. K-fold CV divides the data into k
equally sized folds and repeats the process k times, while leave-one-out
CV uses all but one data point as the training set and repeats the process
n times, where n is the number of data points in the dataset. Therefore,
users can choose an ML model and CV strategy (Fig. 3 a), and the GUI
will display the prediction after the training is completed. Multiple
graphs are displayed when training an ML model through a given CV
strategy is over. The first graph (Fig. 3 b) shows a target’s predicted
against observed values on test data points only, i.e., data points not seen
during the training for a fair evaluation of prediction performance. This
lets the user visualize the prediction per sample and assess an ML
model’s performance. The data of the predicted values can be down-
loaded in a CSV file. The second graph (Fig. 3 c) represents the gap
between observed and predicted values over the samples. Additionally,
the third graph reports the same list of residuals but over the observed
values (Fig. 3 d). This enables the user to see which samples or range of
target properties are difficult to predict. Finally, the two last graphs air
the feature importance; Fig. 3 e displays the importance score for all
features from the trained ML model. A higher absolute score for a feature
reveals its saliency in predicting the target property. This functionality
can help reduce the number of features (e.g., > 3) by performing a
cut-off on the importance score. However, a feature importance graph
and a subsequent cut-off on features are relevant only if the ML model’s
performance is satisfying, which is at the user’s discretion. Fig. 3 f dis-
plays the partial dependence of the selected target over each feature,
marginalizing the other features. This graph gave us information about
the interaction between the target and the features, which can be
associated with Fig. 3 e to determine which features are prevalent for the
target evolution. Finally, the GUI also allows finding the best prediction
model and CV strategy for a selected target. To do so, it calculates and
finds the minimum value of the mean absolute error (MAE) between
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Fig. 3. “Prediction page” presented in Fig. 1: (a) Prediction model selection, (b) visualization of the prediction, (c) gap between the prediction and observation over
the dataset, (d) gap between the prediction and observation over the observation, (e) features importance representation and (f) partial dependence of the target for

each feature.
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actual target values and their predicted counterpart for each couple of
ML models and the CV strategy at its disposal.

3.3. Bayesian page

The Bayesian page, the third one, involves the preparation and
application of the Bayesian Optimization (BO) algorithm. Initially, the
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user must complete the limit selection part, represented either by a
downloadable CSV file or an editable Dataframe (Fig. 5 a). Both options
contain a Dataframe with five columns and as many rows as there are
selected features. The first column contains the names of all features, the
second and third must be filled with the minimum and maximum values,
and the fourth is for the step between each value. The last column is used
when the parameters can only take specific values, for example, one or
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Fig. 5. “Bayesian page” presented in Fig. 1: Determination of (a) the limits and (b) constraints initialization.
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multiple values that are not evenly separated (e.g., 1,3.4,5.6,13). When
the data frame is completed, the user must either upload the CSV file or
validate the editable data frame. Then, the GUI will display the selection
in another data frame, which will be the space S of possibilities for the
BO.

The user can download the editable data frame after completion,
allowing the user to keep the limits chosen for the next iteration.
Another crucial part of this page is the constraint part (Fig. 5 b); in this
section, the user can instruct the BO algorithm to follow some rules
between different parameters when suggesting new points. For example,
if the goal is to optimize a chemical composition, it must follow stoi-
chiometry so the user can tell that the sum of the column must be equal
to a specific number. In Table 1, Molecule A + Molecule B + Molecule C
must equal 1. In the constraint section, it must be written as x[:,0] + x
[:,11 + x[:,2] = 1, where 0, 1 and 2 correspond to the column’s index. It
is the only part of the GUI where the user must write mathematical
equations.

After the constraint selection, the BO part begins. The user selects
one up to three targets to optimize, selects for each target to minimise or
maximize it and can change the ratio between them (Fig. 6 a). By
default, it is 50-50 (for two targets) or 34-33-33 (for three targets). The
user can choose how many suggestions points are needed (between 1
and 20). It depends on the user’s limitation (resources, time required,
machine availability or capacities ...). When the selection is complete by
clicking a button, it launches the GpyOpt Bayesian optimization. The
GpyOpt parameters selected are Expected Improvement (EI) for the
acquisition type, lbfgs (L-BFGS) for the acquisition type optimizer,
Gaussian Process (GP) for the model type, the domain is the CSV file
about the limits and constraints are the constraints that the user has
entered. The result of the Bayesian optimization will then be displayed
in a data frame and can be downloaded as a CSV file (Fig. 6 b).

The last part of this page is the Bayesian optimization using the
prediction model. In this part, the user can use a prediction model to
initialize the Bayesian optimization (Fig. 6 c¢). The algorithm replaces
the initial data from the dataset with a hundred values generated with
the prediction model. Using the prediction model to initialize the algo-
rithm helps to unbias the dataset. We suggest using this only when the
prediction model is performing well. Otherwise, it is not recommended.

The number of iterations required for optimization can vary
depending on the research subject, the number of parameters, and the
number of new samples per iteration. Typically, 3-4 iterations with
5-10 samples per iteration are performed before reaching the optimum
[12-15], though this can vary based on the specific problem.

4. Illustrative examples

The following illustrations are an example of MADGUI using the data
from a CSV file that is available in the GitHub repository of MADGUL
This dataset was built using data randomly generated using Scikit-
learn’s function sklearn. datasets.make_regression, and data was built in-
house to display some of MADGUI’s functionality. The code used to
create this dataset is also available on the GitHub repository. Figs. 2-6
are screenshots of the GUI and display the different parts of the software
shown in the flowchart in Fig. 1. The goal of those figures is to display
the way to use MADGUI, its user-friendliness and its different
functionalities.

Fig. 2 displays the selection part on the “Main Page”, where the user

Table 1

Example of constraints.
Column 0 Column 1 Column 2 Column 3
Feature A Feature B Feature C Target value
0.5 0.25 0.25 1.33
0.4 0.3 0.3 2.5
0.8 0.15 0.05 2.2
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must determine features and targets and display the selected input with
a quick data analysis.

Fig. 3 demonstrates the prediction page by selecting the prediction
model (ElasticNet, RandomForestRegressor or XGBRegressor) and the
cross-validation method (Leave-One-Out or K-Fold). MADGUI auto-
matically displays several graphs that give information about the fea-
ture’s prediction or importance.

Fig. 4 combines two graphs in the “Main Page” for Fig. 4 a and the
“Prediction Page” for Fig. 4 b. Both charts show the relationship between
each entry of the dataset. Fig. 4 displays a scatter plot of the Seaborn pair
plot correlation, while Fig. 4 b displays numerical values corresponding
to the measures of the linear relationship between two parameters. We
can see the linear correlation between several parameters in these
graphs.

Fig. 5 is the selection of the space S for the Bayesian Optimization by
determining the limits for each feature and the possible correlation be-
tween them via the constraint.

Fig. 6 displays the target selection for the Bayesian optimization; the
user can choose up to 3 targets. After the BO, MADGUI will display a
data frame that can be downloaded—the user also can use Bayesian
Optimization with a prediction model. The difference is the data pro-
vided for initialization of the BO will be generated with the prediction
model.

5. Impact

Overall, the MADGUI has the potential to significantly benefit re-
searchers in various fields due to its user-friendly interface and the
implementation of BO. Using BO allows researchers to explore beyond
their existing knowledge, thus avoiding random points and saving re-
sources. With just a few samples and iterations, optimal experimental
parameters can be efficiently identified [12-15], making it a valuable
tool for those working with companies or laboratories to improve pro-
cesses or compositions. Our team has already applied this software in
collaboration with industrial partners to improve process or composi-
tion. We envision the research community will widely adopt this
powerful yet intuitive GUI to streamline their optimization process.

6. Conclusions

This work introduces MADGUI, a user-friendly and accessible GUI
that leverages Bayesian Optimization (BO) for process, composition, and
performance optimization across various applications. Through the
integration of the Streamlit library, MADGUI bypasses the need for
programming knowledge, allowing researchers, engineers, and data
scientists to implement prediction models and BO seamlessly within
their workflow. This innovation notably reduces the time, resources, and
technical expertise typically required for experiments, making advanced
optimization techniques available to a broader audience.

MADGUI democratizes data analysis and optimization access by of-
fering a comprehensive, no-code platform where users can quickly
navigate data selection, predictive modelling, and parameter optimiza-
tion within a unified framework. BO is at the core of MADGUI, providing
a focused approach to experimental design that minimizes iterative
trials and enhances the efficiency of reaching optimal solutions. This
efficiency makes MADGUI especially valuable in applications that
traditionally require extensive trial-and-error testing, as it facilitates
rapid convergence on improved experimental outcomes.

While MADGUI was initially developed with material science ap-
plications in mind, its flexibility enables use across various scientific
fields, wherever experimental parameters can be optimized. Further-
more, MADGUI's web-based, real-time accessibility positions it as a
versatile tool for collaborative work and broader deployment. Potential
future developments include adding advanced ML algorithms and
alternative optimization methods, such as conformal prediction, to
further expand its scope and application.
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Bayesian Optimisation using the prediction (C)

In this part, the bayesian optimisation will initialise not with your dataset but using values from the

(b)

100

prediction model obtained in the other page. The purpose of this operation is to unbiase the dataset. Itis
recommanded to use this part only if you obtained a good prediction model in the second page, otherwise
do not use this part.

Now let's try to use the prediction you did in the previous page with the bayesian optimisation.
Choose the parameters that have showm better performance in the Prediction Page.
Itworks only if you want to optimise one target
Select which target you want to predict
Target_1 -
Select which method of prediction you want to use
ElasticNet -
Select which method of cross validation you want to use
LeaveOneOut -

Choose how many subsets do you want to use, it has an impact only if you selected K-fold

3 -+

Click below to download the CSV with the proposed data for optimisation.

Submit your selection

Fig. 6. “Bayesian page” presented in Fig. 1: (a) Targets determination, (b) optimization result and (c) Bayesian optimization with prediction model for initialization.

In summary, MADGUI represents a significant advancement in user-
friendly experimental optimization, providing researchers with a tool
that not only accelerates the experimental process but also reduces
associated costs. Its impact on scientific discovery and process
improvement is expected to be substantial, as it brings the advantages of
active learning and Bayesian optimization to a broad user base.
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L-Team/MADGUI/tree/main/MADGUI/Data/Demonstration.
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“MADGUI - Multi-Application Design GUI”, is a software package
meant to provide the user with an intuitive platform to carry on
Bayesian Optimization. Herein, the tool was used in a Macintosh envi-
ronment, but other versions are also available and compatible with

platforms such as Windows.

In regards of the software implementation, the user is guided through
several steps: (i) the data upload, (ii) the prediction and (iii) the
Bayesian optimization.

During the first step, the tool provides a clear explanation of the data
format that must be implemented. More precisely, it details the variable
names which must be used to incorporate the model inputs/features and
outputs. Once selected, the user data is displayed to verify its adequacy,
the user is also able to exclude features deemed not necessary for the
next steps. At the end of this initiation, a quick analysis is performed; it
displays the features distributions details (mean, std) as well as corre-
lation plots.

The prediction is carried on in the second step, where the user is able
to choose the target to predict as well as the prediction and cross vali-
dation methods. Executing the program results in a set of plots dis-
playing the prediction results against the observation points as well as
importance plots highlighting the relationship between the predicted
target and each feature.

Finally, the Bayesian optimization is done in the third and final step.
The user must input the features/targets limits and constraints, if
applicable. Thereafter, the results are displayed in a table, these corre-
spond to each parameter suggested values. Subsequently, said values
would be measured/assessed by the user and the results would be added
to the initial dataset in an iterative process to improve the accuracy of
his estimations.

Appendix A. Supplementary data

Supplementary data to this article can be found online at https://doi.
org/10.1016/j.chemolab.2025.105323.

Data availability

The data used in the article are not real value, just fabricated value
for the use of explanation and to avoid linking the software to a specific
field. The data and the code are accessible on GitHub.
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