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Genetic programming-based automated machine learning (GP-AutoML) auto-
mates machine-learning pipelines through evolutionary search, but its imple-
mentation requires programming knowledge and configuration of multiple soft-
ware components. This study presents a web-based platform that integrates the
tree-based pipeline optimization tool (TPOT) to support GP-AutoML through a
graphical modeling workflow. The platform incorporates conventional machine-
learning modules, GP-AutoML configuration, result visualization, user authen-
tication, and cloud-based storage, supported by a flask backend, scikit-learn,
TPOT, and Firebase services. A comparative evaluation was conducted be-
tween the proposed web-based platform and Google colab Python scripting
using five binary-classification datasets with varying numbers of records, fea-
tures, and class distributions. Testing accuracy, Class 1 precision, recall, F1-
score, and time-to-completion were evaluated under predefined GP parameter
settings. Google colab obtained higher testing accuracy for all datasets. How-
ever, the differences were small, ranging from 0.01 to 0.06. This indicates
comparable predictive performance by the web-based GUI platform. For the
moderately balanced dataset, both environments achieved stronger Class 1 pre-
cision, recall, and F1-score. Although the web-based platform required a longer
time-to-completion for every dataset, the evaluated runs remained practical for
rapid model development. The findings demonstrate the feasibility of deliver-
ing TPOT-based GP-AutoML through an integrated web-based architecture that
supports accessible visual modeling without direct programming or local soft-
ware installation.
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1. INTRODUCTION

Genetic programming-based automated machine learning (GP-AutoML) [[1] automates machine learn-
ing model development through evolutionary optimization [2]]. It automates feature selection, feature engi-
neering, model selection, and hyperparameter optimization, thereby generating candidate machine-learning
pipelines for different datasets and prediction tasks [3]], [4]. Compared with conventional machine learning
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development, GP-AutoML can reduce manual trial-and-error and support the discovery of high-performing
pipelines within complex search spaces [5]. Recent studies have further explored evolutionary approaches for
constructing composite machine-learning pipelines that integrate data-processing and predictive-model compo-
nents [6]. Consequently, GP-AutoML has gained attention in domains requiring adaptive, data-driven predic-
tive analytics. Recent AutoML research further highlights the continuing development of automated pipeline-
design and optimization approaches across different machine learning tasks [7]. Consequently, GP-AutoML
has gained attention in domains that require adaptive and data-driven predictive analytics solutions.

Tree-based pipeline optimization tool (TPOT) [8]] is an open-source Python-based AutoML framework
that uses genetic programming (GP) [9] to evolve machine learning pipelines composed of pre-processing
operators, feature selectors, estimators, and hyperparameter settings. Existing TPOT research has primarily
concentrated for improving the Python-based framework and its evolutionary search process. For example, Le
et al. [10] introduced a feature-set selector to improve TPOT scalability for high-dimensional biomedical data,
while Ribeiro et al. [[11] presented TPOT?2, a graph-based implementation designed to provide a more modular
and extensible representation of scikit-learn pipelines. More recently, Hernandez et al. [12] reviewed TPOT
applications in biomedical research and highlighted its use for GP-based pipeline optimization. These studies
demonstrate the development and application of TPOT through Python programming environments.

Despite the growing adoption of machine learning technologies, many existing rapid machine learning
platforms such as Rapid Miner [13], WEKA [14], and KNIME [[15]], primarily support conventional machine
learning workflows and provide limited direct integration of GP-AutoML. Implementing GP-AutoML in these
environments may require external scripting, manual library configuration, or advanced programming knowl-
edge. Accessibility to GP-AutoML is therefore not merely a user-interface concern. It is also an informatics
issue involving software-environment configuration, computational-resource management, and the deployment
of generated machine learning pipelines. These requirements can limit the practical adoption of evolutionary
AutoML by users who need intelligent modeling capabilities but do not have the expertise or infrastructure
to configure and execute Python-based workflows. More specifically, within the rapid modeling platforms
considered in this study, TPOT-based GP pipeline search is not natively exposed through a web-based guided
configuration workflow. This creates a technical gap between Python-based GP-AutoML libraries and accessi-
ble web-based intelligent modeling systems.

To address this gap, this study develops and describes a web-based platform that integrates GP-
AutoML using the Python TPOT framework. The platform incorporates graphical model configuration, server-
side execution, result visualization, user authentication, and cloud-based storage. The study further evaluates
the platform’s predictive accuracy and execution time against a Google colab Python-scripting environment
using five classification datasets of different sizes. Thus, the study contributes an integrated web-based archi-
tecture for implementing TPOT-based GP-AutoML and a comparative evaluation of its predictive and compu-
tational performance.

2. METHOD
2.1. System architecture

Figure [I] presents the architecture and operational workflow of the proposed web-based GP-AutoML
platform. The front-end layer was developed using HTML, JavaScript, and CSS. Through the front-end inter-
faces, users select the target variable, upload a tabular dataset, specify the GP-AutoML settings, and initiate the
modelling process without directly writing Python scripts.

The flask backend acts as the communication layer between the graphical interface and the machine
learning services [16]. User-defined configuration settings and uploaded data are transmitted from the front
end to the flask application. The backend invokes scikit-learn for conventional machine learning functions and
TPOT for GP-based pipeline search. During GP-AutoML execution, TPOT generates and evaluates candidate
pipelines. The best pipeline and its performance results are returned to the flask backend before being displayed
through the result-visualization module. Firebase authentication [[17] is used to manage user sign-in and access
to the platform. The architecture separates the presentation, application, machine learning, and cloud-service
layers, to allow the GP-AutoML engine to be updated independently from the graphical interface. To reduce
risks associated with dataset upload, the platform should restrict accepted file formats, and limit access to
authenticated users.
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Figure 1. System architecture

2.2. Genetic programming-based automated machine learning execution workflow

Figure [2] illustrates the GP-AutoML execution workflow of the proposed web-based platform. The
user-defined TPOT parameters include the population size, number of generations, crossover rate, mutation
rate, folds number for cross-validation, and random seed. TPOT represents each candidate solution as a tree-
based machine learning pipeline that may consist of pre-processing operators, feature-selection methods, clas-
sifiers, and hyperparameter configurations [4]], [18]. The GP search begins by generating an initial population
of candidate pipelines. Each candidate pipeline is evaluated using a two-objective fitness function. The first ob-
jective is to maximize cross-validated predictive accuracy, whereas the second objective is to minimize pipeline
complexity, measured by the total number of operators in the pipeline. The GP search evolves a population
of candidate machine-learning pipelines. Population size determines the number of candidate solutions evalu-
ated in each generation, while crossover and mutation generate new pipeline configurations for further explo-
ration [[L1]. TPOT applies the non-dominated sorting genetic algorithm II (NSGA-II) to select non-dominated
pipelines that provide a balance between high predictive performance and low structural complexity [12], [19].
The selected pipelines then generate new offspring through one-point crossover. When an offspring is selected
for mutation, TPOT randomly applies one of its standard mutation operators (point, insert, or shrink). The
cycle for evaluation, selection and variation is repeated until the predefined number of generations is reached.
Finally, the best pipeline from the Pareto front is selected and presented through the graphical interface.

Upload data and Stratified Set: population, generations, crossover, and mutation
select target 70:30 data split Five-fold CV, seed, and accuracy scoring

TPOT genetic-programming cycle (repeat for five generations)

Generate candidate Evaluate cross-validated NSGA-II Subtree crossover;
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Select final Pareto pipeline; report testing metrics and time-to-completion

Figure 2. GP-AutoML execution workflow implemented through the proposed TPOT-based web platform

2.3. Datasets for evaluation
The datasets used in this study comprise both small and large size datasets with different rows and
features. While dataset size alone is not the sole determinant of machine learning performance, variations in
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dataset scale provide valuable insight into the GP-AutoML performances across different execution contexts.
An overview of the datasets employed in the evaluation is provided in Table I}

Table 1. Characteristics and sources of the evaluation datasets

Dataset Records Features Target variable Class distribution Source
ESG 722 13 ESG level (1/0) Class 1: 62.47%; Class 0: 37.53% Kaggle
Student performance 2,391 14 Student-grade (1/0) Class 1: 15.72%; Class 0: 84.28% Kaggle
Bank marketing 4,119 20 Term-deposit subscription (1/0) Class 1: 10.95%; Class 0: 89.05% UCI

Telco customer churn 7,043 20 Customer churn (1/0) Class 1: 26.54%; Class 0: 73.46% Kaggle
Diabetes 101,766 50 Readmission (1/0) Class 1: 11.16%; Class 0: 88.84% Kaggle

Note: Class 1 denotes the outcome of interest and Class 0 denotes the alternative outcome.

Previous studies indicate that dataset scale and feature dimensionality can affect GP-AutoML perfor-
mance. As the number of records increases, each candidate pipeline requires more time for repeated training
and evaluation. Feature dimensionality may further increase the search cost and introduce irrelevant variables
that affect predictive performance [20]], [21]. Accordingly, five publicly available binary-classification datasets
were selected to provide variation in dataset scale, feature dimensionality, and class distribution, as summa-
rized in Table[I] The datasets are arranged in ascending order of record count, ranging from 722 to 101,766
records and from 13 to 50 features. The selection intentionally includes four datasets with class distributions
skewed towards Class 0 namely Student Performance, Bank Marketing, Telco Customer Churn, and Diabetes.
In these datasets, Class 1, which denotes the outcome of interest, represents between 10.95% and 26.54% of
observations. ESG was included as a contrasting dataset with a moderate class distribution in which Class 1 is
the majority (62.47%). Therefore, accuracy is reported together with Class 1 precision, recall, and F1-score to
assess positive-class detection under different class-distribution conditions.

2.4. Experimental configuration and parameter settings

All experiments used a stratified 7:30 training-test split and 5-fold cross-validation on the training
partition. The stratified sampling procedure is particularly important for datasets with imbalanced class distri-
butions [22]. The held-out test partition was used to report the final predictive accuracy. Each configuration
was executed independently three times because TPOT uses stochastic evolutionary operations. Table [2] that
lists the experimental configuration.

Table 2. Experimental configuration of the TPOT-based GP-AutoML evaluation
Item Setting
Data partition and validation ~ 70:30 training—test split; five-fold CV on training data
TPOT and Python versions TPOT 0.12.1; Python 3.12

GP configuration Population size: 20; generations: 5; crossover and mutation rates: 0.5
Evaluation settings Classification accuracy; random seed: 42; three independent runs per configuration
Web-platform hardware Lenovo Yoga 7i notebook with 16 GB RAM

3.  RESULTS AND DISCUSSION

Table [3] presents the predictive and computational performance of TPOT-based GP-AutoML on the
held-out testing datasets across the two execution environments. In addition to accuracy, precision, recall,
and F1-score are reported for Class 1, which represents the positive outcome defined for each dataset [23].
Reporting Class 1 metrics is important because accuracy alone may be misleading when the dataset classes are
imbalanced, particularly for majority of the datasets excluding ESG. These measures indicate how effectively
the selected pipeline identifies positive cases while accounting for false-positive and false-negative predictions.

Overall, Google colab obtained higher accuracy than the web-based GUI for all datasets. The accuracy
differences range from 0.01 to 0.06, that shows the two environments produced broadly comparable predictive
accuracy under the evaluated TPOT configuration. Although the web-based GUI provides GP-AutoML exe-
cution through graphical configuration rather than direct Python scripting, it achieved accuracy values close
to those obtained in Google colab across all tested datasets. Additionally, the Class 1 metrics provide a more
detailed assessment than overall accuracy. With the exception of ESG, the selected datasets are skewed towards
Class 0. Therefore, accuracy alone may not adequately reflect the ability to identify the outcome of interest.
Student Performance, Bank Marketing, and Diabetes produced relatively low Class 1 recall and F1-scores in
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both environments. Telco Customer Churn, which has a higher Class 1 proportion than the other Class 0-
skewed datasets, showed stronger positive-class detection in both environments, particularly in Google colab.
In contrast, ESG has a Class 1 majority (62.47%) and a lower Class O proportion (37.53%). The results on ESG
dataset produced higher Class 1 precision, recall, and F1-scores in both environments. This pattern suggests
that class distribution may influence GP-AutoML predictive performance. However, other dataset character-
istics and the specified TPOT configuration may also contribute to the observed results. Across the evaluated
population sizes (10-50), predictive accuracy remained largely stable for most datasets. Increasing the popula-
tion size did not produce a consistent improvement in testing accuracy under the specified five-generation TPOT
configuration, whereas larger populations increased the time-to-completion because more candidate pipelines
had to be evaluated. Therefore, a population size of 20 was retained for the cross-environment comparison
because it provided competitive accuracy while limiting computational cost.

Table 3. Predictive and computational performance of TPOT-based GP-AutoML on the held-out testing
datasets across execution environments (population size=20)

Dataset Platform Accuracy Precisiony Recally F1-score TTC (s)
ESG Google colab [0.714+0.08] [0.68 + 0.08] [0.66 + 0.09] [0.67 + 0.08] [82 £ 0.1]
Web-Based GUI  [0.69 4+ 0.09] [0.59 4+ 0.09] [0.62 + 0.09] [0.60 + 0.09] [90 £ 0.2]
Student Google colab [0.91 £0.08] [0.48 £0.08] [0.32£0.09] [0.38 £ 0.09] [136.54 £ 0.6]
performance Web-Based GUI  0.89 + 0.09] [0.40 4+ 0.07] [0.29 + 0.08] [0.34 &+ 0.08] [291.33 £ 0.6]
Bank Google colab [0.89 + 0.09] [0.49 + 0.07] [0.33 +0.08] [0.39 %+ 0.08] [274.19 £ 0.7]
marketing Web-Based GUI  [0.83 +0.08] 0.45 +0.08] [0.31 +0.07] [0.37 & 0.08] [345.28 £ 0.5]
Telco customer  Google colab [0.81 £ 0.09] [0.51 & 0.09] [0.65 4 0.08] [0.57 & 0.08] [285.55 £+ 7.8]
churn Web-Based GUI  [0.80 4+ 0.08] [0.49 +0.07] [0.48 4+ 0,08] [0.48 £ 0.09] [468.25 4+ 6.4]
Diabetes Google colab [0.62 £ 0.08] [0.28 £0.08] [0.23 £0.08] [0.25 £ 0.09] [1534.78 +2.0]
Web-Based GUI  [0.59 4+ 0.09] [0.21 4+ 0.09] [0.19 + 0.09] [0.20 % 0.09] [3816.97 4+ 5.3]

Note: accuracy, precisiony, recall, and F1-score; were calculated using the held-out testing dataset. Values are reported as mean =+
standard deviation across three repeated runs. Precisiony, recally, and Fl-score refer to Class 1. TTC denotes time-to-completion.

The web-based GUI required a higher TTC than Google colab for every dataset. The difference was
small for ESG (90.00 s versus 82.00 s) but became more substantial for the larger datasets. For Diabetes,
Google colab required 1534.78 s (25.58 min), while the web-based GUI required 3816.97 s (63.62 min). These
results show that TTC increased with the evaluated dataset scale and was consistently higher in the web-based
GUI environment. However, the evaluated runs were completed within a practical time range for batch model-
development and exploratory analysis tasks. Additional advantages for the novice users, the modeling involves
no single programming codes or local software installation. The longer TTC in the web-based GUI environment
may be associated with additional request handling, data-transfer, and application-processing steps. Distributed
web and serverless architectures may introduce communication, initialization, and execution overheads [24]].
In contrast, Google colab executes the Python workflow directly within its hosted notebook environment [25].

4. CONCLUSION

This study developed a web-based GP-AutoML platform that integrates TPOT pipeline optimization
through GUIs. The platform enables users to do machine learning modeling including GP-AutoML without
directly writing Python codes. Its performance was evaluated against a Google colab Python-scripting en-
vironment using five public binary-classification datasets with different sizes, feature dimensions, and class
distributions. The results indicates that the web-based GUI achieved predictive performance comparable to
direct Python scripting under the evaluated TPOT configuration. The web-based GUI consistently required
a longer time-to-completion than Google colab, and this difference increased for larger datasets. Neverthe-
less, the evaluated runs were completed within a practical time range. Therefore, the platform is suitable for
users who prioritize accessible visual configuration and are able to accommodate a longer execution period,
rather than applications requiring immediate model results.This study was limited to five binary-classification
datasets, a fixed five-generation TPOT configuration, and the evaluated Google colab and web-server com-
puting resources. The TTC findings should therefore not be interpreted as a controlled hardware benchmark.
Broader measures, including ROC-AUC, memory use, energy consumption, usability evaluation, and detailed
implementation-feature comparisons, were outside the scope of this study. Future work should evaluate the
platform using controlled equivalent computing resources, larger and more diverse datasets, additional predic-
tive and resource-consumption measures, and class-imbalance handling techniques. Usability evaluation with

Genetic programming automated machine learning: architecture and performance ... (Suraya Masrom)



4448 O ISSN: 2302-9285

intended users and the release of reproducible implementation artefacts may further strengthen the practical
value of the web-based GP-AutoML platform.
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