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Abstract

Among various methods available for fabricating nanofibrous scaffolds used in tissue engineering, the electrospinning
process stands out due to its simplicity, versatility, and scalability. However, this process encounters considerable chal-
lenges due to the complex, non-linear interactions among various electrospinning experimental parameters. Recently,
machine learning (ML) has shown substantial promise in predictive modeling across various fields, indicating its poten-
tial to streamline the electrospinning process by predicting fiber diameter of electrospun nanofibrous scaffolds. To further
enhance control over fiber diameter, a genetic algorithm (GA) was integrated into the ML model, forming an ML-GA
integration developed to identify optimal combinations of electrospinning experimental parameters necessary to achieve
user-defined target fiber diameters. This study explores the capability of ML to expedite the electrospinning process by
accurately predicting the fiber diameter of polyvinyl alcohol (PVA) nanofibrous scaffolds. To accomplish this, a dataset
was compiled consisting of 397 data points extracted from 30 scientific publications, including various electrospinning
experimental parameters and their corresponding scaffold fiber diameters. The performance of various ML models was
evaluated using the coefficient of determination (R?) score and root mean square error (RMSE). Among the evaluated
ML models, extreme gradient boosting (XGB) and light gradient boosting machine (LGBM) exhibited the highest predic-
tive performance. Specifically, the XGB model achieved an R? score of 0.94 and an RMSE of 79.89 nm on the testing
dataset. Based on these results, an XGB-GA integration was developed, in which GA utilized the trained XGB model to
identify optimal experimental parameter sets for target fiber diameters ranging from 100 nm to 1,000 nm, demonstrat-
ing robust optimization capability and reducing the necessity for extensive experimental trial-and-error. These findings
highlight the potential of combining data-driven predictive modeling with evolutionary optimization through ML-GA
integration, enabling intelligent fabrication of nanofibrous scaffolds with precisely tailored characteristics for tissue
engineering applications.

Keywords Electrospinning - Nanofibrous scaffolds - Tissue engineering - Machine learning - Genetic algorithms -
Process optimization - Computational nanotechnology

1 Introduction

Tissue engineering is a multidisciplinary field integrating
principles from engineering and life sciences to develop
organs and alternatives for repairing, maintaining, or
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improving tissue function [1-3]. In this context, nanofi-
brous scaffolds play a critical role by providing an optimal
environment for essential cellular activities. These scaf-
folds facilitate cell migration, adhesion, and proliferation,
enabling cells to synthesize extracellular matrix (ECM)
components of the targeted tissues [4]. By closely mim-
icking the native tissue structure, nanofibrous scaffolds
significantly contribute to the development of functional
tissue constructs in regenerative medicine. Over the past
few decades, various materials, including polymers, metals,
and ceramics, have been utilized for fabricating nanofibrous
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scaffolds that exhibit desirable microstructural, morphologi-
cal, and bioactive properties essential for tissue engineer-
ing [5-8]. Several fabrication methods have been explored
to achieve these characteristics. Among these methods, the
electrospinning process has emerged as one of the most
promising methods due to its distinctive features, ease of
implementation, and versatility [9-11]. This process lever-
ages electrostatic forces to generate a charged liquid jet
from a polymer solution ejected through a spinneret. Dur-
ing its travel toward a grounded collector, the jet solidifies,
forming nanofibers deposited onto the grounded collector’s
surface [12].

The electrospinning process operates under gentle con-
ditions, eliminating the necessity for high temperatures or
pressures throughout the process. This advantage is partic-
ularly beneficial in tissue engineering applications, which
often require incorporating sensitive biological materials
[13-15]. By using gentle fabrication conditions, the elec-
trospinning process preserves the integrity and functionality
of these sensitive biological materials, making it an ideal
approach for fabricating nanofibrous scaffolds supporting
cell growth and tissue regeneration. Electrospun nanofi-
brous scaffolds also provide an optimal surface for cell
attachment, attributed to their high surface area-to-volume
ratio, substantial porosity, and nano-topographical features
closely resembling the ECM [16]. Such characteristics are
crucial for facilitating cellular interactions, promoting tissue
formation, and ensuring appropriate functionality. Further-
more, controlling nanofibrous scaffold diameter is essential
in cardiac, neural, and muscle tissue engineering applica-
tions, directly impacting cellular responses [17-19].

A study was conducted to examine how fiber diameter
influenced chondrocyte behavior, specifically cell spread-
ing, proliferation, and differentiation on electrospun chito-
san scaffolds. They identified a direct relationship between
scaffold fiber diameter and gene expression activation.
Their findings emphasize the critical role of fiber diameter
in modulating cellular responses, highlighting its impor-
tance in scaffold design and optimization [20]. Similarly,
Chen et al. [21] explored the relationship between fiber
diameter and the adhesion and proliferation conditioning
of NIH 3T3 fibroblast cells, concluding that scaffolds with
smaller fiber diameters provided a more favorable environ-
ment for cell attachment and proliferation. Another study
revealed that the fiber diameters of electrospun silk fibroin
scaffold significantly influenced the proliferation and gene
expression of primary human dermal fibroblasts. Specifi-
cally, fibers ranging from 250 to 300 nm notably enhanced
cellular activities, while larger fibers exhibited diminished
cell attachment and proliferation [22]. Beyond fiber diam-
eter optimization, several studies have also incorporated
various nanoparticles into electrospun nanofibrous scaffolds
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to assess their influence on fiber size, morphology, and cel-
lular behavior [23-26].

Many studies have investigated how different electros-
pinning experimental parameters influence fiber properties
and fiber diameter [27-31]. Specifically, process parameters
such as flow rate, applied voltage, and tip-to-collector dis-
tance, along with solution parameters, including polymer
concentration, molecular weight, viscosity, and conductiv-
ity, considerably affect the fiber diameter of electrospun
nanofibrous scaffolds. Hence, a thorough and systematic
understanding of these experimental parameters, along with
their complex interactions, is essential for achieving precise
control over the fiber diameter of electrospun nanofibrous
scaffolds. Such control is critical for improving the elec-
trospinning process and tailoring the morphological and
structural properties of the resulting nanofibrous scaffolds
to meet the requirements of tissue engineering applications
[32]. As the number of experimental parameters increases,
the potential combinations expand exponentially, making
systematic optimization extremely difficult [33].

Traditionally, determining electrospinning parameters
has been guided primarily by prior experimental knowledge
and has predominantly relied on a trial-and-error method-
ology, which is costly, resource-intensive, time-consuming,
and inefficient for industrial production. Furthermore, the
conventional one-factor-at-a-time (OFAT) methodology,
in which a single parameter is altered while others remain
constant, oversimplifies the electrospinning process. This
methodology overlooks the nonlinear interactions that exist
among all experimental parameters [34]. As a result, the
OFAT approach is often inadequate in addressing the com-
plex interdependencies governing fiber formation, thereby
limiting its ability to achieve accurate and reproducible con-
trol over fiber diameter [35].

In addition, scientists and researchers have explored the
use of statistical methodologies, particularly response sur-
face methodology (RSM). RSM represents a collection of
mathematical and statistical tools specifically designed to
model, analyze, and optimize complex processes in which
multiple independent variables influence a target response.
RSM provides a structured approach for understanding the
relationships between input parameters and the resulting
material characteristics [36]. Yordem et al. [37] employed
RSM to optimize electrospinning conditions for polyacry-
lonitrile (PAN) nanofibers, demonstrating that polymer con-
centration had a more dominant influence on fiber diameter
compared to applied voltage or flow rate. Similarly, Matu-
levicius et al. [38] utilized a central composite design, a type
of RSM, to examine the combined effects of solvent sys-
tems, applied voltage, and the tip-to-collector distance on
the fiber diameter of polyamide-6 (PA6) and polyamide-6,6
(PA6-6) nanofibers.
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Although such statistical methodologies provide valuable
insights within defined experimental ranges, their effective-
ness is constrained by the requirement for extensive physi-
cal experimentation, which increases cost and time and may
not generalize well, particularly when applied across vari-
ous polymer-solvent systems [39]. Furthermore, accurately
characterizing fabricated nanofibrous scaffolds, particularly
their nano- to microscale fiber diameter, requires consider-
able time, resources, and meticulous experimental effort.
Therefore, there is a pressing need for the development of
advanced predictive methodologies that can facilitate real-
time prediction and control of fiber diameter in electrospun
nanofibrous scaffolds based on experimental parameters
[40]. Developing such predictive methodologies would
expedite the overall fabrication process and enable accurate
prediction of the fiber diameter based on input experimental
parameters. In addition, these methodologies would support
the optimization of electrospinning experimental param-
eters to achieve target fiber diameters and structural charac-
teristics, ensuring more efficient, accurate, and reproducible
outcomes for tissue engineering applications.

The emergence of machine learning (ML), a specialized
subset of artificial intelligence (Al), has introduced a wide
range of powerful algorithms capable of accurately predict-
ing responses based on various input variables. This devel-
opment potentially shifts the paradigm from traditional
physical modeling to advanced data-driven modeling [41].
Once an ML model has been trained and validated effec-
tively, it can generate predictions with high speed and preci-
sion, often within seconds, based on diverse sets of input
experimental parameters. Using ML enables scientists and
researchers to reduce time, cost, and material resources.
Compared to traditional statistical and computational meth-
ods, ML demonstrates numerous benefits, particularly its
ability to handle high-dimensional datasets, process exten-
sive data volumes, and accommodate various data formats
such as numerical, textual, and visual data. Furthermore,
several ML models typically operate at remarkable compu-
tational speeds, minimizing the need for high-end computa-
tional infrastructure [42-45].

ML models are generally categorized into two primary
types: supervised learning and unsupervised learning. In
supervised learning, an input data sample is associated
with corresponding output values. The primary objective
of supervised learning is to construct predictive models
capable of accurately determining patterns and relation-
ships between inputs and labeled outputs. Accordingly,
supervised learning aims to identify a mapping function
relating input variables to known output values through
training on labeled datasets [46, 47]. Widely used super-
vised learning models include decision trees, support vector
machines (SVM), k-nearest neighbors (kNN), and ensemble

ML models [48]. In contrast, unsupervised learning oper-
ates without predefined output labels. These models focus
on identifying inherent patterns, relationships, or structures
within the input data sample. Typical tasks in unsupervised
learning involve clustering or grouping similar data points
based on shared features, which are particularly useful in
applications such as data segmentation and anomaly detec-
tion [49].

The integration of ML into materials science and nano-
technology represents a transformative advancement, shift-
ing from the traditional reliance on resource-intensive,
time-consuming trial-and-error experimentation to more
intelligent, data-driven approaches for process optimization
[50, 51]. Although ML has already achieved notable success
and widespread adoption in various fields such as autono-
mous driving, facial recognition, and medical diagnostics,
its potential for revolutionizing fabrication technologies,
particularly in advanced manufacturing processes, remains
underexplored. Within the manufacturing sector, ML has
been applied to predict the properties of additively manu-
factured products, highlighting its transformative potential
to reform fabrication workflows and accelerate process
innovation [52-56]. However, the adoption of ML in the
context of electrospun scaffold fabrication for biomedical
applications remains limited. Only a handful of studies have
explored this direction. For instance, Sujeeun et al. [57]
integrated physicochemical characterization data of electro-
spun scaffolds with in vitro cell culture data, demonstrat-
ing the feasibility of engaging ML to discover correlations
between scaffold properties and biological performance.
Using ML models, they predicted in vivo outcomes based
on their combined datasets. The authors employed six ML
models to predict cellular viability measured via MTT
assays, with random forest (RF) emerging as the most
accurate model, achieving 62.74% accuracy. Conversely,
decision trees yielded the lowest accuracy at 53.91%. Simi-
larly, Entekhabi et al. [58] applied artificial neural networks
(ANNSs) and kernel ridge regression (KRR) to predict the
degradation rate of genipin cross-linked gelatin scaffolds,
incorporating mechanical properties, pore size, degree of
cross-linking, and swelling behavior as input parameters.
ANN demonstrated ideal predictive performance, achieving
a mean square error (MSE) of 2.68%, compared to KRR’s
4.78%, indicating ANN’s higher accuracy for predicting
scaffold degradation rates.

Generally, developing an ML model tailored to solve a
specific problem involves a structured four-stage workflow.
The first stage involves identifying the input features and
the desired output labels through an in-depth evaluation of
both input and output domains. In the second stage, a data-
set containing relevant information related to the identified
input features and output labels is assembled. This dataset
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serves as the basis for training and testing the ML model.
At this point, irrelevant or redundant data must be carefully
eliminated from the dataset to ensure accuracy, reliabil-
ity, and meaningful interpretation of the model’s predic-
tions [59]. The third stage entails selecting an appropriate
ML model capable of effectively learning from the curated
dataset. Choosing the appropriate ML model requires care-
ful consideration of both its type and complexity, as these
factors significantly impact overall model performance and
accuracy [60]. It should be noted that identifying the most
suitable ML model prior to training can be challenging and
typically involves evaluating multiple candidate models.
Each candidate model is fitted to the curated dataset and
subsequently assessed based on performance metrics to
determine which offers the best predictive accuracy [61].
The final stage involves rigorous evaluation of the selected
best-performing ML model to ensure its capacity to deliver
reliable predictions on new, unseen data. This validation
typically employs a test set split from the original dataset,
thereby accurately assessing the model’s predictive capabil-
ity and generalizability [62—65].

As previously discussed, the fiber diameter of electro-
spun nanofibrous scaffolds is critically essential for tis-
sue engineering applications, as precise control over this
property directly influences scaffold performance [66].
Despite this importance, relatively few studies have explic-
itly focused on predicting the fiber diameter of electrospun
nanofibrous scaffolds through ML-based approaches utiliz-
ing electrospinning experimental parameters and solution
properties [67-69]. Several notable ML models used in pre-
vious studies to predict electrospinning outcomes, including
ANN, support vector regression (SVR), and random for-
ests (RF) [70, 71]. Among these, ANN has emerged as the
most widely utilized due to its exceptional ability to model
highly non-linear and complex relationships, as well as its
adaptability in processing various types of data. Nasouri et
al. [72] developed an ANN model to predict the diameter
of electrospun PAN nanofibers, incorporating four critical
experimental parameters: polymer concentration, applied
voltage, flow rate, and tip-to-collector distance. Similarly,
Khatti et al. [73] employed an ANN model to predict the
fiber diameter of polycaprolactone (PCL) nanofibers, identi-
fying polymer concentration and flow rate as the most influ-
ential determinants of fiber morphology.

Despite the studies conducted to date, the application
of ML in the electrospinning process is still at a relatively
early stage of development. These existing studies are lim-
ited by very small datasets, often containing fewer than 50
data points. Such limited data introduces significant chal-
lenges, including class imbalance, model overfitting, and
underfitting, which reduce the robustness, accuracy, and
generalizability of predictive models. Numerous studies
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have highlighted the complications associated with small
datasets. Furthermore, several past studies have focused on
constructing pre-trained ML models specifically tailored
to narrow sets of electrospinning parameters, generally
constrained to the experimental conditions on which they
were initially trained. Therefore, developing an ML model
trained on an extensive dataset to accurately predict the
fiber diameter of electrospun nanofibrous scaffolds remains
an essential and unexplored research area. A more reliable
predictive ML model would significantly reduce fabrication
costs and experiment time while also supporting optimizing
experimental parameters to ensure the consistent fabrication
of high-quality electrospun nanofibrous scaffolds.

In several medical research studies, ML models have been
effectively developed using data extracted from existing
scientific publications. This approach enables scientists and
researchers to bypass the need for extensive experimental
setups while capturing the diversity of experimental designs
and outcomes [74—77]. Utilizing data extracted from exist-
ing scientific publications across numerous research groups
presents substantial advantages for advancing ML applica-
tions in related fields. Such an approach not only mitigates
the risk of experimental bias but also enhances the gener-
alizability of ML models. This enables their applicability
across a range of conditions and achieves a level of pre-
dictive precision and operational efficiency that surpasses
traditional empirical or statistical approaches. Furthermore,
these ML models provide scientists and researchers with the
flexibility to predict target properties by effectively model-
ing the complex relationships between input features and
output responses, thereby eliminating the need for costly
simulations or labor-intensive experimental trials.

Beyond predictive modeling, ML models can be inte-
grated with evolutionary algorithms to refine further the
electrospinning process for obtaining the desired target
fiber diameters. The genetic algorithm (GA) is an effec-
tive optimization method that can be combined with ML
models to optimize experimental parameters. GA is an evo-
lutionary algorithm inspired by principles of natural selec-
tion and genetics, and it has proven helpful in addressing
complex optimization problems in experimental design
[78]. This algorithm mimics biological evolution processes
through bio-inspired operators, enabling efficient discovery
of high-quality optimal solutions in scenarios where tradi-
tional methods may encounter limitations. GA operates by
evolving a population of potential solutions over successive
generations, using evolutionary operators such as mutation,
crossover, and selection to progressively improve the qual-
ity of optimal solutions. The primary objective is to select
the fittest individuals from each generation, with fitness
defined by how effectively a particular solution addresses
the targeted problem. Individuals with the most robust
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fitness are likely to be selected for reproduction, ensuring
that advantageous traits are propagated and refined in sub-
sequent generations. Through this iterative selection and
reproduction process, GA efficiently converges toward the
optimal solution [79].

In the context of electrospinning research, both ML and
GA have been explored independently, either to predict fiber
properties or to optimize experimental parameters. How-
ever, to the best of our knowledge, the present study is the
first to establish an ML-GA integration, in which an ML-
based predictive model is trained on a large-scale, literature-
derived electrospinning dataset with a GA-driven inverse
parameter optimization. GA is particularly well-suited for
complex electrospinning problems, as it can efficiently
navigate large and high-dimensional parameter spaces to
identify optimal experimental parameters without the need
for comprehensive experimental exploration. A notable
strength of GA is its ability to avoid local minima and con-
verge toward globally optimal solutions in non-linear, mul-
timodal optimization problems [80, 81]. Only a few studies
have demonstrated the effectiveness of GA in the electros-
pinning process. For instance, Zeraati et al. [82] combined
an ANN model with a GA to optimize the electrospinning
experimental parameters for PA6-6 nanofibers. Their inte-
grated approach identified optimal settings, including a
polymer concentration of 16 wt%, an applied voltage of 26
kV, and a tip-to-collector distance of 18 cm to achieve the
targeted fiber diameter of 55.8 nm. Similarly, Mohammadi
et al. [83] employed a GA-based approach to optimize the
electrospinning experimental parameters for PSU nano-
fibers, achieving a significant reduction in fiber diameter
by efficiently identifying optimal parameter combinations.
While existing studies highlight the limited exploration of
ML-GA integration in electrospinning, these efforts are fur-
ther constrained by small datasets and demonstrate limited
generalizability across various polymer-solvent systems and
material platforms.

In this study, we address these limitations by introduc-
ing a novel ML-GA integration that combines a predictive
ML model with a GA-based optimization mechanism. This
integration establishes a robust and systematic workflow
capable of both predicting fiber diameters and efficiently
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optimizing experimental parameters in the electrospinning
process. ML models can predict fiber diameters based on a
given set of experimental parameters, effectively narrowing
down the solution space of possible fiber diameters [84].
Subsequently, GA refines this narrowed solution space by
identifying the optimal combination of experimental param-
eters required to achieve a desired target fiber diameter. This
integrated approach significantly reduces dependency on
trial-and-error experimentation over nanofibrous scaffold
fabrication. Consequently, it also substantially decreases
associated costs and resource consumption.

The primary objective of this study was to develop a pre-
dictive ML model to accelerate the electrospinning process,
which was achieved by accurately predicting the fiber diam-
eter of PVA nanofibrous scaffolds using a large-scale dataset
comprising approximately 397 data points extracted from
30 scientific publications. The dataset integrates a range of
experimental parameters known to influence fiber morphol-
ogy, including polymer concentration, polymer molecular
weight, flow rate, tip-to-collector distance, and applied
voltage. We trained and systematically evaluated eight dif-
ferent ML models to assess their predictive capability for
fiber diameter prediction. The best-performing model was
then integrated with GA to serve as the objective function
to identify optimal electrospinning experimental param-
eters corresponding to user-defined target fiber diameters.
The resulting ML-GA integration functions as a surrogate-
based inverse design tool, capable of efficiently navigating
complex, high-dimensional, and nonlinear parameter spaces
without the need for additional physical experimentation.

By combining the predictive capabilities of the ML model
with the optimization strength of the GA, this study intro-
duces a comprehensive ML-GA integration for accurately
predicting and improving precision control over fiber diam-
eter during the fabrication of electrospun nanofibrous scaf-
folds. Figure 1 illustrates the overall workflow of the study,
beginning with training the predictive model to predict fiber
diameters from experimental parameters, followed by GA
optimization to identify the optimal experimental parameter
set required to achieve the target fiber diameter. The final step
involves validating the optimized experimental parameters,
obtained from the target fiber diameter through GA, against
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Fig. 1 Workflow for developing the predictive machine learning model and optimizing electrospinning experimental parameters
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the best-performing ML model predictions to ensure align-
ment between the target and predicted fiber diameters. This
integrated approach should reduce dependence on trial-and-
error experiments, enabling the fabrication of nanofibrous
scaffolds with tailored properties suitable for tissue engi-
neering applications. The significance of this study falls in
its contribution to advancing a broader methodological shift
in nanomanufacturing. By uniting predictive modeling and
optimization within a single ML-GA integration, this study
establishes a scalable and adaptable strategy for achieving
precision in nanofiber fabrication. Beyond its direct appli-
cation to electrospinning, the proposed ML-GA integration
offers a generalizable template for applying ML with evo-
lutionary algorithms in other complex manufacturing fields
where conventional theoretical models are inadequate or
incomplete. This advancement opens new opportunities for
data-driven innovation in advanced materials engineering.

2 Dataset and methods
2.1 Dataset Preparation

To construct a comprehensive dataset for predicting the
fiber diameter of electrospun nanofibrous scaffolds, relevant
data points were systematically extracted from 30 scientific
publications in the fields of materials science, nanotech-
nology, and applied engineering. Specifically, this study
selected relevant scientific research articles published after
2005, ensuring the latest experimental data were included.
A total of 397 data points were curated primarily from tables
and scanning electron microscopy (SEM) images, which
all studies using PVA polymer dissolved in distilled water
[85-114]. PVA and distilled water were specifically chosen
because of their significant relevance in exploring relation-
ships between electrospinning experimental parameters and
the resultant physical properties of nanofibrous scaffolds to
tissue engineering application. PVA is known for its biode-
gradability, biocompatibility, and its inherent ability to form
highly porous fibrous structures through electrospinning
[115]. The curated dataset in this study contains five critical
experimental parameters (input features) and one primary
output label. These five experimental parameters, including
polymer concentration, polymer molecular weight, solu-
tion flow rate, applied voltage, and tip-to-collector distance,
were selected based on their prevalence and significance
in previous electrospinning studies. The fiber diameter of
the electrospun nanofibrous scaffold served as the single
output label in this dataset. During data collection, particu-
lar instances of missing values were identified within the
curated dataset. To evaluate the overall completeness of the
data, the proportion of missing entries was quantified across
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all experimental parameters in the dataset. Among these, the
flow rate demonstrated the highest rate of missingness, at
approximately 2.7% of the total values, followed by applied
voltage at 1.1% and the tip-to-collector distance at 0.5%.
The remaining features were fully available. These missing
data points were initially labeled as “Not a Number” (NaN)
and subsequently addressed during the preprocessing.

2.2 Data preprocessing

During data preprocessing, the initial focus was to address
the missing data points within the dataset. As mentioned
previously, some data points extracted from the selected
scientific research articles were incomplete, and these miss-
ing entries were marked as “NaN.” Five distinct imputation
methods were evaluated to determine this, including sim-
ple imputer (mean and median strategies), KNN imputer,
and iterative imputer with random forest (RF) and gradient
boosting regressor (GBR) estimators. The simple imputer
is the most straightforward imputation method, filling in
missing data points using statistical measures like the mean
or median of the available feature data points. The KNN
imputer, based on the KNN algorithm, estimates missing
data points by calculating the mean value of the nearest “k”
neighbors, thus providing contextually relevant estimates.
Alternatively, the iterative imputer operates as a meta-esti-
mator and uses regression algorithms to predict missing
data points iteratively. In this study, RF and GBR were cho-
sen as estimators due to their capability to handle complex
nonlinear relationships effectively.

Each imputation method was assessed for accuracy and
robustness in minimizing error. Ultimately, the method that
demonstrated the highest accuracy in imputing missing
data points was selected to finalize the dataset. Upon com-
pleting the imputation step, the dataset was free of missing
data points, making it ready for the subsequent standard-
ization step. Standardizing the input features is essential
to ensure each feature contributes equally to the model
training process, which is crucial for models sensitive to
feature scales. Standardization was carried out using Stan-
dardScaler from the scikit-learn library. This method trans-
forms each feature by subtracting its mean and dividing it
by its standard deviation, effectively rescaling the feature
distribution [116]. The standardization is mathematically
represented as follows:

T —p
g

(1)

Tstd =

where x represents the original feature value, and x4 iS the
standardized feature value, p is the mean of the feature, and
o is its standard deviation.
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Following standardization, all relevant input features,
including polymer concentration, molecular weight, flow
rate, applied voltage, and tip-to-collector distance, were
concatenated alongside the fiber diameter (output label)
for each experimental data record. Organizing data in this
structured format enabled practical subsequent analysis and
facilitated the application of various ML models to predict
fiber diameter based on the input features. Furthermore,
Spearman’s correlation heatmap was generated to visualize
the correlation matrix between input features and the out-
put label. This correlation matrix provided valuable insights
into monotonic relationships among variables and high-
lighted potential multicollinearity concerns.

2.3 Libraries and tools

In this study, all data preprocessing, analysis, ML model
development, and optimization procedures were conducted
using Python version 3.9. The construction and implemen-
tation of the predictive ML models were carried out using
Python libraries. The codebase was modularized into dedi-
cated scripts and Jupyter notebooks to enhance workflow
clarity and maintain reproducibility. Although formalized
unit testing and integration testing were not implemented,
the computational workflow underwent rigorous iterative
validation through repeated training/testing splits and cross-
validation (CV) to ensure reliability. NumPy facilitated
numerical computations and matrix manipulations, effec-
tively handling and processing large datasets. Pandas were
employed for data manipulation, including dataset loading,
cleaning, and preprocessing workflows, ensuring that data
were structured efficiently and remained readily accessible
throughout the workflow. For data visualization, Matplotlib
and Seaborn were primarily used to generate plots illustrat-
ing data distributions, feature correlations, and model per-
formance metrics, whereas Plotly was utilized to develop
interactive visualizations that enabled dynamic exploration
of predictions and optimization behaviors. These visualiza-
tion tools provided critical feedback at various stages of
model development, allowing the identification of underly-
ing trends, detection of errors, and recognition of potential
areas for methodological refinement.

The core ML model training and evaluation were con-
ducted using the Scikit-learn library (v1.2), which offered a
unified framework encompassing preprocessing pipelines,
CV strategies, hyperparameter tuning, and model perfor-
mance evaluation. Additionally, advanced gradient-boost-
ing techniques were implemented using dedicated libraries,
such as xgboost (version 1.7) and lightgbm (version 1.7).
The Distributed Evolutionary Algorithms in Python (DEAP,
version 1.3.3) library was used to implement the GA-based
optimization process to achieve user-defined target fiber

diameters. DEAP offers a highly flexible and modular inter-
face for evolutionary algorithms. Within this study, key
evolutionary operations, including population initialization,
selection, crossover, and mutation, were utilized. Further-
more, DEAP supports adaptive strategies that enable effi-
cient exploration and exploitation of large, nonlinear, and
multimodal parameter spaces, thereby enhancing the robust-
ness and convergence of the optimization process [117].

2.4 Model training, testing, and evaluation

Eight distinct ML models were explored and compared to
evaluate their performance in predicting the fiber diameter
of electrospun PVA nanofibrous scaffolds. These models
were chosen based on their demonstrated effectiveness and
prominence in recent literature. A variety of ML models
trained and evaluated in this study included linear regres-
sion (LR), support vector regression (SVR), kernel ridge
regression (KRR), random forest (RF), extreme gradient
boosting (XGB), gradient boosting regressor (GBR), light
gradient boosting machine (LGBM), and multilayer per-
ceptron (MLP). These eight models were chosen to com-
prehend both classical regression techniques and more
advanced ensemble- and neural network—based approaches.
Brief descriptions of each ML model are outlined below.
SVR is a versatile model designed for nonlinear regres-
sion modeling. It identifies an optimal hyperplane that best
fits the data points, minimizing prediction errors. SVR
employs kernel functions to transform data into higher-
dimensional spaces, thus facilitating complex boundary
modeling. Critical hyperparameters include kernel type and
regularization parameters, which significantly influence
performance. SVR distinctively employs the epsilon-insen-
sitive loss function, allowing the model to disregard errors
within a predefined range, enhancing generalizability [118].
KRR 1is an advanced variant of SVR, often termed least
squares support vector regression (LSSVR). It utilizes a
non-parametric approach that predicts targets directly from
input data. KRR effectively handles nonlinear relationships
through regularization techniques, mitigating overfitting by
balancing the bias-variance trade-off. This controlled intro-
duction of bias significantly reduces model variance, opti-
mizing predictive performance across varied datasets [119].
RF is a robust ensemble ML model that efficiently iden-
tifies nonlinear relationships and complex feature interac-
tions. RF constructs multiple decision trees during training
and aggregates their outcomes to enhance predictive accu-
racy. The algorithm uses mean squared error (MSE) to
measure loss, calculated as the average squared difference
between actual and predicted values across all decision trees
in the forest [120]. XGB is an ensemble learning model that
enhances predictive performance by combining multiple
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weak learners, primarily decision trees, into a robust pre-
dictive model. XGB handles challenging datasets effec-
tively and offers insightful feature analysis of importance.
Achieving optimal results with XGB requires thorough
hyperparameter tuning and careful feature engineering. Its
gradient-based loss function facilitates optimizing any dif-
ferentiable loss metric, making it highly adaptable [119].

GBR is another ensemble model aimed at improving
prediction accuracy through the sequential learning of mul-
tiple weak predictive models. GBR constructs models incre-
mentally, each stage improving upon its predecessor. This
approach employs a differentiable loss function to ensure
robustness, generalizability, and superior predictive accu-
racy [121]. LGBM is a high-performance gradient-boosting
framework optimized for regression tasks. A key strength
of LGBM is in its computational speed and scalability,
enabling efficient analysis of large datasets. It employs a gra-
dient-based loss function, similar to XGB, but specifically
optimized for speed and efficiency. These attributes make
LGBM particularly suited to complex regression problems
demanding rapid and accurate predictions over extensive
datasets [122]. MLP is an advanced supervised learning
model embedded in ANN principles. It consists of intercon-
nected neurons organized in multiple layers, enabling the
modeling of complex nonlinear relationships between input
features and target outputs. MLP optimizes performance
by minimizing the mean squared error (MSE), effectively
capturing the average squared difference between predicted
and actual values, thereby ensuring accurate predictions for
complex datasets [123].

This comparative evaluation across multiple models
enabled a comprehensive benchmarking of predictive per-
formance, capturing differences in learning capacity, flex-
ibility, and robustness. Initially, the curated dataset was
partitioned into two subsets, with 80% allocated for train-
ing and the remaining 20% reserved for independent testing
to evaluate model generalization. For each train-test split, a
k-fold CV (k = 5) method was applied on the training subset
to assess the generalization capability of each model and to

Fold 1

80:20 split Fold 2

Training set  Testing set Fold 4

Fold 5§

Validation set

Fold 3 —— hyperparameter ———

facilitate the optimization of hyperparameters. The 5-fold
CV involves partitioning the training data into five distinct
subsets (folds). During each iteration, one fold serves as
a validation set, while the remaining four are utilized for
model training. This iterative process repeats five times,
ensuring each fold is validated once. The average perfor-
mance computed across the folds provided a reliable esti-
mate of model stability, while also reducing the variance
introduced by random sampling effects [124].

Hyperparameter tuning was conducted for all selected
ML models using GridSearchCV, except for the linear
regression (LR) model, to optimize their performance. This
tuning process involved defining a comprehensive hyperpa-
rameter search space and conducting a thorough grid search
to identify optimal hyperparameter combinations specific
to each model. The primary optimization criterion adopted
for selection was the R? score, which served as the guid-
ing metric for identifying the hyperparameter configurations
that best captured the variance in the target variable. For
each model, the optimal configuration obtained through the
5-fold CV process was subsequently retrained on the com-
plete training dataset to maximize learning prior to its final
evaluation on the independent test set. To further strengthen
statistical reliability and minimize potential biases inher-
ent to a single train/test split, the entire training-testing
workflow was repeated five times using different random-
ized partitions of the dataset. Figure 2 provides a schematic
overview of the 5-fold CV workflow, the division of the
dataset into training and testing subsets, and the stage at
which the best hyperparameter combinations are selected
for retraining and prediction. A detailed interpretation of the
hyperparameter exploration conducted for each ML model
is presented in Sect. 3.3.1.

Furthermore, two performance metrics were utilized to
evaluate the predictive performance of the ML models: the
coefficient of determination (R?) score and the root mean
square error (RMSE). The R? score quantifies the proportion
of variance in the fiber diameter that can be explained by the
predictive model, with values ranging from 0 (indicating no

Best

combinations

Re-training with best
hyperparameter
combinations

Predict the output
label on testing set

Repeat for 5 train/test

split

Fig. 2 Comprehensive illustration of the five-fold CV method used for hyperparameter tuning
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explanatory power) to 1 (representing perfect prediction).
In practical terms, a higher R? score reflects a model’s abil-
ity to capture and represent the underlying patterns within
the data. RMSE calculates the square root of the average
squared difference between predicted and actual values.
Additionally, comparing R? scores obtained from training
and testing datasets helped identify potential model over-
fitting, indicated by significantly lower performance on
unseen data compared to the training data. The mathemati-
cal equations for these performance metrics are provided in
Egs. (2) and (3).

PR O (T (G )° o
> i (wi— )

RMSE = \/i Dy — f@)? ®)

where y, denotes the observed (actual) fiber diameter, f(x;)
is the predicted fiber diameter, y represents the mean of the
observed values, and n is the total number of data points.

2.5 Model interpretation

Interpreting ML models through feature importance analy-
sis is crucial for identifying which experimental parameters
significantly influence the prediction of fiber diameters of
electrospun PVA nanofibrous scaffolds. This interpretabil-
ity enhances transparency, facilitates the understanding of
underlying mechanisms, and supports informed decision-
making in the electrospinning process. This study used the
SHapley Additive exPlanations (SHAP) method to evaluate
feature importance comprehensively, implemented through
the shap Python package. SHAP is a versatile, model-agnos-
tic interpretability method specifically designed to explain
individual predictions made by ML models. While initially
intended for interpreting individual predictions (local inter-
pretation), SHAP can also aggregate Shapley values across
the entire dataset to achieve global model interpretability.
This method is based on cooperative game theory princi-
ples, quantifying the individual contribution of each feature
within predictive models.

In this study, the SHAP methodology was applied to
the best-performing predictive ML model to enable both
global and local interpretation of feature contributions. For
global interpretation, SHAP values were aggregated across
the test dataset, providing an estimate of the average
importance of each experimental parameter in influencing
fiber diameter predictions. This allowed for the identifica-
tion of dominant factors governing model behavior. For

local interpretation, SHAP values were computed for indi-
vidual predictions, thereby revealing the direction (posi-
tive or negative) and magnitude of each feature’s influence
on specific predictions. SHAP values provide a quantita-
tive measure of how each feature contributes to shifting
the model’s prediction relative to a defined baseline, typi-
cally represented by the average predicted fiber diameter
[125]. Furthermore, SHAP summary plots were generated
to visualize the distribution of SHAP values for each fea-
ture across all data points. These plots revealed the relative
importance ranking of the experimental parameters and
illustrated how variations in feature values, whether high
or low, influenced the predicted fiber diameter. A detailed
discussion of the SHAP methodology employed in this
study is provided in Sect. 3.5.

2.6 Geneticalgorithm optimization

The GA was integrated with the best-performing predic-
tive ML model to determine the optimal set of electros-
pinning experimental parameters required for fabricating
PVA nanofibrous scaffolds with user-defined target fiber
diameters. This hybrid process, XGB-GA integration, uti-
lized the trained XGB model as a surrogate fitness evalu-
ator within the GA optimization loop. The objective of
the GA was to minimize the difference between the XGB-
predicted fiber diameter and the specified target fiber
diameters, which was defined within the range of 100 nm
to 1,000 nm. The GA optimization process was initiated
by defining a fitness function that evaluated each solution
based on the absolute error between the fiber diameter
predicted by the trained XGB model and the user-defined
target fiber diameter.

To achieve this, the GA was initialized with a population
size of 100 individuals and was designed to balance explo-
ration efficiency with a comprehensive search of the mul-
tidimensional parameter space. The initial population was
generated using a stratified sampling approach, constrained
within the experimentally validated feature bounds of the
curated dataset. Each individual solution was represented
as a numerical vector, with each element corresponding
to a specific electrospinning experimental parameter. GA
employed the standard evolutionary operators of fitness-
based selection, crossover, and mutation over 30 genera-
tions to refine and evolve the population toward optimal
solutions iteratively. The tournament selection method was
chosen for fitness-based selection, where individuals com-
peted against each other, and the fittest advanced to sub-
sequent generations. The fitness value for each individual
was calculated as the absolute difference between the XGB-
predicted and target fiber diameters. Minimizing this fitness
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value directed the search toward parameter configurations
capable of producing nanofibrous scaffolds with fiber diam-
eters closely matching the user-defined targets. The fitness
of each individual was assessed by every generation, influ-
encing the selection process for reproduction and guiding
subsequent iterations.

Adaptive crossover and mutation operators were inte-
gral components of the XGB-GA integration, dynamically
introducing variability and allowing the algorithm to bal-
ance between local exploitation and global exploration
effectively. The crossover operator was initially set to a
probability of 0.7, while the mutation operator was set to an
initial probability of 0.3 [126]. These operator probabilities
were adaptively adjusted over successive generations. As
optimization advanced, the crossover and mutation prob-
abilities were gradually decreased to focus on refining the
best solutions found rather than exploring new possibili-
ties. This adaptive mechanism effectively facilitated con-
vergence toward optimal experimental parameter sets. The
evolution of the optimization process was monitored using
fitness evolution plots, which illustrated the progressive
reduction of fitness errors across generations, and parameter
variation plots, which tracked the evolution of electrospin-
ning experimental parameters throughout the optimization.
Upon completion of the 30-generation optimization, the
individual with the lowest fitness error was identified for
each specified target fiber diameter. To validate the effec-
tiveness of the optimization process, the GA-derived elec-
trospinning experimental parameter sets were reintroduced
into the trained XGB model to predict the corresponding
fiber diameters. These predicted values were then compared
against the user-defined target fiber diameters. The accuracy
of the optimization was quantitatively assessed using the R?
score and the RMSE value.

3 Results and discussion
3.1 Data collection

The comprehensive dataset used for predicting the fiber
diameter of electrospun PVA nanofibrous scaffolds was
compiled from 30 scientific publications. A comprehensive
assessment of the selected experimental parameters was per-
formed to explore their individual and collective impact on
the electrospinning process, specifically focusing on their
relationship with the resulting fiber diameters. The joint plots
were generated, as shown in Fig. 3, to visualize the relation-
ships between individual experimental parameters and the
average fiber diameter. These joint plots combine scatter
plots with marginal histograms, providing clear insight into
both the distribution and correlation of data points.

@ Springer

Fig.3 Joint plots showing the relationship between average fiber diam- }
eter and (@) polymer concentration, (b) molecular weight, (C) flow rate,
(d) tip-to-collector distance, and () applied voltage, including scatter
plots and histograms

The finalized dataset provided a robust foundation for
the training, validation, and evaluation of ML models.
Within this dataset, the concentration of PVA polymer var-
ied between 6 and 20 wt%, a range that plays a crucial role
in maintaining electrospinning stability. At lower concen-
trations, insufficient viscosity can lead to jet instability and
bead formation, whereas excessively high concentrations
increase solution viscosity, hindering jet flow and slow-
ing down the electrospinning process [127]. The molecu-
lar weight of the PVA polymer in the dataset ranged from
72 to 130 kg/mol. Molecular weight plays a crucial role in
determining solution viscosity, which in turn directly affects
the electrospinning process and subsequent fiber formation.
Lower molecular weight polymers typically produce less
viscous solutions, facilitating easier jet initiation and pro-
moting the formation of fibers with more uniform and con-
sistent diameters [128]. In addition, the flow rate, another
critical experimental parameter, ranges from 0.1 to 4 mL/h
across the dataset. Flow rate strongly influences the dynam-
ics of jet elongation, solvent evaporation, and fiber depo-
sition. Lower flow rates are commonly preferred, as they
allow sufficient time for solvent evaporation before the jet
reaches the collector, reducing bead formation and enhanc-
ing the production of continuous, uniform nanofibrous scaf-
folds [129].

The dataset further highlights a wide range in the tip-to-
collector distance, ranging from 5 to 20 cm. This param-
eter is critical as it directly influences both fiber stretching
and solvent evaporation during electrospinning. Shorter
distances often result in insufficient polymer jet elonga-
tion, leading to thicker fiber formation with larger diam-
eters. In contrast, longer distances provide additional time
for both fiber stretching and solvent evaporation, produc-
ing finer fibers with improved uniformity [130]. In addition,
the applied voltage varied between 5 and 65 kV, playing a
pivotal role in generating the electrostatic field necessary to
draw the polymer solution into a continuous fiber. As one
of the most influential experimental parameters, applied
voltage governs jet initiation, stability, and ultimately
fiber morphology. Understanding the complex relationship
between electrospinning experimental parameters and fiber
diameters is crucial for the subsequent stages of this study.
A pair grid plot was created to comprehensively illustrate
the interdependencies among experimental parameters, as
shown in Fig. 4.

Figures 3 and 4 clearly illustrate the presence of com-
plex, non-linear relationships between the experimental
parameters and the resulting fiber diameters. These complex
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Fig. 4 Pair grid plot illustrating relationships between polymer concentration, molecular weight, flow rate, tip-to-collector distance, applied volt-
age, and average fiber diameter, including contour plots, histograms, and scatter plots

correlations highlight the necessity of using advanced pre-
dictive techniques, such as ML, to effectively capture
parameter interactions and improve the accuracy of predic-
tive outcomes in electrospun nanofibrous scaffolds. Table 1
provides representative examples from the compiled data-
set, listing the combinations of experimental parameters
alongside their corresponding fiber diameters.
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3.2 Data preprocessing
3.2.1 Performance of imputation methods
The effectiveness of the five evaluated imputation methods

was assessed using R? score and RMSE. The simple imputer
(mean) substitutes missing values with the arithmetic mean
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Table 1 Experimental data points from the dataset are collected and
used to develop machine learning models

Polymer  Molecular  Flow Tip-to- Applied Average
Concen-  Weight (kg/ Rate Collector  Voltage Fiber
tration mol) (mL/h) Distance  (kV) Diameter
(Wt%) (cm) (nm)
12 72 0.3 20 25 334.54
8 72 0.3 20 20 224.38
10 130 0.3 15 20 880

6 80 3 10 10 150

8 72 0.1 10 12 458

15 72 0.1 15 15 137.5
8 72 0.2 15 20 219.76
9 105 1.5 20 15 236
10.5 72 1.8 10 15 102.21
12 130 0.2 10 20 1230

9 105 1.5 10 15 255

8 72 0.2 15 20 219.76
12 72 0.3 15 25 282.04
8 85 1 10 10 521.1
12 130 0.3 10 25 1030

6 105 0.5 10 15 145

10 72 0.4 20 15 251.58
10.5 80 2 10 15 103

10 72 0.5 15 15 259.18
8 130 0.5 9.5 20 90.5

of the corresponding feature. It assumes that the missing
values are close to the average, making it suitable when
the data distribution is roughly symmetric with minimal
outliers [131]. Alternatively, the simple imputer (median)
replaces missing values with the median of the feature. This
approach is advantageous for skewed datasets because the
median is less sensitive to extreme values than the mean,
providing a more robust estimate in the presence of outliers.
Both simple imputers (mean and median) yielded the high-
est R? scores of approximately 0.86, demonstrating con-
sistent performance, and with RMSE values of 92.56 nm
(mean) and 92.70 nm (median). This strong performance
implies that the dataset is generally well-balanced, with no
extreme skewness or outliers that could compromise the
reliability of mean-based estimates. The simple imputer
(median) exhibited slightly lower performance, which may
reflect the absence of significant outliers in the dataset, con-
ditions under which median replacement is less effective.
Although the simple imputer (median) is widely regarded as
a robust approach for handling skewed data, the marginally
higher RMSE observed here suggests that it did not yield
additional benefits for the electrospinning dataset.

In comparison, both the KNN imputer and the iterative
imputer (RF) demonstrated slightly lower R? scores rela-
tive to the mean and median imputers. The KNN imputer
captures local relationships within the dataset, though its
performance is sensitive to the choice of neighbors and

data distribution characteristics [132]. The KNN imputer
yielded a relatively higher RMSE of 98.17 nm. The iterative
imputer (RF) achieved a slightly lower RMSE of 97.43 nm.
Notably, the iterative imputer (GBR) produced an RMSE of
94.04 nm, making it one of the top-performing methods by
balancing error minimization with stability and consistency.
The observed slight decline in the R? score and the higher
RMSE indicate that the KNN imputer was marginally less
effective at preserving the variability of the original dataset
when compared with the simpler mean- and median-based
imputers. This reduced effectiveness may be due to the influ-
ence of noise within the dataset and the method’s sensitivity
to the number of neighbors selected for accurate estimation
[133]. However, the fact that these iterative imputers did
not produce a better performance suggests that, despite the
complexity of the electrospinning dataset, the underlying
relationships between features were sufficiently captured by
the simple imputer (mean). Figure 5 provides a visual com-
parison of R? scores and RMSE values for each imputation
method, highlighting the outstanding performance of simple
imputer (mean and median) methods.

3.2.2 Reviewing spearman’s correlation heatmap

As part of the data preprocessing workflow, further analysis
was conducted to investigate the relationships between the
key experimental parameters and the target output. This was
done using Spearman’s correlation heatmap after apply-
ing the simple imputer (mean) method to address missing
values. Spearman’s correlation coefficient evaluates the
strength and direction of monotonic relationships between
variables, enabling the detection of both linear and non-
linear associations. Figure 6 presents the resulting Spear-
man’s correlation heatmap, illustrating pairwise correlations
among polymer concentration, molecular weight, flow rate,
tip-to-collector distance, applied voltage, and average fiber
diameter.

Several important observations emerged from Spear-
man’s correlation heatmap. Polymer concentration exhib-
ited a moderate positive correlation (0.24) with average
fiber diameter, reflecting a modest nonlinear relationship, as
indicated by the relatively low correlation coefficient. Poly-
mer concentration also showed a moderate negative correla-
tion with molecular weight (—0.27) and flow rate (—0.18),
again suggesting nonlinear relationships. These nonlinear
interactions highlight the importance of jointly optimiz-
ing polymer concentration with molecular weight and
flow rate to achieve targeted fiber characteristics without
adversely affecting electrospinning efficiency. Molecular
weight displayed a weak positive correlation (0.043) with
fiber diameter, confirming a nonlinear interaction. Further-
more, molecular weight demonstrated a moderate positive
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correlation (0.31) with flow rate, highlighting another non-
linear relationship that emphasizes the interconnected nature
of these experimental parameters. Flow rate was moderately
correlated with other experimental parameters, showing
negative relationships with tip-to-collector distance (—0.26)
and applied voltage (-0.13).
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Tip-to-collector distance exhibited a weak positive cor-
relation (0.087) with fiber diameter, suggesting a modest
nonlinear relationship. Similarly, applied voltage had a
weak positive correlation (0.23) with fiber diameter, also
indicating a mild nonlinear relationship. Additionally,
applied voltage showed weak positive correlations with
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molecular weight (0.15) and negative correlations with
flow rate (—0.13) and tip-to-collector distance (-0.08), fur-
ther emphasizing the complexity and nonlinearity inherent
in parameter interactions. Overall, Spearman’s correlation
heatmap revealed that the correlation coefficients between
experimental parameters and fiber diameter are relatively
modest (close to zero), confirming primarily nonlinear rela-
tionships. This complexity highlights the need to develop
predictive ML models capable of capturing complicated
interactions among experimental parameters to effectively
achieve the user-defined target fiber diameter.

3.3 Predictive model training

3.3.1 Reviewing hyperparameter tuning with five-fold
cross-validation

Hyperparameter tuning is a critical step in developing opti-
mized predictive ML models to predict the fiber diameter
of electrospun PVA nanofibrous scaffolds accurately. In
this study, hyperparameter tuning was performed using a
grid search method in combination with 5-fold CV to iden-
tify the most effective configurations for each ML model.
The explored parameters and their corresponding ranges
are summarized in Fig. 7. Figure 7(a) presents the hyper-
parameter tuning results for SVR. The optimal R? score of
0.23 was achieved using a polynomial kernel with a higher
penalty parameter (C=10) and a smaller epsilon (¢=0.1).
Although these settings provided the best performance for
SVR, the overall R? score remains relatively low, suggest-
ing SVR’s limitations in capturing complex nonlinear rela-
tionships in this dataset. The low R? score indicates that
the relationship between the input features and the result-
ing fiber diameter is highly non-linear. As such, models
that rely on assumptions of linearity are limited and unable
to capture the complex interactions embedded within the
electrospinning process. The results further emphasize that
SVR is unsuitable for accurately predicting nanofibrous
scaffold diameters.

Figure 7(b) displays hyperparameter tuning results for
KRR, where the highest R? score of 0.74 was achieved with
an alpha value of 0.1 and a radial basis function (rbf) kernel.
The low alpha value reflects lower regularization, allowing
KRR to capture complex nonlinear patterns within the data
effectively. The rbf kernel’s capability to map input data into
higher-dimensional feature spaces enhances the model’s
capacity to manage nonlinearity. This balance between bias
and variance improves prediction accuracy for fiber diam-
eter by leveraging the underlying complexities in the data-
set. The KRR model demonstrated limitations in addressing
the non-linear behavior of the parameters, reinforcing the
conclusion that more advanced, non-linear ML models are

essential to capture the intricacies of electrospinning effec-
tively and to deliver reliable predictive performance.

For RF, as shown in Fig. 7(c), the highest R? score of
0.82 was achieved without limiting tree depth, employing a
minimum samples split of 5 and using 300 estimators. The
absence of maximum depth constraints allows the model to
develop fully grown decision trees, while an increased num-
ber of estimators improves robustness and reduces variance.
Moreover, the minimum samples split parameter ensures
that trees grow to an adequate depth for capturing detailed
interactions between input features and fiber diameter,
which in turn enhances predictive accuracy. Notably, the
absence of a fixed max_depth parameter indicates that RF
benefits from allowing trees to grow deeper and more com-
plex, enabling the model to represent multi-level, nonlinear
interactions across the feature space. Moreover, the fact that
RF achieved strong predictive performance without explicit
tuning of the max_depth further highlights its robustness, as
the ensemble averaging process inherently mitigates overfit-
ting by ensuring that no single tree disproportionately influ-
ences the overall prediction [134].

Hyperparameter tuning results for XGB presented in
Fig. 7(d) indicate an optimal R? score of 0.81 with a learn-
ing rate of 0.1, a maximum depth of 7, and 100 estimators.
These settings balance model complexity, accuracy, and
computational efficiency. The learning rate of 0.1 facilitates
incremental learning without overshooting minima, while a
maximum depth of 7 helps the model to capture complex
feature interactions effectively. Additionally, a moderate
number of estimators helped to prevent overfitting, support-
ing strong generalization performance. The hyperparameter
tuning results for the GBR, which is depicted in Fig. 7(e),
demonstrate the highest R? score (~ 0.80) with a conserva-
tive learning rate (0.01), moderate tree depth (max depth
=7), and 200 estimators. The R? score varies significantly
with different combinations of these hyperparameters. A
lower learning rate allows cautious and incremental model
updates, effectively preventing overfitting. Concurrently,
moderate maximum depth and a higher number of esti-
mators contribute to the GBR model’s ability to capture
detailed data patterns while maintaining model stability and
predictive accuracy. Alakent et al. [135] also reported the
superior performance of gradient boosting models in mate-
rials science applications, particularly in contexts where
nonlinear effects and strong interaction terms dominate the
feature space.

Figure 7(f) illustrates the hyperparameter tuning results
for LGBM, achieving an optimal R? score of 0.80 with a
learning rate of 0.2, min_child_samples set to 20, min_split_
gain of 0.2, 300 estimators, and 30 leaves. The higher learn-
ing rate of 0.2 enables faster model convergence, which is
beneficial for large-scale datasets. Meanwhile, parameters
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(@) Hyperparameter Tuning Results for SVR
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4 Fig. 7 Hyperparameter tuning results: (a) SVR, (b) KRR, (c) RF, (d)
XGB, (e) GBR, (f) LGBM, and (g) MLP, including parameter grid
search range and R? score

such as min_child samples and min_split gain effectively
control model complexity, prevent overfitting, and enhance
generalization. The considerable number of leaves and the
high number of estimators ensure a comprehensive capture
of intricate data patterns, balancing precision with compu-
tational efficiency. The optimized hyperparameter combina-
tions allow LGBM to effectively account for the variability
in the electrospinning process, providing accurate predic-
tions of fiber diameter. Gradient boosting models construct
trees sequentially, where each successive tree is designed to
correct the residual errors of its predecessors, allowing the
ensemble to capture highly refined and complex patterns in
the data [136].

The comparable performance observed between LGBM
and XGB can be attributed to their shared algorithmic
foundations, both of which depend on boosting principles.
However, refined architectural distinctions account for their
performance differences. LGBM uses a leaf-wise growth
approach, which enhances efficiency and allows more
profound exploration of complex patterns, whereas XGB
incorporates more aggressive regularization mechanisms,
which strengthens its ability to prevent overfitting and
maintain stability when generalizing unseen data. Lastly,
hyperparameter tuning results for the MLP model, shown
in Fig. 7(g), indicate the highest R* score of 0.75, achieved
using the “tanh” activation function, an alpha regulariza-
tion parameter of 0.0001, a single hidden layer containing
50 neurons, an adaptive learning rate, and stochastic gradi-
ent descent (sgd) optimization. The tanh activation function
effectively captures nonlinearities in the data, while mini-
mal alpha regularization allows detailed learning of under-
lying patterns. The single hidden layer with 50 neurons
balances model complexity and performance. The adaptive
learning rate adjusts based on model performance, while the
sgd solver optimizes the model iteratively. Together, they
dynamically adjust the training process, enhancing conver-
gence stability and predictive accuracy.

The outcomes of the hyperparameter tuning clearly indi-
cate that the predictive ML models, specifically RF, XGB,
GBR, and LGBM, exhibit greater capability in capturing the
complex and non-linear relationships between electrospin-
ning experimental parameters and resultant fiber diameters.
Furthermore, the optimized hyperparameter configurations
identified in this study highlight the importance of param-
eter selection, such as learning rates, ensemble sizes, tree
depths, regularization strengths, and kernel types, in achiev-
ing reliable and high-precision predictive performance.
Overall, the comprehensive hyperparameter tuning high-
lights its critical role in improving ML model accuracy and

generalizability to predict the fiber diameters of electrospun
PVA nanofibrous scaffolds, strengthening the reliability and
reproducibility of experimental results.

3.3.2 Review of the performance of models

In this section, we analyze and compare the predictive per-
formance of eight ML models based on both training and
testing datasets. Model performance was comprehensively
evaluated using R? score and RMSE. These metrics pro-
vide insights into each model’s ability to generalize learned
relationships from training data to unseen test data and sus-
ceptibility to overfitting. Figure 8 provides a comparative
summary of the performance metrics for all ML models
across both the training and test datasets. The evaluation
results indicate that simpler ML models, such as LR and
SVR, struggle to capture the complexity of the dataset,
resulting in lower R? scores and higher RMSE values. Spe-
cifically, the LR model exhibited R? scores of 0.29 (train-
ing) and 0.32 (testing), with RMSE values 0f 227.52 nm and
260.72 nm, respectively. The weak performance observed
on the LR reflects its assumption of linearity, which cannot
adequately represent the highly nonlinear interactions gov-
erning the electrospinning process. Similarly, SVR, despite
using nonlinear kernels, exhibited suboptimal predictive
capability, achieving R? scores of 0.29 and 0.25 for train-
ing and testing datasets, respectively, with corresponding
RMSE values of 228.78 nm and 274.04 nm. These findings
indicate that both LR and SVR lack the capacity to cap-
ture the complex interdependencies present in this dataset,
making them unsuitable for practical applications involving
electrospinning experimental parameters.

KRR showed an improvement over LR and SVR,
achieving training and testing R? scores of 0.89 and 0.87,
respectively, with RMSE values of 89.16 nm (training) and
114.80 nm (testing). The model’s ability to capture nonlin-
ear relationships is reflected in its performance metrics, as
indicated by the reduction in RMSE, which demonstrates its
effectiveness in modeling the intricate patterns in the data.
The strong performance of KRR is also attributed to its uti-
lization of the nonlinear rbf kernel, which effectively maps
input features into a higher-dimensional space and enables
accurate modeling of nonlinear relationships. Furthermore,
the incorporation of regularization in KRR contributes to
mitigating overfitting, enhancing its predictive stability and
overall accuracy. Although KRR demonstrates a notable
improvement compared to linear models, its performance
remains constrained by its sensitivity to the high-dimen-
sional feature space characteristic of the electrospinning
process.

RF demonstrated outstanding performance, obtain-
ing a training R? score of 0.96 and a testing R? score of
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(d) Hyperparameter Tuning Results for XGB

learning_rate max_depth _esti A 0.75 R* Score
0.81

e
= 0.79
. t

0.77

o.01
0.67 0.75
i: 0.8 0.73

0.72

0.70

0.1

0.2

(e) Hyperparameter Tuning Results for GBR

learning_rate max_depth _esti R? Score
0.80

0.78
0.77
0.75
0.1 0.73

0.72

0.70

0.2

0.65

(f) Hyperparameter Tuning Results for LGBM

R?* Score
0.80

learning_rate  min_child_samples nin split _gain

0.73

0.65
s

P

0.43

0.35

0.28

0.20

0.13

Fig. 7 (continued)

@ Springer



The International Journal of Advanced Manufacturing Technology (2026) 143:2823-2854

2841

(g) Hyperparameter Tuning Results for MLP
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Fig. 7 (continued)
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Fig. 8 Performance comparison of various ML models on training and test sets based on R? and RMSE metrics

0.92, with corresponding RMSE values of 52.71 nm and
90.33 nm, respectively. RF exhibits exceptional predictive
proficiency due to its ensemble-based architecture, which
aggregates the outputs of multiple decision trees to capture
complex nonlinear interactions among input parameters.
Through the construction of multiple trees based on boot-
strapped data samples and the random selection of feature
subsets at each node split, RF minimizes overfitting while
maintaining high predictive accuracy. This bagging mecha-
nism minimizes model variance by ensuring that no single

decision tree exerts excessive influence on the final output,
thereby enhancing generalization on unseen test data [137].
The minimal difference between training and testing perfor-
mance indicates effective management of model variance,
resulting in accurate and generalizable predictions.

XGB exhibited the highest predictive performance
among all evaluated ML models, achieving a training R?
score of 0.99 and a testing R? score of 0.94, accompanied
by the lowest RMSE values of 13.65 nm (training) and
79.89 nm (testing). The exceptional performance of XGB
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arises from its iterative boosting architecture, which reduces
residual errors from previous iterations and progressively
enhances the predictive result. This sequential learning
process allows the model to continuously refine its internal
structure, improving accuracy with each iteration. Further-
more, XGB incorporates robust regularization mechanisms,
combining both L1 and L2 regularization methods, to effec-
tively control model complexity and mitigate overfitting
without compromising predictive capability. Its exceptional
efficiency can also be attributed to its scalability to large
datasets and the implementation of advanced tree-pruning
approaches that optimize node splits based on maximum
gain [138].

GBR also displayed strong performance, with training
and testing R? scores of 0.97 and 0.90, respectively, along
with RMSE values of 49.67 nm (training) and 98.35 nm
(testing). GBR effectively balances model complexity and
generalization by iteratively constructing an ensemble of
weak learners, achieving high predictive accuracy while
making it a reliable choice for predictive modeling. Simi-
larly, the LGBM demonstrated superior predictive capabili-
ties, achieving a training R? score of 0.98 and a testing R?
score 0f 0.93, with RMSE values of 38.98 nm and 79.33 nm,
respectively. LGBM’s leaf-wise tree growth algorithm,
coupled with depth-wise constraints, allows it to focus on
the most significant splits, enhancing its predictive power,
which makes it a suitable choice for predicting fiber diame-
ter in electrospun PVA nanofibrous scaffolds. MLP exhibited
effective nonlinear predictive capabilities, with training and
testing R? scores of 0.93 and 0.91, respectively, and RMSE
values of 70.35 nm (training) and 91.49 nm (testing). The
neural network utilized a single hidden layer architecture
comprising 50 neurons with nonlinear activation functions,
enabling it to capture complex feature interactions within
the electrospinning dataset effectively.

In this study, a various range of ML models was evalu-
ated with a focus on achieving an optimal balance between
predictive accuracy, robustness to missing data, and compu-
tational efficiency. Although deep neural networks (DNNs)
were also considered during preliminary trials, their perfor-
mance did not surpass that of the tree-based models, par-
ticularly the XGB model. Given the moderate dataset size
of 397 samples, DNN models exhibited tendencies toward
overfitting during CV and demanded significantly greater
hyperparameter tuning and regularization efforts, without
demonstrating consistent improvements in predictive gen-
eralization or model stability. Among all evaluated ML
models, the XGB model demonstrated the highest predic-
tive accuracy. Given its superior performance, the XGB
model was selected for subsequent optimization using the
ML-GA integration. In this process, the trained predic-
tive model was coupled with the GA to identify optimal
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electrospinning experimental parameters corresponding to
user-defined target fiber diameters with greater precision
and reduced variability. This integration marks a critical
step toward establishing a hybrid, data-driven strategy for
precision control and inverse design in electrospun nanofi-
brous scaffold fabrication.

3.4 Model validation

Model validation is a critical step in the present study’s
analytical workflow, ensuring the reliability, consistency,
and robustness of the best-performing ML model, espe-
cially when addressing complex and nonlinear systems like
electrospinning. In this study, validation was conducted by
comparing the XGB model’s predicted fiber diameters of
electrospun PVA nanofibrous scaffolds with their corre-
sponding actual observed values across both training and
testing datasets. Figure 9 presents the correlation between
predicted and actual fiber diameters for all 397 data points.
The dataset was divided into an 80/20 split for training
and testing, respectively. The plot demonstrates that the
majority of data points fall within +10% and +20% abso-
lute error margins, confirming the high predictive accu-
racy and generalization capability of the XGB model. The
close clustering of points around the ideal fit line indi-
cates a strong linear correlation between the predicted and
experimental fiber diameters. This close alignment indi-
cates a strong correlation between predicted and actual
fiber diameters, demonstrating the model’s robust gener-
alization capabilities to unseen data. The strong alignment
between predicted and actual values confirms a strong cor-
relation, demonstrating the model’s robust generalization
capability to unseen data. For example, the XGB model
accurately predicted thinner fiber formations, yielding a
predicted diameter of 149.86 nm, which aligns well with
the actually observed fiber diameter (150 nm) of electro-
spun PVA nanofibrous scaffold under similar electrospin-
ning conditions. Quantitatively, the XGB model achieved
an R? score of 1.00 on the training set and 0.94 on the
testing set, capturing almost all variance in the training
data and a substantial portion in the testing data. Further-
more, the RMSE values were exceptionally low, 13.65 nm
for the training set and 79.89 nm for the testing set, high-
lighting the precision and reliability of the model across
both datasets. The exceptional performance of the XGB
model can be attributed to its scalability across large data-
sets and its use of advanced tree-pruning algorithms that
enhance splits based on maximum gain. Another strength
of the XGB model is its built-in regularization methods,
including lasso (L1) and ridge (L2) penalties, effectively
control model complexity and reduce overfitting, result-
ing in robust generalization performance for simulating
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Fig. 9 Predicted vs. actual plot showing training and test data within +10% and +20% absolute error bands for the XGB model

real-world electrospinning processes, where data imper-
fections are often unavoidable.

The predictive performance of the XGB model was con-
sistently strong across most regions of the dataset, as evi-
denced by its high R? score and low RMSE on unseen test
data. Nevertheless, Fig. 9 revealed that certain prediction
errors tend to cluster within specific regions of the feature
space. Slight reductions in predictive accuracy were noted
in cases with extreme experimental conditions, particularly
at very high applied voltages (>40 kV) or low polymer con-
centrations (<3 wt%), which represent understated zones
within the training dataset. These zones exhibit greater
experimental variability and weaker statistical representa-
tion, leading to elevated model uncertainty. Electrospin-
ning behavior under such boundary conditions is known
to be highly sensitive to environmental fluctuations and
nonlinear dynamics, making generalization from limited
training examples challenging. For example, high voltages
can amplify jet instability, whereas low polymer concentra-
tions promote bead formation that is not fully captured by
the set of input variables. Furthermore, these extremities
are understated due to practical difficulties in maintaining
stable electrospinning operations at such conditions. Future
model iterations could benefit from incorporating additional
parameters such as solution viscosity, ambient humidity,
and solvent evaporation rate. The current model valida-
tion results also emphasize that avoiding overfitting within
the XGB model enables more accurate predictions when
extrapolating to new experimental conditions.

Overall, the validation results demonstrate that predictive
ML models trained on previously published experimental
data can be used for accurate predictions without the need
for additional preliminary empirical trials. The XGB model
captured the general predictive trend, with its error margins
falling within an acceptable range for this type of complex
process modeling. Minor deviations between the actually
observed and predicted fiber diameters are anticipated in
ML model validations, especially for intricate systems
such as electrospinning, where multiple interdependent
factors collectively influence fiber morphology and unifor-
mity [139]. However, the validation outcomes confirm the
effectiveness, accuracy, and reliability of the XGB model
in predicting the fiber diameters of electrospun PVA nano-
fibrous scaffolds. Integrating validated ML models like
XGB into the nanofibrous scaffold fabrication workflows
can substantially reduce dependence on conventional trial-
and-error experimentation, thereby minimizing time, cost,
and material consumption. The successful implementation
of the XGB model illustrates the transformative potential
of data-driven predictive modeling in materials science and
nanotechnology.

3.5 Model interpretation
Beyond its predictive accuracy, interpreting the inner mech-
anisms of ML models is critical for bridging data-driven

predictions with the underlying physical mechanisms gov-
erning the electrospinning process. Such interpretability
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enables quantitative assessment of how individual input
features contribute to model outputs, establishing a linkage
between feature importance and electrospinning dynamics.
In this section, SHAP values are utilized to interpret the
predictive behavior of the XGB model through both SHAP
feature importance and SHAP summary plots. The SHAP
feature importance plot for the XGB model highlights input
variables with the most significant influence on fiber diam-
eter predictions. As depicted in Fig. 10, molecular weight
emerges as the most significant feature, followed by flow
rate, polymer concentration, applied voltage, and tip-to-
collector distance. The impact of molecular weight arises
from its direct influence on polymer solution viscosity and
molecular interactions. Increased molecular weight results
in higher solution viscosity, leading to greater polymer
chain entanglement and enhanced fiber stability during the
electrospinning process, ultimately yielding thicker fibers.
Flow rate significantly impacts fiber diameter, aligning with
physical expectations, as it directly controls the polymer
solution volume available for electrospinning. Increased
flow rates provide more material, resulting in thicker
fibers. Polymer concentration similarly plays a critical role
by influencing solution viscosity and electrospinnability.
Higher polymer concentrations increase solution viscosity
and stabilize the liquid jet, facilitating uniform fiber forma-
tion and larger fiber diameters. Although applied voltage

Fig. 10 SHAP feature importance
plot, ranking the input features

according to their average contri-
bution to the model’s predictions

Fig. 11 SHAP summary plot

for the XGB model, depict-

ing the distribution of SHAP
values for each feature across all
predictions, with color gradients
(red for high and blue for low
feature values) indicating the
relative influence of individual
parameters
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and tip-to-collector distance are less significant compared
to the top three features, they remain influential.

Additionally, the SHAP summary plot provides a more
detailed representation of each feature’s magnitude and
direction of influence across all predictions. Each point
corresponds to a single SHAP value and is color-coded to
reflect the relative intensity of the feature value from low
to high. For the XGB model, Fig. 11 shows that higher
molecular weight values consistently have a positive impact
on predicted fiber diameter, indicated by the clustering of
high SHAP values. Similarly, increased flow rates positively
influence fiber diameter, reflecting the principle that higher
material influx results in thicker fibers [140]. Polymer con-
centration consistently influences fiber diameter positively,
primarily due to the increase in solution viscosity, which
promotes the formation of thicker fibers. These observed
trends are consistent with established theoretical expecta-
tions and previously reported experimental studies.

3.6 Optimization of electrospinning experimental
parameters

The optimization of electrospinning experimental parame-
ters was conducted using GA, coupled with the trained XGB
model, forming the XGB—GA integration. This approach
aimed to achieve precise control over nanofibrous scaffold
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fiber diameters by minimizing the difference between the
target and XGB-predicted fiber diameters. The optimization
considered critical electrospinning experimental param-
eters, including polymer concentration, molecular weight,
flow rate, tip-to-collector distance, and applied voltage, tar-
geting fiber diameters ranging from 100 nm to 1,000 nm.
The GA was used as the optimization methodology due to
its capability to address complex, multi-dimensional prob-
lems characterized by nonlinear and interdependent rela-
tionships among electrospinning experimental parameters
and resultant fiber diameters.

The XGB-GA integration demonstrated rapid and effi-
cient convergence across all optimizations. As illustrated in
Fig. 12, the fitness evolution curves for target fiber diam-
eters of 400 nm and 700 nm reveal a steep decline in fitness
error within the early generations. For the 400 nm target
diameter, the optimization exhibited a significant reduction
in fitness error, decreasing from an initial value of approxi-
mately 6.5 nm to 0.47 nm within the first five generations.
This demonstrates the algorithm’s efficiency in parameter
space exploration and rapid convergence toward optimal
solutions. This behavior indicates that GA effectively bal-
ances broad exploration with targeted exploitation, quickly
identifying near-optimal parameter configurations. Simi-
larly, optimization for the 700 nm target fiber diameter
revealed a higher initial fitness error of 13.76 nm, which
sharply decreased and stabilized at a final fitness error of
0.44 nm. The GA exhibited convergence within about five
generations, after which only marginal improvements in fit-
ness were observed. Overall, the convergence behavior con-
firms that the XGB-GA integration efficiently manages the
nonlinear and multivariate interdependencies characteristic
of the electrospinning process.

In addition to fitness evolution plots, the parameter
variation plots provide a detailed representation of how
individual electrospinning parameters evolved over suc-
cessive generations within the XGB-GA integration. Figure
13 describes the parameter adjustments for optimizing the
400 nm target fiber diameter and illustrates how polymer

Fitness Evolution Over Generations for Desired Diameter: 400 nm

concentration initially fluctuated across a wide range before
stabilizing at an optimal value of approximately 7.15 wt%.
This outcome signifies an ideal polymer concentration for
producing fine and uniform fibrous scaffolds. The optimiza-
tion of polymer concentration further emphasizes the critical
role of solution viscosity in fiber diameter control, a trend
consistent with prior studies suggesting that lower poly-
mer concentrations facilitate enhanced jet stretching and
the formation of finer fibers [141]. The molecular weight is
stabilized at 70.25 kg/mol, representing a compromise that
ensures effective jet formation without clogging or instabil-
ity. Furthermore, rapid convergence was observed for the
flow rate, tip-to-collector distance, and applied voltage. The
flow rate quickly stabilized at 0.16 mL/h, suggesting that a
controlled and moderate polymer feeding rate is essential
for producing consistent fibers. The tip-to-collector distance
converged to 9.99 cm. Additionally, the applied voltage
of 12.01 kV provided the necessary electrostatic force to
facilitate the elongation and thinning of fibers, essential for
achieving the targeted fiber diameter.

Furthermore, the optimization results for the larger tar-
get fiber diameter of 700 nm revealed distinct shifts in
experimental parameters consistent with theoretical expec-
tations. As illustrated in Fig. 14, the polymer concentra-
tion converged to a higher value of approximately 10.25
wt%, indicating a need for improved solution viscosity
to reduce excessive jet stretching and promote the forma-
tion of thicker fibers. Similarly, the molecular weight con-
verged at a higher value of 84.79 kg/mol, highlighting the
significance of enhanced molecular chain entanglement and
mechanical stability in producing thicker fibers. Notably,
the tip-to-collector distance (10.69 cm) and applied volt-
age (12.15 kV) showed minimal variation compared to
the 400 nm target fiber diameter optimization, suggesting
that these experimental parameters maintain stable optimal
ranges across different target fiber diameters. However, the
flow rate displayed a substantial increase to 2.16 mL/h for
the 700 nm target fiber diameter, emphasizing the crucial
influence of polymer feed rate in controlling fiber thickness.

Fitness Evolution Over Generations for Desired Diameter: 700 nm
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Fig. 12 Fitness evolution over generations for achieving target fiber diameters of 400 nm (left) and 700 nm (right)
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Parameter Variations Across Generations for Desired Diameter: 400 nm
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Fig. 13 Parameter variations over 30 generations are needed to achieve the 400 nm target fiber diameter

Overall, the parameter variation analysis revealed a con-
sistent optimization pattern: during the early generations,
the algorithm explored wide parameter ranges, followed by
focused refinement in later generations. This dynamic bal-
ance between exploration and exploitation minimized fit-
ness errors and aligned the XGB-predicted fiber diameters
closely with user-defined targets. The rapid reductions in fit-
ness error, as observed in the evolution plots, corresponded
directly with parameter stabilization, confirming the effi-
ciency and adaptability of the XGB-GA integration in navi-
gating complex electrospinning parameter spaces. Table 2
summarizes the optimized electrospinning experimental
parameters determined by the GA across the entire range of
target fiber diameters from 100 nm to 1,000 nm. The results
collectively highlight GA’s robust capability for dynami-
cally and adaptively selecting optimal experimental param-
eters, ensuring consistently accurate fiber diameter control.

For fabricating ultra-fine nanofibers targeting a fiber
diameter of 100 nm, the XGB-GA integration optimized
the polymer concentration to 10.61 wt%. This facilitated
a highly viscous solution conducive to greater polymer
jet stretching under strong electrostatic forces, ultimately
yielding thinner fibers [142]. PVA is known for its favor-
able electrospinnability and compatibility with low-boiling
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solvents such as distilled water, which ensures rapid solvent
evaporation, crucial for uniform fiber formation. A molec-
ular weight of 80.25 kg/mol provided sufficient polymer
chain entanglement to stabilize the polymer jet, preventing
jet breakage and bead formation. Optimized experimental
parameters, including a high flow rate of 2.05 mL/h and a
tip-to-collector distance of 10 cm, established a stable, con-
sistent jet flow, producing uniform nanofibrous scaffolds.
The high applied voltage (14.97 kV) further highlighted the
necessity for significant electrostatic stretching forces in
forming ultra-fine fibers.

For the 400 nm target fiber diameter, the optimized
polymer concentration was 7.15 wt%, which was an opti-
mal concentration aligns with previous research indicating
polymer concentrations between 5 and 10 wt% as ideal for
producing uniform nanofibers. The molecular weight stabi-
lized at 70.25 kg/mol. Additional experimental parameters,
including a flow rate of 0.16 mL/h, tip-to-collector distance
of 9.99 cm, and applied voltage of 12.01 kV, exemplify
conditions typical for fine fiber formation, emphasizing the
crucial role electrostatic forces play in fiber elongation and
stabilization. Similarly, for the 700 nm target diameter, the
XGB-GA integration predicted a slightly higher polymer
concentration of 10.25 wt%, a molecular weight of 84.79 kg/
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Parameter Variations Across Generations for Desired Diameter: 700 nm
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Fig. 14 Parameter variations over 30 generations are needed to achieve a 700 nm target fiber diameter

Table 2 Optimized electrospinning experimental parameters for
achieving target fiber diameters ranging from 100 nm to 1,000 nm

Target Polymer Molecular Flow  Tip-to- Applied
Fiber Concen-  Weight (kg/ Rate Collector  Voltage
Diameter tration mol) (mL/h) Distance  (kV)
(nm) (Wt%) (cm)

100 10.61 80.25 2.05 10.00 14.97
200 7.81 72.13 0.21 14.99 20.11
300 11.75 72.11 0.27 15.26 24.98
400 7.15 70.25 0.16 9.99 12.01
500 8.05 84.98 0.81 10.05 10.00
600 9.12 85.02 1.25 10.00 9.85
700 10.25 84.79 2.16 10.69 12.15
800 10.48 130.84 0.39 14.75 19.65
900 10.15 125.22 0.25 15.01 20.99
1000 11.59 130.25 0.29 11.15 25.05

mol, a flow rate of 2.16 mL/h, and an applied voltage of
12.15 kV, which were optimized. Higher applied voltages
at increased fiber diameters illustrate the delicate balance
between electrostatic repulsion and jet expansion, leading to
controlled fiber thickness. These adjustments demonstrate
the GA’s capability to effectively navigate complex, non-
linear relationships between electrospinning experimental
parameters and fiber diameters.

Furthermore, optimization of micrometer-range fibers
(1,000 nm) resulted in significantly higher polymer con-
centrations (11.59 wt%) and molecular weights (130.25 kg/
mol). These values ensure robust chain entanglement neces-
sary for supporting larger fiber diameters. A flow rate of 0.29
mL/h and a tip-to-collector distance of 11.15 cm were opti-
mized across the target fiber diameters. The applied voltage
significantly increased to 25.05 kV for the 1,000 nm target
fibers, further confirming the direct relationship between
applied voltage and fiber diameter.

The fabrication of micrometer-scale fibers through elec-
trospinning introduces additional complexities, as thicker
fibers are more sensitive to variations in solution viscos-
ity, surface tension, and solvent evaporation dynamics. The
XGB-GA integration effectively adapted to these nonlinear
interactions and produced consistent predictions. In com-
parison to conventional optimization approaches, the XGB-
GA integration demonstrates substantial benefits in both
computational efficiency and precision. Accordingly, GA
emerges as an ideal tool for real-time control in industrial-
scale electrospinning operations, where rapid and precise
adjustments of experimental parameters are essential to
consistently achieve the desired fiber diameter and main-
tain high-quality nanofibrous scaffold production. Table 3
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Table 3 Comparison between target fiber diameters and XGB-predicted fiber diameters on optimized electrospinning experimental parameters

Target Fiber Polymer Con- Molecular Weight Flow Rate Tip-to-Collector ~ Applied Volt-  Predicted Fiber ~ Best Fit-

Diameter (nm) centration (Wt%) (kg/mol) (mL/h) Distance (cm) age (kV) Diameter (nm)  ness (Abs
Error/
nm)

100 10.61 80.25 2.05 10.00 14.97 100.36 0.36

200 7.81 72.13 0.21 14.99 20.11 200.65 0.65

300 11.75 72.11 0.27 15.26 24.98 301.66 1.66

400 7.15 70.25 0.16 9.99 12.01 399.53 0.47

500 8.05 84.98 0.81 10.05 10.00 502.26 2.26

600 9.12 85.02 1.25 10.00 9.85 604.33 4.33

700 10.25 84.79 2.16 10.69 12.15 699.56 0.44

800 10.48 130.84 0.39 14.75 19.65 807.61 7.61

900 10.15 125.22 0.25 15.01 20.99 900.49 0.49

1000 11.59 130.25 0.29 11.15 25.05 1004.14 4.14

summarizes the optimized electrospinning parameters and
their corresponding XGB-predicted fiber diameters across
the target range of 100-1,000 nm. The results exhibit excel-
lent agreement between the user-defined targets and pre-
dicted fiber diameters, confirming the strong predictive
accuracy of the XGB-GA integration.

For ultra-fine fibers, such as those with target fiber
diameters of 100 nm and 200 nm, the XGB—GA integration
exhibited outstanding predictive precision. Specifically,
for the 100 nm target fiber diameter, the model yielded a
predicted fiber diameter of 100.36 nm, corresponding to
an absolute fitness error of only 0.36 nm. Similarly, for
the 200 nm fiber diameter, the predicted fiber diameter
of 200.65 nm produced a fitness error of 0.65 nm, which
emphasizes the integrated model’s strong predictive capa-
bility at smaller fiber diameters, where the electrospinning
process is more unstable due to jet breakup, charge repul-
sion, and solution non-uniformity [143]. The optimized
experimental parameters derived from GA enhanced pre-
dictive accuracy and facilitated precise, controlled fab-
rication of nanofibrous scaffolds, even at extremely fine
dimensional scales.

As the target fiber diameters increased, the predic-
tive accuracy of the XGB model consistently stayed high,
although a minimal rise was observed in fitness errors.
For the intermediate target fiber diameter of 500 nm, the
integrated model predicted a fiber diameter of 502.26 nm,
corresponding to a low fitness error of 2.26 nm, which
emphasizes the robustness and precision of the model in
accurately reproducing intermediate fiber diameters. Simi-
larly, for the 600 nm target fiber diameter, the model yielded
a predicted fiber diameter of 604.33 nm, resulting in a fit-
ness error of 4.33 nm, which further reinforces its strong
predictive reliability across varying fiber diameters. For
larger fiber diameters, including 900 nm and 1,000 nm, the
fitness errors exhibited a slight increase. However, they
stayed well within acceptable thresholds, considering the
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heightened complexity involved in controlling electrospin-
ning experimental parameters at larger scales. For instance,
the predicted fiber diameter for the 900 nm target fiber
diameter was 900.49 nm, with a fitness error of 0.49 nm,
while for the 1,000 nm target fiber diameter, the integrated
model generated a predicted fiber diameter of 1,004.14 nm,
corresponding to a fitness error of 4.14 nm.

The capacity of the GA to optimize electrospinning
experimental parameter sets plays a crucial role in achiev-
ing precise control over fiber diameters. Overall, the results
are evident that the fitness error remains consistently within
acceptable limits across all target fiber diameters, confirm-
ing the effectiveness of coupling the XGB predictive model
with GA-driven optimization. For ultra-fine target nanofi-
bers in the 100200 nm range, the XGB model exhibited
outstanding predictive accuracy, maintaining fitness errors
below 0.75 nm. Such precision is key for nanoscale appli-
cations where minor variations in fiber diameter can sig-
nificantly influence the structural integrity and functional
performance of the final product [144]. In summary, the
XGB-GA integration establishes an adaptable and highly
precise methodology for electrospun nanofibrous scaffold
fabrication. Figure 15 illustrates the predictive capability of
the integrated model with XGB in predicting fiber diameters
across various electrospinning conditions optimized by GA.
The plot further confirmed the close agreement between the
target and predicted fiber diameters across the entire 100-
1,000 nm range. The nearly perfect alignment of data points
along the fit line reflects the model’s exceptional accu-
racy and generalization capability, bridging the nanoscale
and microscale fibrous scaffold fabrication and reinforc-
ing its potential as a reliable tool for precision-controlled
electrospinning.

The performance metrics further confirm the effective-
ness of the proposed optimization framework. Within the
optimized subset, this resulted in an R? score of 1.00, indi-
cating a perfect correlation between the target and predicted
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fiber diameters. The R? score reflects the optimization per-
formance of the GA-driven subset rather than the general
predictive capability of the XGB model across the full data-
set. Furthermore, the integrated ML-GA model achieved an
RMSE of 3.207 nm, indicating minimal prediction devia-
tion and exceptional consistency. These metrics collec-
tively affirm that the XGB model delivers high predictive
accuracy, while the GA efficiently explores and exploits the
parameter space to minimize prediction error across diverse
target diameters. Considering that even minor deviations
in fiber diameter can significantly influence the structural,
mechanical, and functional performance of electrospun
nanofibrous scaffolds, this level of precision control is
essential for ensuring high reproducibility and consistent
product quality.

The selection of the GA over alternative techniques, such
as reinforcement learning, was determined by the structural
characteristics of the problem and the need for method-
ological reproducibility. Reinforcement learning is usually
most effective in problems involving sequential decision-
making, temporal dependencies, or adaptive interactions
within dynamic environments. In contrast, the optimiza-
tion challenge addressed in this study is a static regression
problem with a fixed objective function, conditions under
which the GA is more suitable. In addition, GA offers nota-
ble advantages in terms of flexibility, interpretability, and
computational efficiency, particularly in handling continu-
ous variables and multi-dimensional parameter spaces. Its
simple implementation and proven reliability in engineering
optimization contexts further reinforce its appropriateness
for this study.

The practical implications of integrating the predic-
tive XGB model with GA optimization are significant for
both research and industrial electrospinning applications.

Target Diameter (nm)

The GA-optimized parameter sets identified in this study
enable the fabrication of PVA nanofibrous scaffolds with
precisely controlled morphological and structural character-
istics while remaining within the operational limits of stan-
dard electrospinning equipment. Notably, these optimized
findings provide a scientifically convincing starting point
for scientists and researchers. They considerably decrease
the dependence on traditional trial-and-error used in fiber
tuning by effectively capturing the nonlinear interactions
among multiple electrospinning parameters. The XGB-GA
integration delivers data-driven optimization outcomes that
mirror the underlying physical mechanisms of the process,
thereby enhancing both efficiency and reproducibility in
scaffold fabrication.

4 Conclusion

Precise control over fiber diameter in electrospun nanofi-
brous scaffolds critically determines their structural integ-
rity, surface morphology, and biological performance,
making it a key parameter for tissue engineering applica-
tions. This study presents a comprehensive, data-driven
approach that integrates a predictive ML model with GA
optimization to achieve accurate fiber diameter prediction
and parameter optimization for electrospun PVA nanofi-
brous scaffolds. A thoroughly curated dataset comprising
397 data points, sourced from an extensive review of rel-
evant scientific publications, served as the foundation for
developing and evaluating predictive ML models. The com-
parative evaluation of eight distinct ML models revealed
that the XGB model consistently outperformed all others,
exhibiting superior predictive accuracy and robustness.
Specifically, the XGB model achieved high R? scores and
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low RMSE scores across both training and testing datasets,
reflecting its strong capacity to capture complex, nonlin-
ear interdependencies between electrospinning experimen-
tal parameters and resulting fiber diameters. Validation on
unseen test data further confirmed its strong generaliza-
tion capability, featuring its practical reliability and adapt-
ability for real-world electrospinning applications. Model
interpretation analysis enhanced transparency and process
understanding, identifying molecular weight, flow rate, and
polymer concentration as the most influential parameters
governing fiber morphology. These insights offer valu-
able guidance for targeted process tuning and experimental
design. Beyond predictive modeling, integration of the val-
idated XGB model with GA optimization enabled inverse
fabrication. It effectively determined optimal sets of elec-
trospinning experimental parameters to reliably achieve tar-
get fiber diameters ranging from 100 nm to 1,000 nm. The
GA exhibited rapid convergence and high accuracy, effec-
tively minimizing fitness error and reducing reliance on tra-
ditional iterative experimentation. This interaction between
prediction and optimization substantially enhances repro-
ducibility, scalability, and efficiency in electrospun scaffold
fabrication. Collectively, the XGB-GA integration devel-
oped in this study represents a significant advancement in
the computational design and control of electrospinning
processes. It establishes a robust, interpretable, and scal-
able pathway for tailoring nanofibrous scaffold properties
to meet specific biomedical and functional requirements.
This work highlights the transformative potential of data-
driven approaches in materials fabrication, streamlining
the development of next-generation scaffolds with custom-
ized mechanical, morphological, and biological features.
Future research should extend this methodology toward
multi-objective optimization, simultaneously considering
fiber diameter alongside other performance attributes such
as porosity, mechanical strength, and bioactivity. Integrat-
ing real-time sensor feedback and environmental metadata
could further enable adaptive, closed-loop electrospinning
control systems, advancing the field toward intelligent,
autonomous nanomanufacturing. Ultimately, such devel-
opments will accelerate the rational design and clinical
translation of high-performance nanofibrous scaffolds for
regenerative medicine and tissue engineering applications.

Supplementary Information The online version contains supplementary
material available at https://doi.org/10.1007/s00170-026-17480-4.

Author contributions Balakrishnan Subeshan: Writing — original
draft, Visualization, Validation, Software, Methodology, Formal analy-
sis; Eylem Asmatulu: Writing — review & editing, Supervision, Meth-
odology, Conceptualization.

Data availability Please contact the corresponding author for source
code, methodological clarifications, or collaboration inquiries.

@ Springer

Declarations

Competing interest The authors declare no competing financial in-
terests or personal relationships for the completion of the work and
publication of this paper.

Open Access This article is licensed under a Creative Commons
Attribution 4.0 International License, which permits use, sharing,
adaptation, distribution and reproduction in any medium or format,
as long as you give appropriate credit to the original author(s) and the
source, provide a link to the Creative Commons licence, and indicate
if changes were made. The images or other third party material in this
article are included in the article’s Creative Commons licence, unless
indicated otherwise in a credit line to the material. If material is not
included in the article’s Creative Commons licence and your intended
use is not permitted by statutory regulation or exceeds the permitted
use, you will need to obtain permission directly from the copyright
holder. To view a copy of this licence, visit http://creativecommons.o
rg/licenses/by/4.0/.

References

1. Javaid M, Haleem A, Singh RP, Suman R (2023) Sustaining the
healthcare systems through the conceptual of biomedical engi-
neering: a study with recent and future potentials. Biomed Tech
(Berl) 1:39—47. https://doi.org/10.1016/j.bmt.2022.11.004

2. De Kanter AFJ, Jongsma KR, Verhaar MC, Bredenoord AL
(2023) The ethical implications of tissue engineering for regen-
erative purposes: a systematic review. Tissue Eng Part B Rev
29:167-187. https://doi.org/10.1089/ten.teb.2022.0033

3. Khan MUA, Aslam MA, Bin Abdullah MF et al (2023) Recent
perspective of polymeric biomaterial in tissue engineering— a
review. Mater Today Chem 34:101818. https://doi.org/10.1016/
j.mtchem.2023.101818

4. Muzzio N, Moya S, Romero G (2021) Multifunctional scaffolds
and synergistic strategies in tissue engineering and regenerative
medicine. Pharmaceutics 13:792. https://doi.org/10.3390/pharma
ceutics13060792

5. ljaola AO, Subeshan B, Pham A et al (2023) Fabrication, char-
acterization, and in vitro cytotoxicity assessment of tri-layered
multifunctional scaffold for effective chronic wound healing.
Bioengineering (Basel) 10:1148. https://doi.org/10.3390/bioengi
neering10101148

6. Ibrahim DM, Kakarougkas A, Allam NK (2017) Recent advances
on electrospun scaffolds as matrices for tissue-engineered heart
valves. Mater Today Chem 5:11-23

7. Norouzi S, Shemshaki NS, Norouzi E et al (2024) Recent advances
in biomaterials for tissue-engineered constructs: essential factors
and engineering techniques. Mater Today Chem 37:102016

8. Pham A, Subeshan B, Asmatulu E, Asmatulu R (2025) Design
and synthesizing of Hemoglobin-based multifunctional fibers
for improved carbon monoxide absorption rates. Bionanoscience
15:184. https://doi.org/10.1007/s12668-025-01807-8

9.  Zulkifli MZA, Nordin D, Shaari N, Kamarudin SK (2023) Over-
view of electrospinning for tissue engineering applications.
Polym (Basel) 15:2418. https://doi.org/10.3390/polym15112418

10. Suamte L, Tirkey A, Barman J, Jayasekhar Babu P (2023) Vari-
ous manufacturing methods and ideal properties of scaffolds for
tissue engineering applications. Smart Mater Manuf 1:100011. ht
tps://doi.org/10.1016/j.smmt.2022.100011

11. Uddin MN, Desai FJ, Subeshan B et al (2021) Sustainable atmo-
spheric fog water generator through superhydrophobic electro-
spun nanocomposite fibers of recycled expanded polystyrene


http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1016/j.bmt.2022.11.004
https://doi.org/10.1089/ten.teb.2022.0033
https://doi.org/10.1016/j.mtchem.2023.101818
https://doi.org/10.1016/j.mtchem.2023.101818
https://doi.org/10.3390/pharmaceutics13060792
https://doi.org/10.3390/pharmaceutics13060792
https://doi.org/10.3390/bioengineering10101148
https://doi.org/10.3390/bioengineering10101148
https://doi.org/10.1007/s12668-025-01807-8
https://doi.org/10.3390/polym15112418
https://doi.org/10.1016/j.smmf.2022.100011
https://doi.org/10.1016/j.smmf.2022.100011
https://doi.org/10.1007/s00170-026-17480-4

The International Journal of Advanced Manufacturing Technology (2026) 143:2823-2854

2851

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

foams. Surf Interfaces 25:101169. https://doi.org/10.1016/j.surfi
n.2021.101169

Tiirkoglu GC, Khomarloo N, Mohsenzadeh E et al (2024) PVA-
based electrospun materials—a promising route to designing
nanofiber mats with desired morphological shape—a review. Int J
Mol Sci 25:1668. https://doi.org/10.3390/ijms25031668

Younes HM, Kadavil H, Ismail HM et al (2024) Overview of tis-
sue engineering and drug delivery applications of reactive elec-
trospinning and crosslinking techniques of polymeric nanofibers
with highlights on their biocompatibility testing and regulatory
aspects. Pharmaceutics 16:32. https://doi.org/10.3390/pharmaceu
tics16010032

Zhang X, Wang Y, Gao Z et al (2024) Advances in wound dress-
ing based on electrospinning nanofibers. J Appl Polym Sci
141:e54746. https://doi.org/10.1002/app.54746

Ahmadi S, Shafiei SS, Sabouni F (2022) Electrospun nanofibrous
scaffolds of polycaprolactone/gelatin reinforced with layered
double hydroxide nanoclay for nerve tissue engineering applica-
tions. ACS Omega 7:28351-28360

Jiang T, Carbone EJ, Lo KWH, Laurencin CT (2015) Electrospin-
ning of polymer nanofibers for tissue regeneration. Prog Polym
Sci 46:1-24. https://doi.org/10.1016/j.progpolymsci.2014.12.001
Chimerad M, Barazesh A, Zandi M et al (2023) Tissue engineered
scaffold fabrication methods for medical applications. Int J Polym
Mater Polym Biomater 72:1455-1479

Zhang M, Xu S, Wang R et al (2023) Electrospun nanofiber/
hydrogel composite materials and their tissue engineering appli-
cations. J Mater Sci \& Technol 162:157-178

Dolgin J, Hanumantharao SN, Farias S et al (2023) Mechanical
properties and morphological alterations in fiber-based scaffolds
affecting tissue engineering outcomes. Fibers 11:39

Noriega SE, Hasanova GI, Schneider MJ et al (2012) Effect of
fiber diameter on the spreading, proliferation and differentiation
of chondrocytes on electrospun chitosan matrices. Cells Tissues
Organs 195:207-221. https://doi.org/10.1159/000325144

Chen M, Patra PK, Warner SB, Bhowmick S (2007) Role of fiber
diameter in adhesion and proliferation of NIH 3T3 fibroblast on
electrospun polycaprolactone scaffolds. Tissue Eng 13:579-587.
https://doi.org/10.1089/ten.2006.0205

Hodgkinson T, Yuan XF, Bayat A (2014) Electrospun silk fibroin
fiber diameter influences in vitro dermal fibroblast behavior
and promotes healing of ex vivo wound models. J Tissue Eng
5:2041731414551661. https://doi.org/10.1177/2041731414551661
Saiding Q, Cui W (2022) Functional nanoparticles in electrospun
fibers for biomedical applications. Nano Sel 3:999-1011

de Almeida M, Lee A, Itel F et al (2024) The effect of substrate
properties on cellular behavior and nanoparticle uptake in human
fibroblasts and epithelial cells. Nanomaterials 14:342

Xiao M, Yao J, Shao Z, Chen X (2024) Silk-based 3d porous
scaffolds for tissue engineering. ACS Biomater Sci Eng 10:2827—
2840. https://doi.org/10.1021/acsbiomaterials.4c00373

Zhou Y, Hu Z, Du D, Tan GZ (2019) The effects of collector
geometry on the internal structure of the 3d nanofiber scaffold
fabricated by divergent electrospinning. Int J Adv Manuf Technol
100:3045-3054. https://doi.org/10.1007/s00170-018-2899-4
Abdulhussain R, Adebisi A, Conway BR, Asare-Addo K (2023)
Electrospun nanofibers: exploring process parameters, polymer
selection, and recent applications in pharmaceuticals and drug
delivery. J Drug Deliv Sci Technol 90:105156. https://doi.org/10.
1016/j.jddst.2023.105156

Tang C, Levit SL, Swana KF et al (2022) Electrospinning param-
eters and resulting nanofiber characteristics: theoretical to practi-
cal considerations. Appl Polym Nanofibers 1-40

Refate A, Mohamed Y, Mohamed M et al (2023) Influence of
electrospinning parameters on biopolymers nanofibers, with

30.

31

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44.

45.

46.

47.

emphasis on cellulose & chitosan. Heliyon. https://doi.org/10.10
16/j.heliyon.2023.17051

Sivan M, Madheswaran D, Hauzerova S et al (2022) AC elec-
trospinning: impact of high voltage and solvent on the electro-
spinnability and productivity of polycaprolactone electrospun
nanofibrous scaffolds. Mater Today Chem 26:101025

Patil V, Subeshan B, Asmatulu E, Asmatulu R (2023) Enhancing
saline water evaporation rates via floatable, conductive nanopar-
ticles embedded in superhydrophobic cotton gauze at air-water
interface. Diamond Relat Mater 136:110047. https://doi.org/10.1
016/j.diamond.2023.110047

Muthukrishnan L (2022) An overview on electrospinning and its
advancement toward hard and soft tissue engineering applica-
tions. Colloid Polym Sci 300:875-901

Badini S, Regondi S, Pugliese R (2023) Unleashing the power of
artificial intelligence in materials design. Mater Basel 16:5927
Zdarta J, Staszak M, Jankowska K et al (2020) The response
surface methodology for optimization of tyrosinase immobiliza-
tion onto electrospun polycaprolactone—chitosan fibers for use in
bisphenol A removal. Int J Biol Macromol 165:2049-2059
Abdullah N, Kamarudin SK, Shyuan LK, Karim NA (2019) Syn-
thesis and optimization of PtRu/TiO2-CNF anodic catalyst for
direct methanol fuel cell. Int J Hydrogen Energy 44:30543-30552
Olabinjo OO (2024) Response Surface Techniques as an Inevi-
table Tool in Optimization Process. Response Surface Methods-
Theory, Applications and Optimization Techniques. IntechOpen
Yordem OS, Papila M, Menceloglu YZ (2008) Effects of elec-
trospinning parameters on polyacrylonitrile nanofiber diameter:
an investigation by response surface methodology. Mater Des
29:34-44. https://doi.org/10.1016/j.matdes.2006.12.013
Matulevicius J, Kliucininkas L, Martuzevicius D et al (2014)
Design and characterization of electrospun polyamide nanofiber
media for air filtration applications. J Nanomater 2014:859656
Brooks H, Tucker N (2015) Electrospinning predictions using
artificial neural networks. Polym Guildf 58:22-29

Agarwal H, Breining WM, Sanchez-Velazquez G, Lynn DM
(2022) Reactive multilayers and coatings fabricated by spray
assembly: influence of polymer structure and process parameters
on multiscale structure and interfacial properties. Chem Mater
34:1245-1258

Magsood A, Chen C, Jacobsson TJ (2024) The future of material
scientists in an age of artificial intelligence. Adv Sci 11:2401401
Zhang X, An T, Yang G (2024) Computational design of electride
superconductors at high pressures. Comput Mater Today 100020
Aldoseri A, Al-Khalifa KN, Hamouda AM (2023) Re-thinking
data strategy and integration for artificial intelligence: concepts,
opportunities, and challenges. Appl Sci 13:7082

Xue H, Cheng G, Yin W-J (2025) Elemental augmentation of
machine learning interatomic potentials. Comput Mater Today
100026

Maurya SN, Dezfoli ARA, Lin LS (2025) Data-driven approach
for optimizing the Czochralski process and predictive modeling:
a finite element and machine learning analysis. Int J Adv Manuf
Technol 138:3077-3087. https://doi.org/10.1007/s00170-025-15
726-1

Albahra S, Gorbett T, Robertson S et al (2023) Artificial intel-
ligence and machine learning overview in pathology \& labora-
tory medicine: A general review of data preprocessing and basic
supervised concepts. In: Seminars in Diagnostic Pathology. pp
71-87

Rezasefat M, Hogan J (2024) Data-driven integration of syn-
thetic representative volume elements and machine learning for
improved microstructure-property linkage and material perfor-
mance in ceramics. Comput Mater Today 4:100011. https://doi.or
2/10.1016/j.commt.2024.100011

@ Springer


https://doi.org/10.1016/j.heliyon.2023.e17051
https://doi.org/10.1016/j.heliyon.2023.e17051
https://doi.org/10.1016/j.diamond.2023.110047
https://doi.org/10.1016/j.diamond.2023.110047
https://doi.org/10.1016/j.matdes.2006.12.013
https://doi.org/10.1007/s00170-025-15726-1
https://doi.org/10.1007/s00170-025-15726-1
https://doi.org/10.1016/j.commt.2024.100011
https://doi.org/10.1016/j.commt.2024.100011
https://doi.org/10.1016/j.surfin.2021.101169
https://doi.org/10.1016/j.surfin.2021.101169
https://doi.org/10.3390/ijms25031668
https://doi.org/10.3390/pharmaceutics16010032
https://doi.org/10.3390/pharmaceutics16010032
https://doi.org/10.1002/app.54746
https://doi.org/10.1016/j.progpolymsci.2014.12.001
https://doi.org/10.1159/000325144
https://doi.org/10.1089/ten.2006.0205
https://doi.org/10.1089/ten.2006.0205
https://doi.org/10.1177/2041731414551661
https://doi.org/10.1021/acsbiomaterials.4c00373
https://doi.org/10.1007/s00170-018-2899-4
https://doi.org/10.1016/j.jddst.2023.105156
https://doi.org/10.1016/j.jddst.2023.105156

2852

The International Journal of Advanced Manufacturing Technology (2026) 143:2823-2854

48.

49.

50.

SI.

52.

53.

54.

55.

56.

57.

58.

59.

60.

61.

62.

63.

64.

65.

66.

Erkinay Ozdemir M, Ali Z, Subeshan B, Asmatulu E (2021)
Applying machine learning approach in recycling. J Mater Cycles
Waste Manag. https://doi.org/10.1007/s10163-021-01182-y
Lagogiannis I, Meissen F, Kaissis G, Rueckert D (2023) Unsu-
pervised pathology detection: a deep dive into the state of the Art.
IEEE Trans Med Imaging

Mobarak MH, Mimona MA, Islam MA et al (2023) Scope of
machine learning in materials research—a review. Appl Surf Sci
Adv 18:100523. https://doi.org/10.1016/j.apsadv.2023.100523
Papadimitriou I, Gialampoukidis I, Vrochidis S, Kompatsiaris I
(2024) Al methods in materials design, discovery and manufac-
turing: a review. Comput Mater Sci 235:112793

Alli YA, Anuar H, Manshor MR et al (2024) Optimization of
4D/3D printing via machine learning: A systematic review.
Hybrid Adv 100242

Guirguis D, Tucker C, Beuth J (2024) Accelerating process devel-
opment for 3D printing of new metal alloys. Nat Commun 15:582
Ng WL, Goh GL, Goh GD et al (2024) Progress and opportuni-
ties for machine learning in materials and processes of additive
manufacturing. Adv Mater 2310006

Nikooharf MH, Shirinbayan M, Arabkoohi M et al (2024)
Machine learning in polymer additive manufacturing: a review.
Int J Mater Form 17:1-27

Song L, Zhang P, Chen K et al (2025) From classical algorithms
to deep learning: a review of machine vision for monitoring weld-
ing dynamics. Int J Adv Manuf Technol. https://doi.org/10.1007/s
00170-025-16650-0

Sujeeun LY, Goonoo N, Ramphul H et al (2020) Correlating in
vitro performance with physico-chemical characteristics of nano-
fibrous scaffolds for skin tissue engineering using supervised
machine learning algorithms. R Soc Open Sci 7:201293
Entekhabi E, Nazarpak MH, Sedighi M, Kazemzadeh A (2020)
Predicting degradation rate of genipin cross-linked gelatin scaf-
folds with machine learning. Mater Sci Eng C Mater Biol Appl
107:110362

Mortazavi B, Shahrokhi M, Shojaei F et al (2025) A machine
learning-assisted exploration of the structural stability, electronic,
optical, heat conduction and mechanical properties of C3N4 gra-
phitic carbon nitride monolayers. Comput Mater Today 5:100024
Sun Y, Tan YT, Zhao Y et al (2024) Machine learning approach
for process optimization of black nickel electroplating. Int J Adv
Manuf Technol 135:4715-4730. https://doi.org/10.1007/s00170-
024-14606-4

Ta HTT, Ferrario M, Loehlé S, Righi MC (2024) Ab initio
informed machine learning potential for tribochemistry and
mechanochemistry: application for eco—friendly gallate lubricant
additive. Comput Mater Today 1:100005. https://doi.org/10.1016
/j.commt.2024.100005

Ashmore R, Calinescu R, Paterson C (2021) Assuring the
machine learning lifecycle: desiderata, methods, and challenges.
ACM Comput Surv 54:1-39

Li K, Griffin MA, Barker T et al (2023) Embedding data science
innovations in organizations: a new workflow approach. Data-
Centric Eng 4:¢26

Kwaria RJ, Mondarte EAQ, Tahara H et al (2020) Data-Driven
prediction of protein adsorption on Self-Assembled monolayers
toward material screening and design. ACS Biomater Sci Eng
6:4949-4956. https://doi.org/10.1021/acsbiomaterials.0c01008
Gulevich DG, Nabiev IR, Samokhvalov PS (2024) Machine
learning—assisted colloidal synthesis: a review. Mater Today
Chem 35:101837

Kalantary S, Jahani A, Pourbabaki R, Beigzadeh Z (2019) Appli-
cation of ANN modeling techniques in the prediction of the
diameter of PCL/gelatin nanofibers in environmental and medical
studies. RSC Adv 9:24858-24874

Springer

67.

68.

69.

70.

71.

72.

73.

74.

75.

76.

71.

78.

79.

80.

81.

82.

3.

84.

85.

Toscano JD, Li Z, Segura LJ, Sun H (2020) A machine learning
approach to model the electrospinning process of biocompatible
materials. In: International Manufacturing Science and Engineer-
ing Conference. p V0O02T06A031

Wang F, Elbadawi M, Tsilova SL et al (2022) Machine learning
to empower electrohydrodynamic processing. Mater Sci Eng C
Mater Biol Appl 132:112553

Haghdoost F, Razbin M, Bahrami H et al (2022) Modeling and
optimization of the core-shell nanofibrous composite mat as a
scaffold via hybrid models. J Ind Text 52:15280837221112406
Kalantary S, Jahani A, Jahani R (2020) MLR and ann approaches
for prediction of synthetic/natural nanofibers diameter in the
environmental and medical applications. Sci Rep 10:8117

Ma M, Zhou H, Gao S et al (2023) Analysis and prediction of
electrospun nanofiber diameter based on artificial neural network.
Polym (Basel) 15:2813

Nasouri K, Bahrambeygi H, Rabbi A et al (2012) Modeling
and optimization of electrospun PAN nanofiber diameter using
response surface methodology and artificial neural networks. J
Appl Polym Sci 126:127-135

Khatti T, Naderi-Manesh H, Kalantar SM (2019) Application of
ANN and RSM techniques for modeling electrospinning process
of Polycaprolactone. Neural Comput Appl 31:239-248

Brnabic A, Hess LM (2021) Systematic literature review of
machine learning methods used in the analysis of real-world data
for patient-provider decision making. BMC Med Inform Decis
Mak 21:1-19

Collins C, Dennehy D, Conboy K, Mikalef P (2021) Artificial
intelligence in information systems research: a systematic litera-
ture review and research agenda. Int J Inf Manag 60:102383
Sarker IH (2021) Machine learning: algorithms, real-world appli-
cations and research directions. SN Comput Sci 2:160

Gyawali B, Bentley K, Hosseini A et al (2025) Predicting print-
ing height in direct ink writing of wood-clay composites using
explainable machine learning. Int J Adv Manuf Technol 140:197—
213. https://doi.org/10.1007/s00170-025-16374-1

Li X, Chang L, Cao Y et al (2023) Physics-supervised deep learn-
ing—based optimization (PSDLO) with accuracy and efficiency.
Proc Natl Acad Sci 120:¢2309062120

Manning T, Sleator RD, Walsh P (2013) Naturally selecting solu-
tions: the use of genetic algorithms in bioinformatics. Bioengi-
neered 4:266-278

Ghali M, Elghali S, Aifaoui N (2024) Genetic algorithm optimi-
zation based on manufacturing prediction for an efficient toler-
ance allocation approach. J Intell Manuf 35:1649-1670

Huang T, Yin H, Huang X (2024) Improved genetic algorithm for
multi-threshold optimization in digital pathology image segmen-
tation. Sci Rep 14:22454

Zeraati M, Pourmohamad R, Baghchi B et al (2021) Optimization
and predictive modelling for the diameter of nylon-6, 6 nanofi-
bers via electrospinning for coronavirus face masks. J Saudi
Chem Soc 25:101348

Mohammadi M, Mohammadi N, Mehdipour-Ataei S (2020) On
the preparation of thin nanofibers of polysulfone polyelectrolyte
for improving conductivity of proton-exchange membranes by
electrospinning: Taguchi design, response surface methodology,
and genetic algorithm. Int J Hydrogen Energy 45:34110-34124
Cuahuizo-Huitzil G, Olivares-Xometl O, Eugenia Castro M et al
(2023) Artificial neural networks for predicting the diameter of
electrospun nanofibers synthesized from Solutions/Emulsions of
biopolymers and oils. Mater (Basel) 16:5720

Kim GY, Doh SJ, Kim Y et al (2022) Electrospun Polyvinyl Alco-
hol composite nonwovens for air filtration materials in the humid-
ity environment. Fibers Polym 23:690-698. https://doi.org/10.10
07/s12221-022-3418-7


https://doi.org/10.1007/s00170-025-16374-1
https://doi.org/10.1007/s12221-022-3418-7
https://doi.org/10.1007/s12221-022-3418-7
https://doi.org/10.1007/s10163-021-01182-y
https://doi.org/10.1016/j.apsadv.2023.100523
https://doi.org/10.1007/s00170-025-16650-0
https://doi.org/10.1007/s00170-025-16650-0
https://doi.org/10.1007/s00170-024-14606-4
https://doi.org/10.1007/s00170-024-14606-4
https://doi.org/10.1016/j.commt.2024.100005
https://doi.org/10.1016/j.commt.2024.100005
https://doi.org/10.1021/acsbiomaterials.0c01008

The International Journal of Advanced Manufacturing Technology (2026) 143:2823-2854

2853

86.

87.

88.

89.

90.

91.

92.

93.

94.

9s.

96.

97.

98.

99.

100.

101.

102.

103.

104.

Fatahian R, Mirjalili M, Khajavi R et al (2020) Fabrication of
antibacterial and hemostatic electrospun PVA nanofibers for
wound healing. SN Appl Sci 2:1-7. https://doi.org/10.1007/s424
52-020-3084-6

Serbezeanu D, Bargan A, Homocianu M et al (2021) Electrospun
polyvinyl alcohol loaded with phytotherapeutic agents for wound
healing applications. Nanomaterials 11:3336

Yang E, Qin X, Wang S (2008) Electrospun crosslinked polyvinyl
alcohol membrane. Mater Lett 62:3555-3557

Park J-C, Ito T, Kim K-O et al (2010) Electrospun poly (vinyl
alcohol) nanofibers: effects of degree of hydrolysis and enhanced
water stability. Polym J 42:273-276

Yu D, Feng Y-Y, Xu J-X et al (2021) Fabrication, characteriza-
tion, and antibacterial properties of citric acid crosslinked PVA
electrospun microfibre Mats for active food packaging. Packag
Technol Sci 34:361-370

Cimadoro J, Goyanes S (2020) Reversible swelling as a strategy
in the development of smart membranes from electrospun polyvi-
nyl alcohol nanofiber mats. J Polym Sci 58:737-746

Jadbabaei S, Kolahdoozan M, Naeimi F, Ebadi-Dehaghani H
(2021) Preparation and characterization of sodium alginate—PVA
polymeric scaffolds by electrospinning method for skin tissue
engineering applications. RSC Adv 11:30674-30688

Petrut H, Veszi A, Muntean N et al (2022) Mathematical mod-
elling of the electrospinning process for production of Polyvi-
nyl alcohol nanofibers. Stud Univ Babes Bolyai-Studia Chem
3:117-118

Ge JC, Wu G, Yoon SK et al (2021) Study on the preparation and
lipophilic properties of polyvinyl alcohol (PVA) nanofiber mem-
branes via green electrospinning. Nanomaterials 11:2514
Hadipour-Goudarzi E, Hemmatinejad N, Shokrgozar MA (2023)
Fabrication and DOE optimization of electrospun chitosan/gela-
tin/PVA nanofibers for skin tissue engineering. Macromol Mater
Eng 308:2200562

Ranjbar-Mohammadi M, Kargozar S, Bahrami SH, Joghataei
MT (2017) Fabrication of curcumin-loaded gum tragacanth/poly
(vinyl alcohol) nanofibers with optimized electrospinning param-
eters. J Ind Text 46:1170-1192

Wang X, Nakane K (2020) Preparation of polymeric nanofibers
via immersion electrospinning. Eur Polym J 134:109837. https://
doi.org/10.1016/j.eurpolym;j.2020.109837
Ahmadipourroudposht M, Fallahiarezoudar E, Yusof NM, Idris
A (2015) Application of response surface methodology in opti-
mization of electrospinning process to fabricate (ferrofluid/poly-
vinyl alcohol) magnetic nanofibers. Mater Sci Eng C Mater Biol
50:234-241

Zhang C, Yuan X, Wu L et al (2005) Study on morphology of
electrospun poly (vinyl alcohol) mats. Eur Polym J 41:423-432
Doustgani A (2016) Optimization of mechanical and structural
properties of PVA nanofibers. J Ind Text 46:901-913

Elkasaby M, Hegab HA, Mohany A, Rizvi GM (2018) Modeling
and optimization of electrospinning of Polyvinyl alcohol (PVA).
Adv Polym Technol 37:2114-2122

Zahedi P, Rezaeian I, Jafari SH, Karami Z (2013) Prepara-
tion and release properties of electrospun poly (vinyl alcohol)/
poly (e-caprolactone) hybrid nanofibers: optimization of pro-
cess parameters via D-optimal design method. Macromol Res
21:649-659

Gebru KA, Das C (2016) Response surface optimization of elec-
tro-spun polyvinyl alcohol nano-fiber membrane process param-
eters and its characterization. J] Membr Sep Technol 5:140-156
Sorkhabi TS, Samberan MF, Ostrowski KA et al (2022) Electros-
pinning of poly (acrylamide), poly (acrylic acid) and poly (vinyl
alcohol) nanofibers: characterization and optimization study on
the effect of different parameters on mean diameter using Taguchi
design of experiment method. Materials 15:5876

105.

106.

107.

108.

109.

110.

111.

112.

113.

114.

115.

116.

117.

118.

119.

120.

121.

122.

Ziabari M, Mottaghitalab V, Haghi AK (2010) A new approach
for optimization of electrospun nanofiber formation process.
Korean J Chem Eng 27:340-354

Hoseyni SZ, Jafari SM, Tabarestani HS et al (2020) Produc-
tion and characterization of catechin-loaded electrospun nano-
fibers from Azivash gum-polyvinyl alcohol. Carbohydr Polym
235:115979

Jiang G, Zhang S, Qin X (2016) Effect of processing parameters
on free surface electrospinning from a stepped pyramid stage. J
Ind Text 45:483-494

Nataraj D, Reddy R, Reddy N (2020) Crosslinking electrospun
poly (vinyl) alcohol fibers with citric acid to impart aqueous sta-
bility for medical applications. Eur Polym J 124:109484. https://
doi.org/10.1016/j.eurpolym;j.2020.109484

J6z6 M, Simon N, Yi L et al (2022) Improved release of a drug
with poor water solubility by using electrospun water-soluble
polymers as carriers. Pharmaceutics 14:34. https://doi.org/10.33
90/pharmaceutics 14010034

Sharma D, Satapathy BK (2021) Optimally controlled morphol-
ogy and physico-mechanical properties of inclusion complex
loaded electrospun polyvinyl alcohol based nanofibrous mats for
therapeutic applications. J Biomater Sci Polym Ed 32:1182-1202.
https://doi.org/10.1080/09205063.2021.1909414

Tampau A, Gonzalez-Martinez C, Chiralt A (2020) Polyvinyl
alcohol-based materials encapsulating carvacrol obtained by sol-
vent casting and electrospinning. React Funct Polym 153:104603.
https://doi.org/10.1016/j.reactfunctpolym.2020.104603

Gao D, Mi Y, Gao Z (2020) Green approaches for the fabrication
of electrospun poly (vinyl alcohol) nanofibers loaded epidermal
growth factor derivative. Mater Lett 276:128237. https://doi.org/
10.1016/j.matlet.2020.128237

Zelca Z, Krumme A, Kukle S et al (2022) Effect of electrode type
on electrospun membrane morphology using low-concentration
PVA solutions. Membranes 12:609. https://doi.org/10.3390/mem
branes12060609

Wijayanti ID, Saputra AK, Ibrahim F et al (2022) An ultra-low-
cost and adjustable in-house electrospinning machine to produce
PVA nanofiber. HardwareX 11:¢00315. https://doi.org/10.1016/j.
0hx.2022.e00315

Sindhi K, Pingili RB, Beldar V et al (2025) The role of biomate-
rials-based scaffolds in advancing skin tissue construct. J Tissue
Viability. https://doi.org/10.1016/].jtv.2025.100858

Gewers FL, Ferreira GR, Arruda HF, De et al (2021) Principal
component analysis: A natural approach to data exploration.
ACM Comput Surv 54:1-34

Kim J, Yoo S (2019) Software review: Deap (distributed evolu-
tionary algorithm in python) library. Genet Program Evolvable
Mach 20:139-142

Bouchehed A, Laouacheria F, Heddam S, Djemili L (2023)
Machine learning for better prediction of seepage flow through
embankment dams: Gaussian process regression versus SVR and
RVM. Environ Sci Pollut Res 30:24751-24763

El Bilali A, Abdeslam T, Ayoub N et al (2023) An interpretable
machine learning approach based on DNN, SVR, extra Tree, and
XGBoost models for predicting daily Pan evaporation. J Environ
Manage 327:116890

Thanh HV, Ebrahimnia Taremsari S, Ranjbar B et al (2023)
Hydrogen storage on porous carbon adsorbents: rediscovery by
nature-derived algorithms in random forest machine learning
model. Energies 16:2348

Aksoy N, Genc I (2023) Predictive models development using
gradient boosting based methods for solar power plants. J] Com-
put Sci 67:101958

Xi B, Li E, Fissha Y et al (2023) LGBM-based modeling scenar-
ios to compressive strength of recycled aggregate concrete with
SHAP analysis. Mech Adv Mater Struct 1-16

@ Springer


https://doi.org/10.1016/j.eurpolymj.2020.109484
https://doi.org/10.1016/j.eurpolymj.2020.109484
https://doi.org/10.3390/pharmaceutics14010034
https://doi.org/10.3390/pharmaceutics14010034
https://doi.org/10.1080/09205063.2021.1909414
https://doi.org/10.1080/09205063.2021.1909414
https://doi.org/10.1016/j.reactfunctpolym.2020.104603
https://doi.org/10.1016/j.reactfunctpolym.2020.104603
https://doi.org/10.1016/j.matlet.2020.128237
https://doi.org/10.1016/j.matlet.2020.128237
https://doi.org/10.3390/membranes12060609
https://doi.org/10.3390/membranes12060609
https://doi.org/10.1016/j.ohx.2022.e00315
https://doi.org/10.1016/j.ohx.2022.e00315
https://doi.org/10.1016/j.jtv.2025.100858
https://doi.org/10.1007/s42452-020-3084-6
https://doi.org/10.1007/s42452-020-3084-6
https://doi.org/10.1016/j.eurpolymj.2020.109837
https://doi.org/10.1016/j.eurpolymj.2020.109837

2854

The International Journal of Advanced Manufacturing Technology (2026) 143:2823-2854

123.

124.

125.

126.

127.

128.

129.

130.

131.

132.

133.

134.

Mohamed ES, Nagishbandi TA, Bukhari SAC et al (2023) A
hybrid mental health prediction model using Support Vector
Machine, Multilayer Perceptron, and Random Forest algorithms.
Healthcare Analytics 3:100185

Raschka S (2018) Model evaluation, model selection, and algo-
rithm selection in machine learning. arXiv Prepr arXiv181112808
Van Zyl C, Ye X, Naidoo R (2024) Harnessing eXplainable arti-
ficial intelligence for feature selection in time series energy fore-
casting: a comparative analysis of Grad-CAM and SHAP. Appl
Energy 353:122079

Alolaiwy M, Hawsawi T, Zohdy M et al (2023) Multi-objective
routing optimization in electric and flying vehicles: a genetic
algorithm perspective. Appl Sci 13:10427

Mwiiri FK, Daniels R (2020) Influence of PVA molecular weight
and concentration on electrospinnability of Birch bark extract-
loaded nanofibrous scaffolds intended for enhanced wound heal-
ing. Molecules 25:4799. https://doi.org/10.3390/molecules25204
799

Zahra FT, Quick Q, Mu R (2023) Electrospun PVA fibers for drug
delivery: a review. Polym (Basel) 15:3837

Kalluri L, Duan Y, Janorkar AV (2024) Electrospun polymeric
nanofibers for dental applications. J Appl Polym Sci 141:e55224
Hekmati AH, Rashidi A, Ghazisaeidi R, Drean JY (2013) Effect
of needle length, electrospinning distance, and solution concen-
tration on morphological properties of polyamide-6 electrospun
nanowebs. Text Res J 83:1452-1466. https://doi.org/10.1177/004
0517512471746

Somasundaram RS, Nedunchezhian R (2011) Evaluation of three
simple imputation methods for enhancing preprocessing of data
with missing values. Int J Comput Appl 21:14-19

Pan R, Yang T, Cao J et al (2015) Missing data imputation by K
nearest neighbours based on grey relational structure and mutual
information. Appl Intell 43:614—632

Jarrett D, Cebere BC, Liu T et al (2022) Hyperimpute: Gener-
alized iterative imputation with automatic model selection. In:
International Conference on Machine Learning. pp 9916-9937
Virro H, Kmoch A, Vainu M, Uuemaa E (2022) Random forest-
based modeling of stream nutrients at national level in a data-
scarce region. Sci Total Environ 840:156613

@ Springer

135.

136.

137.

138.

139.

140.

141.

142.

143.

144.

Alakent B, Kaya-Ozkiper K, Soyer-Uzun S (2022) Global inter-
pretation and generalizability of boosted regression models for
the prediction of methylene blue adsorption by different clay min-
erals and alkali activated materials. Chemosphere 308:136248
Bak\ir R, Orak C, Yiiksel A (2024) Optimizing hydrogen evolu-
tion prediction: A unified approach using random forests, light-
GBM, and bagging regressor ensemble model. Int J Hydrogen
Energy 67:101-110

Hassanat A, Almohammadi K, Alkafaween E et al (2019) Choos-
ing mutation and crossover ratios for genetic algorithms—a
review with a new dynamic approach. Information 10:390

Ali ZA, Abduljabbar ZH, Taher HA et al (2023) Exploring the
power of eXtreme gradient boosting algorithm in machine learn-
ing: A review. Acad J Nawroz Univ 12:320-334

Machello C, Bazli M, Rajabipour A et al (2023) Using machine
learning to predict the long-term performance of fibre-reinforced
polymer structures: A state-of-the-art review. Constr Build Mater
408:133692

Chen J, Ayranci C, Tang T (2023) Piezoelectric performance of
electrospun PVDF and PVDF composite fibers: a review and
machine learning-based analysis. Mater Today Chem 30:101571
Palak H, Giiler E, Nofar M, Karagiizel Kayao\uglu B (2022)
Effects of D-lactide content and molecular weight on the morpho-
logical, thermal, and mechanical properties of electrospun nano-
fiber polylactide mats. J Ind Text 51:3030S-3056S

Zhang W, He Z, Han Y et al (2020) Structural design and envi-
ronmental applications of electrospun nanofibers. Compos Part A
Appl Sci Manuf 137:106009

Chinnappan BA, Krishnaswamy M, Xu H, Hoque ME (2022)
Electrospinning of Biomedical Nanofibers/Nanomembranes:
effects of process parameters. Polymers 14:3719. https://doi.org
/10.3390/polym14183719

Shabani A, Al GA, Berri N et al (2025) Electrospinning Technol-
ogy, machine Learning, and control approaches: A review. Adv
Eng Mater 2401353

Publisher’s note Springer Nature remains neutral with regard to juris-
dictional claims in published maps and institutional affiliations.


https://doi.org/10.3390/polym14183719
https://doi.org/10.3390/polym14183719
https://doi.org/10.3390/molecules25204799
https://doi.org/10.3390/molecules25204799
https://doi.org/10.1177/0040517512471746
https://doi.org/10.1177/0040517512471746

	﻿Data-driven prediction and optimization of electrospun nanofibrous scaffold diameters for tissue engineering applications using machine learning and genetic algorithms
	﻿Abstract
	﻿1﻿ ﻿Introduction
	﻿2﻿ ﻿Dataset and methods
	﻿2.1﻿ ﻿Dataset Preparation
	﻿2.2﻿ ﻿Data preprocessing
	﻿2.3﻿ ﻿Libraries and tools
	﻿2.4﻿ ﻿Model training, testing, and evaluation
	﻿2.5﻿ ﻿Model interpretation
	﻿2.6﻿ ﻿Genetic algorithm optimization

	﻿3﻿ ﻿Results and discussion
	﻿3.1﻿ ﻿Data collection
	﻿3.2﻿ ﻿Data preprocessing
	﻿3.2.1﻿ ﻿Performance of imputation methods
	﻿3.2.2﻿ ﻿Reviewing spearman’s correlation heatmap


	﻿3.3﻿ ﻿Predictive model training
	﻿﻿3.3.1﻿ ﻿Reviewing hyperparameter tuning with five-fold cross-validation
	﻿3.3.2﻿ ﻿Review of the performance of models

	﻿3.4﻿ ﻿Model validation
	﻿﻿3.5﻿ ﻿Model interpretation
	﻿3.6﻿ ﻿Optimization of electrospinning experimental parameters
	﻿4﻿ ﻿Conclusion
	﻿References


