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ABSTRACT

Electrospinning offers exceptional flexibility in fabricating nanofibers, yet achiev-
ing precise control over fiber diameter, which is crucial for tailoring material
properties, remains a challenge due to the complex and nonlinear interactions
among various process parameters. This study presents a literature-derived,
multi-material predictive-optimization strategy for the computational control of
electrospun fiber diameter. A dataset containing 3000 data points was collected
from published scientific research articles on electrospinning, covering a wide
range of polymers, solvents, and process parameters, and was used to develop
predictive machine learning (ML) models for fiber diameter prediction. Among
the developed models, the extreme gradient boosting (XGB) model performed
best, achieving a coefficient of determination (R?) value of 0.94 and delivering low
prediction errors (root mean square error [RMSE]: 275.02 nm, mean absolute error
[MAE]: 75.40 nm) on the unseen data. Experimental validation using polystyrene
(PS) and polyvinyl chloride (PVC) nanofibers showed close alignment between
predicted and measured fiber diameters, supporting the practical reliability of the
predictive model under real electrospinning conditions. To move beyond forward
prediction, the trained XGB model was integrated with a genetic algorithm (GA)
to enable surrogate-based inverse design of electrospinning parameters for user-
defined target fiber diameters. The GA identified parameter combinations cor-
responding to target diameters between 100 nm and 4000 nm with low surrogate-
model fitness errors. For target diameters of 400 nm and 600 nm, the GA achieved
fitness errors of 0.03 nm and 0.35 nm, respectively. Furthermore, the integrated
XGB-GA approach yielded a perfect linear correlation (R*=1.00) between the
target fiber diameters and the predicted fiber diameters within the GA-optimized
subset, demonstrating the effectiveness of the optimization strategy for precise
diameter control across various electrospinning conditions. Overall, this study
provides a data-driven approach for predicting fiber diameter and guiding elec-
trospinning parameter selection while reducing dependence on trial-and-error
experimentation within the material systems represented in the dataset.
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Introduction

Electrospinning is widely recognized as one of the
most efficient and scalable techniques for fabricat-
ing fibers, primarily due to its distinctive advan-
tages, including ease of operation and adaptability
in producing fibers with diameters ranging from
the nanoscale to the microscale. The demonstrated
capability of electrospinning to fabricate fibers of
varying diameters and characteristic morphologies
emphasizes its potential as a leading methodology in
the advancement of nanomaterials and nanofabrica-
tion processes [1]. Electrospun nanofibers exhibit key
characteristics such as high surface-area-to-volume
ratios, mechanical strength, permeability, poros-
ity, flexibility, and high aspect ratios, making them
essential for a wide range of applications, includ-
ing tissue engineering, bone regeneration, wound
healing, drug delivery, fire-retardant textiles, fil-
tration, sensors, sound absorption, energy harvest-
ing, storage, and environmental remediation [2-5].
Additionally, the one-step nature of electrospinning
provides an opportunity for seamless integration
into continual manufacturing workflows, offering
significant advantages for scaling up production
without compromising efficiency or performance.
These combined characteristics make electrospin-
ning a promising methodology of considerable topi-
cal importance with the potential to address unmet
needs across both research and industrial applica-
tions [6, 7].

The fundamental working mechanism of the elec-
trospinning technique involves the application of a
high-voltage electric charge to a polymer solution,
causing the solution jet to stretch in the presence of a
high electric field, leading to the formation of nanofib-
ers. When the polymer solution is extruded from the
needle tip connected to a high-voltage power source,
it elongates into a conical shape, commonly referred
to as the Taylor cone. At this stage, the increasing
strength of the electric field overcomes the surface ten-
sion of the polymer solution, and the charged solution
jet extrudes as fibers due to the electrostatic forces act-
ing on it. As the solution jet travels, the solvent begins
to evaporate, enabling the solidification of the fibers.
The stretched fibers accelerate toward the collector
due to the attraction of the opposite charge, where
they are eventually deposited and accumulated in the
form of fiber webs [8].

The ability to control the fiber diameter of electro-
spun nanofibers is crucial because it directly influ-
ences the key properties of electrospun nanofibers, as
it directly affects the surface area, mechanical strength,
porosity, and permeability of the nanofibers [9, 10]. In
tissue engineering, nanofibers with smaller fiber diam-
eters are often preferred because they closely mimic
the architecture of the extracellular matrix (ECM),
providing an environment conducive to cell adhe-
sion, proliferation, and differentiation [11]. Similarly,
in drug delivery systems, the drug release rates can be
controlled by adjusting the fiber diameter, allowing for
sustained or targeted delivery [12]. Additionally, fiber
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diameter plays a significant role in determining the
performance of the materials in filtration and energy
storage applications. Fine nanofibers offer higher sur-
face-area-to-volume ratios, which enhance the interac-
tion between the material and the external environ-
ment, leading to improved efficiency in capturing
particles or storing energy [13]. The fiber diameter also
influences the mechanical properties of the nanofib-
ers. Thicker fibers often exhibit greater mechanical
strength, which is essential for applications requiring
structural integrity. On the other hand, thinner fibers
are often more flexible and can be woven into highly
porous structures, which are beneficial in applications
like drug delivery systems, where controlled release
and diffusion are critical [14].

Despite the importance of fiber diameter, one of the
main challenges in electrospinning is the difficulty in
accurately predicting and controlling the fiber diam-
eter. The electrospinning process involves complex
interactions between several process parameters that
govern fiber diameter and formation, making it dif-
ficult to predict the outcome of any single adjustment
without comprehensive experimentation [15]. The
critical process parameters of the electrospinning tech-
nique can be broadly categorized into solution prop-
erties (e.g., polymer concentration, molecular weight,
viscosity, conductivity, surface tension, polymer and
solvent selection), processing parameters (e.g., applied
voltage, flow rate, and needle tip-to-collector dis-
tance), and environmental factors (e.g., temperature
and humidity). All of these parameters play crucial
roles in determining the diameter and morphology of
the resulting nanofibers [16]. Among these parameters,
polymer concentration has been identified as one of
the most significant contributors to the influence of
fiber diameter [17-19].

Tao and Shivakumar conducted a study on poly-
vinyl alcohol (PVA) fibers and showed that polymer
concentrations of 7-16 wt.% resulted in the formation
of beads due to insufficient chain entanglement, lead-
ing to instability in the jet formation, whereas smooth
and uniform fibers were produced at 22 wt.% [20].
Similarly, Zaitoon and Lim found that an increase
in the polymer concentration of polyethylene oxide
(PEO) led to thicker fibers [21]. Sandoval-Herrera et al.
reported similar findings using PVA and polyglycolic
acid (PGA) [22]. These studies demonstrate that poly-
mer concentration plays a pivotal role in controlling
fiber diameter. While polymer concentration is often
the dominant factor in controlling fiber diameters,
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other parameters such as polymer molecular weight,
polymer and solvent type, flow rate, applied voltage,
and needle tip-to-collector distance also significantly
influence fiber diameter and morphology.

Koski et al. [23] explored the effects of polymer
molecular weight, showing that higher molecular
weights contribute to increased solution viscosity,
which in turn affects fiber diameter. Polymers such as
polyacrylonitrile (PAN), polyvinyl pyrrolidone (PVP),
polycaprolactone (PCL), PEO, and PVA are widely
used in electrospinning due to their versatility and
ability to form continuous nanofibers. For example,
PVP, PVA, and PCL are commonly used in biomedical
applications such as drug delivery systems due to their
biocompatibility and water solubility [24-26]. Simi-
larly, PAN is extensively used for producing carbon
nanofibers, which are crucial for filtration and energy
storage applications [27]. PAN nanofibers have been
studied to understand the effect of process parameters
such as applied voltage and flow rate on fiber diam-
eter, with findings showing that higher applied volt-
ages generally produce smaller fibers due to increased
stretching forces [28]. Natural polymers, such as chi-
tosan (CS) and silk fibroin, have also been employed
to create nanofibers for biomedical applications. CSis
particularly noted for its favorable mechanical proper-
ties and biocompatibility, making it suitable for use in
tissue engineering and wound healing [29].

Flow rate is another critical parameter that controls
the fiber diameter and morphology. Lower flow rates
typically allow more time for solvent evaporation and
increased stretching of the solution jet, leading to thin-
ner fibers because the polymer solution has sufficient
time to stretch before reaching the collector [30]. Solarz
et al. [31] found that higher flow rates tend to produce
thicker fibers, as the polymer jet does not have suffi-
cient time to stretch and solidify before reaching the
collector. Kwong et al. [32] conducted further investi-
gations into the effect of flow rate on the morphology
of polysulfone (PSU) fibers, observing that lower flow
rates resulted in smaller fiber diameters. Furthermore,
the distance between the needle tip and the collector
influences the electric field intensity, which in turn
impacts fiber diameter and formation. A shorter dis-
tance may prevent the polymer jet from fully stretch-
ing and drying, leading to thicker fibers, whereas a
longer distance increases stretching but may require
higher voltages to maintain jet stability [33].

Najim et al. [34] found that for PVA nanofibers,
increasing the applied voltage led to an increase in
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fiber diameter. On the other hand, Chinnappan et al.
[35] reported that higher applied voltages tend to pro-
duce smaller fibers due to the increased electrostatic
repulsive forces acting on the solution jet. The effect of
applied voltage is generally not as significant as that
of polymer concentration. However, excessive applied
voltage can cause instability in the jet, resulting in fiber
breakage or inconsistent fiber diameters. These find-
ings further emphasize the complexity of the electro-
spinning process, where various process parameters
interact in nonlinear ways to influence fiber formation.
All of these process parameters are interconnected and
influence the characteristics of electrospun nanofibers.
Even slight variations in a single process parameter
can lead to significant changes in fiber diameter and
morphology [36].

As mentioned previously, despite the widespread
use of electrospinning, one of the significant chal-
lenges for this fabrication technique is accurately pre-
dicting and precisely controlling the fiber diameter.
Therefore, gaining a comprehensive understanding
of the electrospinning process parameters and how
they interact to control fiber diameter is essential for
optimizing the fabrication process and achieving the
desired fiber dimensions for a wide range of applica-
tions. Traditionally, the selection of electrospinning
process parameters has been primarily based on prior
knowledge and has relied heavily on a trial-and-error
method, which is costly, resource-intensive, time-con-
suming, and inefficient for large-scale production. In
addition, the traditional one-factor-at-a-time (OFAT)
approach, where only one parameter is varied while
others are held constant, fails to capture the nonlinear
interactions inherent to the electrospinning process
[37]. Moreover, this approach often performs poorly
with complicated interdependencies between process
parameters, limiting its effectiveness in achieving pre-
cise control over fiber diameter and morphology [38].

Additionally, researchers have tried using statisti-
cal techniques such as response surface methodology
(RSM), a collection of mathematical and statistical
tools designed to facilitate the modeling, analysis, and
optimization of complex processes in which multiple
independent variables influence a desired response.
RSM provides a systematic approach to understanding
the relationships between input parameters and the
response, enabling process optimization [39]. Yordem
et al. [40] employed RSM to optimize electrospinning
conditions for PAN nanofibers, concluding that pol-
ymer concentration had a more significant effect on
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fiber diameter than applied voltage or flow rate. Simi-
larly, Matulevicius et al. [41] used a central composite
design, or type of RSM, to study the effects of solvent
systems, applied voltage, and needle tip-to-collector
distance on the diameter of polyamide-6 (PA6) and
polyamide-6,6 (PA6-6) nanofibers.

Although such studies demonstrate the usefulness
of statistical methods, their applicability is often lim-
ited to relatively narrow experimental windows and
specific material systems. A major limitation of RSM
and related statistical approaches is that they still
require extensive physical experimentation, which
is costly and labor-intensive when multiple param-
eters and material systems are involved. More impor-
tantly, these methods are typically constructed within
bounded experimental ranges and are not readily
transferable across different polymer-solvent com-
binations. This restricts their usefulness to develop
a broader predictive framework for electrospinning
design [42]. In practice, researchers often need a tool
that can predict fiber diameter rapidly from known
process parameters and support the identification of
parameter combinations that achieve a user-defined
target diameter with minimal experimental effort.
Hence, there is a critical need for computational
approaches that enable real-time prediction and
control of fiber diameter based on process parame-
ters. These methodologies not only predict the fiber
diameter based on input process parameters but
also enable the optimization of these parameters to
achieve desired fiber diameters more efficiently. This
advancement would significantly accelerate the fabri-
cation process, ensuring more efficient and consistent
production of nanofibers with the desired diameters.
Such developments would not only save time and
resources but also improve the accuracy and reliability
of nanofiber fabrication for many applications.

There has been growing interest in using machine
learning (ML) algorithms to develop accurate and effi-
cient predictive models for predicting the fiber diam-
eter based on input process parameters to address the
challenges posed by traditional and statistical tech-
niques. The latest advancements in predictive mod-
eling for complex systems involve the application of
ML, a subset of artificial intelligence (Al) techniques
[43]. ML involves the creation of computational algo-
rithms capable of learning patterns and relationships
between input features and output responses from
data [44-46]. Once an ML model has been trained
effectively, it can make predictions instantly with
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high precision, often within seconds, based on various
types of input, including numerical data, text, images,
or videos, which makes ML highly versatile and ideal
for application in a wide range of fields, especially in
time-sensitive scenarios where instant and reliable
predictions are essential [47, 48].

The application of ML represents a transformative
shift in materials science and nanotechnology, moving
away from resource-intensive, time-consuming trial-
and-error methods toward intelligent, data-driven
process optimization [49-52]. While ML has gained
widespread attention in fields such as autonomous
driving, facial recognition, and medical diagnostics, its
potential for revolutionizing fabrication technologies,
particularly in manufacturing processes, remains rela-
tively underexplored. In the field of manufacturing,
ML has been applied to predict the properties of addi-
tively manufactured products, indicating its potential
to transform fabrication workflows [53-56]. However,
there have been limited studies on the application of
ML to assist in the electrospinning process, particu-
larly in predicting fiber diameters. Notable algorithms
used in these studies include artificial neural networks
(ANNSs), support vector regression (SVR), and random
forests (RF) [57, 58]. Among these, ANNs have been
extensively employed due to their strong capacity to
capture complex, nonlinear relationships and their
flexibility in handling various types of data. Nasouri
et al. developed an ANN model to predict the diam-
eter of electrospun PAN nanofibers using four input
parameters: polymer concentration, applied voltage,
flow rate, and needle tip-to-collector distance [59].
Similarly, Khatti et al. applied an ANN model to pre-
dict the fiber diameter of PCL nanofibers, finding that
polymer concentration and flow rate were the most
significant factors influencing fiber diameter [60].

ML models in these studies are developed using
experimental data, where the input features consist
of key electrospinning process parameters, while the
output response is the measured fiber diameter. The
accuracy and performance of these ML models are
generally evaluated using metrics, such as the coef-
ficient of determination (R?), root mean squared error
(RMSE), and mean absolute error (MAE). Despite the
studies conducted so far, the application of ML in the
electrospinning process remains in its early stages.
One of the most significant challenges in effectively
developing ML models in this field is the limited avail-
ability of large, high-quality datasets, which are cru-
cial for training ML algorithms to accurately learn and
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recognize the patterns correlating input features with
output responses [61]. However, the process of col-
lecting experimental data in electrospinning is costly,
resource-intensive, and time-consuming. For research-
ers aiming to develop ML models from scratch to
accelerate their studies, these costs can be significant
and prohibitive, acting as a major hurdle to the wide-
spread adoption of ML in electrospinning research.
This financial burden is even more pronounced for
members of the materials science and nanotechnol-
ogy community who seek a practical tool for design-
ing experiments, as the investment required for data
collection can limit access to advanced predictive ML
modeling techniques [62-64]. Therefore, while the
potential of ML in this field is evident, overcoming the
challenges of data availability and the associated costs
is essential for its broader application and impact.

In addition, several past research studies have
developed pre-trained ML models tailored to spe-
cific electrospinning conditions, and these models
are generally limited to the particular formulations
and parameters on which they were initially trained.
These pre-trained ML models are usually trained in
relatively small datasets collected from a limited num-
ber of experiments tailored to one polymer system or
a narrow set of solution conditions, which can lead
to imbalanced data, overfitting or underfitting issues,
and a reduction in the reliability and generalizabil-
ity of the models [65]. This highlights a critical gap in
the development of generalizable ML models capable
of accommodating a wide range of polymer-solvent
combinations and associated experimental parameters
across various applications. In some medical studies,
ML models have successfully been developed using
data extracted from existing published scientific
research articles, allowing researchers to bypass exten-
sive experimental setups while capturing the diversity
of experimental designs and outcomes [66—68]. Using
data from existing scientific research articles produced
by numerous research groups could offer consider-
able advantages, not only reduce experimental biases
but also improve the generalizability of ML models,
enabling them to be more widely applicable across
different conditions and offering a level of precision
and efficiency unmatched by traditional and statis-
tical methods. Moreover, these ML models provide
researchers with flexibility in predicting desired prop-
erties by accurately modeling the relationship between
input features and output responses without the need
for costly simulations or extensive experimental trials.
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In addition to predictive modeling, ML models can
be combined with optimization algorithms to refine
the electrospinning process further for achieving tar-
get fiber diameters. Genetic algorithms (GA) are one
such optimization tool that can be used in combina-
tion with predictive ML models to optimize process
parameters [69]. GA is a class of evolutionary opti-
mization algorithms inspired by natural selection to
solve complex optimization and search problems. This
algorithm mimic biological processes by using bio-
inspired operators, making them practical for finding
high-quality optimal solutions in scenarios where tra-
ditional methods may struggle [70]. GA simulates evo-
lutionary processes using mechanisms such as selec-
tion, crossover, and mutation to evolve populations
of solutions toward optimal outcomes over successive
generations. The goal is to select the fittest individuals
from each generation, where fitness is determined by
how well a particular solution addresses the problem.
Individuals with the most robust fitness are likely to
be selected for reproduction, ensuring that favorable
traits are passed on and refined in subsequent genera-
tions [71, 72].

Within the context of electrospinning, both ML and
GA have been explored in isolation to predict fiber
properties or optimize experimental parameters. To
the best of our knowledge, this is the first study to
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integrate an XGB-based predictive model trained in a
large-scale literature-derived electrospinning dataset
with a GA for inverse parameter optimization, sup-
ported by experimental validation. Moreover, GA is
well-suited for problems like electrospinning because
it can efficiently search for large parameter spaces and
find optimal experimental parameters without requir-
ing comprehensive exploration. One of the key advan-
tages of GA is its ability to avoid local minima and
find globally optimal solutions in multi-modal, non-
linear optimization problems [73]. Only a few stud-
ies have applied GA in electrospinning. Zeraati et al.
[74] combined an ANN model with a GA to optimize
the electrospinning parameters for PA6-6 nanofib-
ers, identifying an optimal combination of polymer
concentration (16 wt.%), applied voltage (26 kV), and
needle tip-to-collector distance (18 cm) to achieve a
desired fiber diameter of 55.8 nm. Mohammadi et al.
used GA to optimize the electrospinning parameters
for PSU nanofibers, significantly reducing fiber diam-
eters through efficient experimental parameter selec-
tion. This GA-based approach allowed them to explore
a wide range of process parameter combinations and
identify optimal settings for producing nanofibers
with the desired properties [75]. While these studies
highlight the potential of ML-GA integration, also they
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Figure 1 Workflow for developing the predictive machine learning model and optimizing electrospinning process parameters.
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are limited by small datasets and lack general applica-
bility across varied material systems.

In this study, we address these limitations by devel-
oping a literature-derived, multi-material predictive-
optimization framework for electrospinning. By using
ML models to predict fiber diameters based on input
parameters, we can narrow the range of possible solu-
tions, which can then be refined using a GA to achieve
the optimal combination of experimental parameters.
This approach significantly reduces dependency on
trial-and-error experimentation and enables more
efficient and precise control over the electrospinning
process.

We focused on developing a predictive ML model
on a large-scale dataset consisting of approximately
3000 data points collected from published scientific
research articles. This dataset encompasses various
polymer-solvent combinations, including PVA-dis-
tilled water, polyvinyl chloride (PVC)-dimethylacet-
amide (DMAc), polystyrene (PS)-tetrahydrofuran
(THF), and PAN-dimethylformamide (DMF). This
dataset also covers a range of experimental param-
eters, such as polymer concentration, polymer
molecular weight, flow rate, needle tip-to-collector
distance, and applied voltage. Seven predictive ML
models were trained and evaluated, and the best-
performing model demonstrated high predictive
accuracy on unseen test data. Experimental valida-
tion was then conducted using electrospun fibers
fabricated from PS-DMF and PVC-DMAc, showing
strong agreement between predicted and actual fiber
diameters. The best-performing model was further
integrated with a GA for serving as the objective
function to identify optimal electrospinning experi-
mental parameters corresponding to user-defined
target fiber diameters. This integrated approach
functions as a surrogate-based inverse design tool
capable of navigating high-dimensional, nonlinear
parameter spaces while reducing dependence on
extensive trial-and-error experimentation.

The overall workflow of the study is presented
in Fig. 1, demonstrating the step-by-step integration
of predictive modeling and optimization. First, the
development of a predictive model to generate pre-
dicted fiber diameters based on experimental param-
eters. Subsequently, the best-performing model is
integrated with GA to search for process conditions
corresponding to user-defined target diameters. The
final step involves comparing the optimal param-
eter combinations obtained through GA with the
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predicted fiber diameters to ensure alignment with
the target values. The proposed approach signifi-
cantly reduces reliance on trial-and-error experimen-
tation, enabling nanofiber fabrication with tailored
properties for a wide range of applications. The sig-
nificance of this study falls in its contribution to a
broader methodological shift in nanomanufactur-
ing. By bridging prediction and optimization within
a single framework, this study offers a scalable,
adaptable strategy for precision nanofiber fabrication
and provides a template for applying ML and evo-
lutionary algorithms in other complex manufactur-
ing fields where theoretical models are inadequate
or incomplete.

Materials and methods
Predictive model development
Data collection and exploration

A comprehensive dataset containing 3000 data points
was compiled through manual extraction from 284 sci-
entific research articles published between 2005 and
2024. These articles were selected from high-impact
journals in the fields of electrospinning, nanotechnol-
ogy, materials science, and applied engineering. Each
data point in the dataset represents a unique combi-
nation of polymer type, solvent, polymer concentra-
tion, molecular weight, flow rate, applied voltage,
and needle tip-to-collector distance, while the fiber
diameter served as the target variable for prediction.
Fiber diameter values were obtained either directly
from the original publications or measured from the
corresponding scanning electron microscopy (SEM)
images. The dataset includes both synthetic and natu-
ral polymers, including CS, PA6, PA6-6, PAN, PCL,
polymethyl methacrylate (PMMA), PS, PVA, PVC, and
PVP. These polymers were combined with commonly
used solvents such as DMF, DMAc, THF, and distilled
water to provide a representative range of electro-
spinning formulations and processing conditions. To
assess data completeness, the percentage of missing
values was calculated for all key features. Among the
collected variables, flow rate exhibited the highest rate
of missingness at approximately 13.9%, followed by
applied voltage (1.39%) and tip-to-collector distance
(0.54%), whereas the remaining features were fully
available. These incomplete records were retained
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during extraction and labeled as “Not a Number”
(NaN) to be addressed during the preprocessing stage.

Data preprocessing and feature engineering

The curated dataset was subjected to a systematic
preprocessing workflow to address missing values,
reduce potential bias, and improve the reliability of
the ML models. Missing values can adversely affect
predictive performance by weakening statistical rela-
tionships among variables and introducing uncer-
tainty into model training. Therefore, several imputa-
tion methods were explored, including simple mean
and median imputers, k nearest neighbors (KNN)
imputers, iterative imputers using ensemble models
such as random forests and gradient boosting (GB),
and multiple imputation by chained equations (MICE)
imputers. Because the true values of the naturally
missing entries were unavailable, direct reconstruction
accuracy of imputed values could not be evaluated.
Instead, the imputation methods were considered as
part of the overall preprocessing workflow, and the
selected method was applied to generate the final
dataset preparation prior to feature engineering and
model development.

Following imputation, feature engineering was con-
ducted to convert the raw dataset into a format suita-
ble for ML model development. The dataset contained
both categorical variables, such as polymer type and
solvent type, and numerical variables. Because most of
the evaluated ML models require numerical input fea-
tures, categorical variables were transformed prior to
model training. Categorical features, such as polymer
type and solvent type, were transformed using one-
hot encoding, in which each category is represented
as a binary indicator variable. This encoding approach
was selected primarily because the dataset was com-
piled from a large number of published studies and
contained heterogeneous categorical labels without
a complete, standardized, and consistently available
set of physicochemical descriptors for every polymer
and solvent system. Under these conditions, one-hot
encoding provided a simple, transparent, and com-
patible way for incorporating categorical material
identities into the predictive workflow without impos-
ing artificial ordinal relationships. This approach
allowed the models to treat each polymer and solvent
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independently without introducing encode physico-
chemical similarities among materials [76].
Numerical features were standardized using the
Standard Scaler, a widely used method for normaliz-
ing feature distributions. Standardization ensures that
all numerical features are on the same scale, prevent-
ing any single feature from disproportionately influ-
encing the model’s predictions due to differences in
magnitude [77]. Additionally, the target variable, fiber
diameter, was log-transformed to reduce skewness in
the distribution and improve the learning behavior of
the ML models. This transformation helped stabilize
variance, reduce heteroscedasticity, and improve the
linearity of the relationship between input features
and the response variable, thereby enhancing model
training and prediction accuracy, particularly for mod-
els that sensitive to non-uniform target distributions.

Libraries and tools

All data analysis, model training, and optimization
procedures were performed using Python version
3.9. The development and implementation of the pre-
dictive ML models were carried out using standard
Python libraries. The codebase was organized into
modular scripts and Jupyter notebooks to facilitate
clarity and reproducibility. No external non-Python
utilities were used in this work. While formal unit or
integration testing was not performed, the workflow
underwent iterative validation using repeated train-
ing/testing splits and cross-validation (CV) to ensure
reliability. NumPy was employed for numerical opera-
tions and matrix manipulations, providing the foun-
dational structure for large-scale data handling. Pan-
das was used for data management, including data
loading, cleaning, transformation, and preprocessing
workflows, ensuring that the dataset was consistently
organized and accessible for all modeling stages [78].
For data visualization, Matplotlib and Seaborn were
used to create static visualizations of data distribu-
tions, feature correlations, and model performance
metrics, while Plotly provided interactive visualiza-
tions that enabled dynamic exploration of predictions
and optimization behavior. These visualization tools
provide essential feedback at various stages of model
development, helping to identify trends, errors, and
areas for improvement. The core of the ML model
training and evaluation was conducted using the
Scikit-learn library (version 1.2), which provided a
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Figure 2 Schematic of the fivefold cross-validation process for hyperparameter tuning, where the dataset is split into training and test-

ing sets.

unified framework for preprocessing pipelines, CV
strategies, hyperparameter tuning, and performance
evaluation. Gradient boosting libraries such as xgboost
(version 1.7) and lightgbm (version 1.7) were also
employed for developing more advanced gradient
boosting models [79]. The Distributed Evolutionary
Algorithms in Python (DEAP, version 1.3.3) library
was adopted to implement the GA-based optimiza-
tion process to achieve desired fiber diameters [80].

Model development, training, and evaluation

Seven ML models were explored and compared for
their ability to predict fiber diameters based on the
curated dataset. These models included linear regres-
sion (LR), least absolute shrinkage and selection
operator (LASSO), KNN, decision tree (DT), RF, light
gradient boosting machine (LGBM), and extreme gra-
dient boosting (XGB). LR and LASSO were included
as baseline models to assess performance under linear
assumptions, with LASSO offering embedded feature
selection. KNN represents a non-parametric, instance-
based learning approach that captures local patterns in
the data. DTs provide interpretable, rule-based mod-
els, while RF extends DTs through ensemble averaging
to reduce variance. Gradient boosting methods, LGBM
and XGB are modern, high-performance ensemble
techniques that iteratively improve predictions by
focusing on residual errors. This multi-model compar-
ison enabled comprehensive performance benchmark-
ing across models with varying learning capacities.
The curated dataset was partitioned into training
and test sets, with 80% of the data used for training
and the remaining 20% reserved for testing to ensure
robust model development and minimize overfitting.
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In addition to the train-test split, a k-fold (k=5) CV
was employed on the training set to further assess the
generalization capability of each model and to facili-
tate hyperparameter tuning. During each fold of CV,
the training set was divided into five subsets, with
four used for training and one for validation. This
procedure was repeated five times, allowing every
subset to serve once as the validation set. The average
performance across folds provided a reliable estimate
of model stability and helped mitigate variance associ-
ated with random sampling [81].

Hyperparameter tuning was conducted using Grid-
SearchCV, which systematically evaluated combina-
tions of model-specific hyperparameters to identify
those that maximized model performance. The pri-
mary optimization criterion was the R? value, used
to guide the selection of hyperparameters that best
captured the variance in the target variable. For each
model, the optimal configuration derived from the
fivefold CV process was then retrained on the full
training dataset to maximize learning prior to final
evaluation on the independent test set. To further
improve statistical reliability, the training—testing pro-
cedure was repeated five times using different random
training and testing splits to minimize potential bias
associated with a single partition. Figure 2 illustrates
the fivefold CV process, showing how the dataset is
divided into training and test sets and how the best
hyperparameter combinations are selected for retrain-
ing and prediction. The comprehensive exploration
of various hyperparameter combinations for each ML
model is discussed in Sect. 3.3.1.

@@@In addition, the ML models were evaluated
using key performance metrics, including the R? value,
RMSE, and MAE. The R? value represents the propor-
tion of variance in the fiber diameter explained by the
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model, with values closer to 1 indicating stronger pre-
dictive power. In other words, a higher R* value signifies
that the model better captures the underlying patterns
in the data. RMSE measured the square root of the aver-
age squared differences between predicted and actual
values, providing a stronger penalty for larger devia-
tions. MAE calculates the mean of the absolute differ-
ences between predicted and actual values, offering an
intuitive representation of the average prediction error.
The mathematical formulations for R?, RMSE, and MAE
are presented in Eq. (1)-(3), respectively [82]:

Y (vi—f(x))
2t (%’ - ?)2

2
R*=1-

=N

RMSE = J (vi —f(xi))z (2)
=1

MAE = = ; lvi = £ (x:)] ©3)

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

Model residual error distribution

While the performance metrics have offered valuable
insights into the overall accuracy and generalization
ability of the ML models, a detailed examination of the
residual error distribution is crucial for understand-
ing how well these models perform across different
regions of the data. Residuals, calculated as the differ-
ence between predicted and actual values, offer deeper
insight into model behavior by revealing not only the
accuracy of predictions but also patterns of under or
overfitting, biases, and regions where the model may
struggle to generalize. Residual analysis is therefore
essential for understanding where and why predic-
tion errors occur and provides a more comprehen-
sive assessment of model robustness. By examining
residual distributions across different data ranges,
we assessed the model’s ability to generalize beyond
the training data and identified regions of the feature
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space where the model may have struggled to make
accurate predictions.

Model interpretation analysis

To improve the interpretability of the ML models and
identify the most influential features contributing to
fiber diameter prediction, Shapley Additive explana-
tions (SHAP) were employed using the SHAP Python
package. SHAP is a model-agnostic interpretability
method that attributes the contribution of each fea-
ture to a prediction based on cooperative game-theory
principles. It provides both global and local interpret-
ability, enabling a comprehensive understanding of
how each feature influences model behavior across the
dataset and for individual data points. In this study,
SHAP was applied to the best-performing ML model
to calculate both global and local SHAP values for each
test data point. Global interpretation was achieved by
aggregating the SHAP values across the test dataset
to determine the average feature importance, while
local interpretations were obtained for individual
predictions, revealing the direction and magnitude of
each feature’s influence on the predicted fiber diam-
eter. SHAP values quantify how each feature shifts the
model output relative to a baseline, typically the aver-
age predicted fiber diameter. Additionally, the SHAP
summary plots were used to visualize the distribution
of SHAP values for each feature across all data points.
These plots revealed not only the importance ranking
but also how high or low feature values influenced
the predicted outcome. This dual-level interpretabil-
ity provides a comprehensive understanding of how
individual electrospinning parameters influence the
predicted fiber diameter, offering mechanistic insight
into the model’s decision-making process.

Experimental setup
Materials

In this study, nanofibers were fabricated using two
polymers: PS and PVC. PS (molecular weight: 192 kg/
mol) was dissolved in DMF, while PVC (molecular
weight: 80 kg/mol) was dissolved in DMAc. These pol-
ymers and solvents were selected to reflect commonly
used electrospinning formulations while ensuring
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they were not overrepresented in the training dataset.
All polymers and solvents were sourced from Sigma
Aldrich and OM Chemicals.

Electrospinning procedure

To prepare homogeneous solutions for electrospin-
ning, PS was dissolved in DMF at 20 wt.%, and PVC
was dissolved in DMAc at 15 wt.%. The polymer-sol-
vent mixtures were heated on a hot plate equipped
with a magnetic stirrer, with the temperature main-
tained at 75 °C. The stirring speed was kept at 500 rpm
to ensure complete dissolution of the polymers. After
dissolution, the solutions were sonicated using a probe
sonicator for 20 min to achieve uniform dispersion and
eliminate any remaining aggregates or undissolved
particles. The prepared polymer solutions were then
loaded into 10 ml syringes connected to a controlled
feeding pump. During electrospinning, the flow rate
was set to 2 ml/hr., ensuring steady and consistent
delivery of the solution. The needle tip was connected
to a high-voltage supply, and electrospinning was
initiated by applying 25 kV. An aluminum foil sheet
served as the collector and was positioned 25 cm from
the needle tip. These process parameters were stand-
ardized across all samples to ensure repeatability and
isolate the effect of parameter variation on fiber diam-
eter prediction. The entire electrospinning process
was conducted under ambient laboratory conditions
to replicate practical fabrication scenarios.

Scanning electron microscopy characterization

Morphological analysis and fiber diameter measure-
ments were performed using a JOEL 6460LV SEM
operating at an accelerating voltage of 15 kV. Prior to
imaging, all samples were sputter-coated with a thin
gold layer to prevent surface charging. High-resolu-
tion images were captured at various magnifications,
and fiber diameters were measured using Image] soft-
ware. For each sample, 30 individual fiber diameters
were randomly measured to account for morphologi-
cal variability.

Genetic algorithm optimization

The optimization of electrospinning parameters to
achieve desired fiber diameters was conducted using
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a GA integrated with the best-performing predictive
ML model. This integration formed a closed-loop sys-
tem in which the trained ML model served as a predic-
tive surrogate for electrospinning behavior, while the
GA functioned as a global search algorithm for iden-
tifying candidate electrospinning parameter sets that
minimized the absolute error between the predicted
fiber diameters and the desired fiber diameters, which
ranged from 100 nm to 4000 nm. The GA optimization
was guided by a fitness function that calculated each
individual’s fitness score based on the absolute error
between the predicted fiber diameter and the target
fiber diameter. At the start of the optimization, the GA
population size was set to 100 individuals, and each
individual represented a candidate combination of
electrospinning parameters encoded as a numerical
vector. The initial population was generated using a
stratified sampling within the feature ranges repre-
sented in the curated dataset.

In each generation, the GA applied standard evolu-
tionary operations, including fitness-based selection,
crossover, and mutation, over 40 generations to gener-
ate new candidate solutions. These candidate solutions
were then evaluated by the trained ML model, and
the resulting predicted fiber diameters were compared
with the target diameter to update the fitness scores.
The individuals (parameter sets) with the lower error
are considered more fit and are preferentially selected
for the next generation through standard evolution-
ary operations. Throughout the process, an adaptive
mechanism was used to modulate crossover and muta-
tion probabilities. Initially, the crossover probability
was set to 0.7, promoting exploratory recombination
of diverse solutions. The mutation probability started
at 0.3, encouraging variation and preventing prema-
ture convergence by introducing new solutions into
the population. As generations progressed, these prob-
abilities were gradually reduced to shift the search
toward refining high-fitness individuals [83, 84].

It is important to note that the present GA approach
was designed for process optimization within the vari-
ables, material systems, and parameter ranges repre-
sented in the dataset. Thus, the approach is intended
for process optimization within the covered electro-
spinning design space rather than extrapolation to
unseen materials or new variables. To evaluate opti-
mization performance, the best individual obtained at
the end of the 40-generation run was selected as the
optimal candidate solution. The selected parameter
set was then reinserted into the trained ML model to
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Figure 3 Distribution of numerous polymer and solvent types used in electrospinning, employed for machine learning model training

and testing.

generate the corresponding predicted fiber diameter,
which was compared with the target diameter. Sev-
eral performance metrics, including R? value, RMSE,
and MAE, were calculated to quantify the agreement
between target and optimized predicted fiber diam-
eters. In addition, fitness evolution plots were used
to visualize the reduction in optimization error across
generations, while parameter variation plots were
used to track how electrospinning variables changed
during the search process.

Results and discussion
Data collection

The electrospinning dataset developed in this study
comprises 3,000 experimental data points collected
from 284 published scientific research articles, as
described in Sect. 2.1.1. Each data point includes the
material and processing variables relevant to electro-
spinning, while the fiber diameter serves as the tar-
get response variable. The broad range of polymers,
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solvents, and operating conditions represented in the
dataset is important for developing a predictive model
that is sufficiently generalizable across different elec-
trospinning systems. Figure 3 presents the distribution
histograms of the polymer and solvent types included
in the dataset. A wide range of polymer types is rep-
resented, including 216 data points for CS, 243 for
PA6, 200 for PA6-6, 394 for PAN, 356 for PCL, 263 for
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PMMA, 441 for PS, 442 for PVA, 208 for PVC, and 315
for PVP. This broad polymer coverage is significant
because polymer type strongly influences electrospin-
ning behavior through differences in molecular struc-
ture, solution rheology, viscoelasticity, conductivity,
and solvent compatibility. By incorporating multiple
polymer families rather than focusing on a single
material system, the dataset captures a much wider
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experimental space and supports the development of
a more robust ML model for fiber diameter prediction.
For instance, the large number of records for PVA and
PS reflects their popularity in electrospinning research.
PVA is widely used for its excellent electrospinability,
biocompatibility, and water solubility, making it ideal
for biomedical and environmentally responsive appli-
cations [85]. On the other hand, PS is favored for its
mechanical strength and thermal stability and widely
used in structural and filtration applications [86]. Sim-
ilarly, PAN and PCL are commonly used polymers
due to their mechanical strength and biodegradabil-
ity, respectively [87, 88]. Based on the solvent types
collected in the dataset, DMF is the most prevalent,
contributing over 1000 data points. The preference for
DMF is primarily due to its ability to dissolve a variety
of polymers and its suitable evaporation rate, which
helps achieve uniform fiber diameter and morphol-
ogy [89]. Other solvents, such as formic acid and dis-
tilled water, are also well represented, with more than
400 data points each. The presence of these solvents
broadens the chemical diversity of the dataset and is
particularly important because solvent properties such
as volatility, dielectric behavior, conductivity, and pol-
ymer-solvent interaction significantly affect jet stretch-
ing, solvent evaporation, and final fiber diameter.

To the best of our knowledge, the dataset com-
piled in this study is among the largest reported for
ML-based electrospinning fiber diameter predic-
tions, containing 3000 distinct data points. The scale
and diversity of this dataset are essential for identi-
fying relationships between electrospinning inputs
and fiber diameter and for improving the reliability
of the predictive framework. In addition to polymer
and solvent categories, the distributions of the major
experimental process parameters are shown in Fig. 4,
which provides further insight into the operating con-
ditions most commonly used in electrospinning stud-
ies. Figure 4(a) illustrates the distribution of polymer
concentration, which ranges from 0.1 to 80 wt.%. More
than 70% of the data points fall within the 5-20 wt.%
range, reflecting the preferred polymer concentration
range for most electrospinning studies. This range is
crucial to achieving an optimal balance for preventing
jet instability at lower concentrations while avoiding
excessive viscosity, which can slow down the electro-
spinning process at higher concentrations [90]. Fig-
ure 4b shows the distribution of polymer molecular
weights, ranging from 2 to 3000 kg/mol. Most data
points (approximately 95%) are for molecular weights
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below 500 kg/mol. This concentration of data in the
lower molecular weight range suggests that most elec-
trospinning studies employ polymers whose molecu-
lar characteristics support manageable viscosity and
adequate chain entanglement without excessively
hindering solution processability. Molecular weight
is a critical variable because it strongly affects viscoe-
lastic behavior and spinnability; insufficient molecular
weight may lead to unstable jet breakup, while exces-
sively high molecular weight can cause difficulties in
pumping and jet elongation [91].

Flow rate, another critical process parameter in elec-
trospinning and the distribution of flow rate in the
dataset are represented in Fig. 4c. More than 60% of the
flow rate data points are concentrated between 0.1 and
2 mL/h. Low flow rates are typically preferred because
they allow the polymer jet sufficient time for solvent
evaporation before fiber deposition, which helps
minimize bead formation and ensures the produc-
tion of uniform nanofibers [92]. Figure 4d shows the
distribution of needle tip-to-collector distance, which
is another process parameter. The dataset reveals a
wide range of needle tip-to-collector distances, from
3 to 40 cm. A shorter needle tip-to-collector distance
can result in insufficient fiber stretching, leading to
larger diameters, while a longer needle tip-to-collector
distance provides more time for stretching and solvent
evaporation, resulting in finer fibers [93]. Figure 4e
depicts the distribution of applied voltages collected
in the electrospinning dataset, ranging from 3 to 70 kV.
The most common values are between 15 and 25 kV,
accounting for approximately 75% of the data. The
clustering around the applied voltage of 15 kV high-
lights the preference for maintaining a stable jet while
preventing over-stretching of the polymer solution,
which can lead to fiber thinning or instability [94].
Collectively, Figs. 3 and 4 reveal that the dataset cov-
ers a broad range of polymers, solvents, and process
parameters while also reflecting realistic experimental
preferences reported in the electrospinning literature.

Beyond the individual parameter distributions, the
relationship between polymer-solvent combinations
and the resulting fiber diameter is summarized in
Fig. 5. These comparisons are particularly important
because fiber formation in electrospinning is gov-
erned by isolated variables, and interaction between
polymer characteristics and solvent properties. Fig-
ure 5 shows that different polymer-solvent systems
produce substantially different fiber diameter ranges
and variability, emphasizing the need for a predictive
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Polymer & Solvent Type vs Average Fiber Diameter
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Figure 5 Box plots and strip plots reflect the relationship between various polymer-solvent combinations and the average fiber diameter.

framework capable of capturing such coupled effects. The interquartile range for PCL-DCM is extensive,
For example, when PCL is paired with dichlorometh- suggesting high variability, which is likely due to
ane (DCM), the resulting fiber diameters are distrib-  the rapid evaporation rate of DCM [95]. As a highly
uted broadly between approximately 400 and 600 nm.  volatile solvent, DCM evaporates quickly, preventing
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Table 1 Data points from the dataset are collected and used to develop machine learning models

Polymer type Solvent type Polymer concen- Molecular Flow rate  Tip-to-collector ~ Applied volt- Average fiber
tration (wt.%) weight (kg/mol) (mL/h) distance (cm) age (kV) diameter (nm)
CS Acetic acid 0.7 20 0.5 7 15 807
CS TFA 5 250 0.5 14 14.5 361.45
PA6 Acetic acid 7 66 5 40 15 81.5
PA6 Formic acid 3 280 NaN 17 30 208
PA6-6 Formic acid 1 30 0.1 15 14.5 148
PAN DMF 14 150 5 24 13 1890
PCL Acetic acid 10 80 0.8 10 25 267
PCL Acetone 5 80 3 5 15 290
PCL Chloroform 6 80 3 20 10 668
PCL DCM 5 80 0.8 15 18 213
PCL DMF 12.5 80 0.5 17.5 17.5 2830
PCL Formic acid 14 100 0.15 13.5 21 370
PMMA Acetone 4 294.5 0.1 10 40 762
PMMA Chloroform 4 15 0.4 16 10 180
PMMA DCM 10 450 1 15 12 870
PMMA DMF 25 120 4 10 10 2337
PMMA Formic acid 15 120 0.9 12 20 109
PS DMF 0.1 300 1 7 6 369
PS THF 8 192 0.25 20 10 434
PS THF/DMF 5 280 1.2 10 10 150
PVA Distilled water 3 105 0.5 15 15 143
PVC DMAc 5 80 0.5 15 15 400
PVC DMF 2.5 40 1 20 20 533.47
PVC THF 8 80 0.2 15 15 330
PVC THF/DMF 8 80 0.2 15 15 350
PVP Acetic acid 14 1300 0.24 18 10 1407
PVP DMF 20 1300 0.4 25 28 196.15
PVP Ethanol 5 1300 0.5 10 13 275

CS, chitosan; TFA, trifluoroacetic acid; PA6, polyamide-6; PA6-6, polyamide-6,6; PAN, polyacrylonitrile; DMF, dimethylformamide;
PCL, polycaprolactone; DCM, dichloromethane; PMMA, polymethyl methacrylate; PS, polystyrene; THF tetrahydrofuran; PVA, polyvi-

nyl alcohol; PVC, polyvinyl chloride; PVP polyvinyl pyrrolidone

uniform stretching of the polymer jet, which often
results in the formation of larger and more variable
fiber diameters. This aspect highlights the influence of
solvent volatility on jet stability and fiber morphology.
Conversely, when PCL is paired with formic acid, the
fiber diameter is lower, falling below 200 nm, with a
more compact distribution [96].

PAG6 is another polymer that shows distinct differ-
ences when paired with different solvents. The PA6-
formic acid combination exhibits fiber diameters close
to 400 and 600 nm with wide distribution. This broad
range may be due to the high viscosity of PA6-formic
acid solutions, which challenges the formation of a

stable jet, thereby affecting fiber consistency. High vis-
cosity tends to limit the extent of jet thinning, resulting
in thicker fibers [97]. However, when PAG6 is dissolved
in acetic acid, the fiber diameter slightly increases,
with a narrow interquartile range. The higher conduc-
tivity of formic acid compared to acetic acid enhances
the electrostatic stretching of the polymer jet, thereby
reducing fiber diameter and improving uniformity
[98]. The PVA polymer also exhibits exciting behav-
ior when paired with distilled water, a combination
yielding fiber diameters around 500-750 nm, and the
distribution reveals moderate variability. The higher
viscosity of PVA-distilled water solutions, along with
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Figure 6 Comparison of ML model performance obtained using datasets preprocessed with different imputation method, evaluated
using R? and RMSE.

the low volatility of distilled water, contributes to Figure 5 expands the analysis to additional poly-
slower jet solidification, leading to thicker fibers [99]. mers, such as PS and PVP. The combinations of PS
with DMF result in fiber diameters of approximately
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1500 nm with wide variability, which indicates that the
electrospinning of PS-DMF solutions can be inconsist-
ent, primarily influenced by the evaporation rate of
DMEF and its role in controlling solution viscosity and
conductivity [100]. PVC also demonstrates interesting
behavior when combined with different solvents. The
PVC-DMF combination produces fibers with a diam-
eter of around 800 nm and moderate variability. The
fiber diameter of this combination can be attributed to
DMF’s capability for dissolving PVC effectively while
providing sufficient conductivity for jet stretching. In
contrast, when PVC is paired with THEF, it yields larger
fiber diameters, with values exceeding 1600 nm and
a broader distribution. The rapid evaporation rate of
THF may cause inconsistencies in fiber formation,
leading to thicker fibers with more significant vari-
ability [101]. Moreover, PVP combined with acetic acid
results in fiber diameters of approximately 1350 nm
and higher variability in fiber diameter, which sug-
gests that the low viscosity of the solution, coupled
with the favorable conductivity provided by acetic
acid, facilitates the formation of fine, uniform fib-
ers [102]. In contrast, PVP with DMF shows a tightly
packed distribution in fiber diameter, reflecting the
impact of DMF on the electrospinning process [103].
Collectively, these polymer-solvent comparisons
reinforce the importance of including chemically vari-
ous systems in the dataset and justify the use of ML
methods to capture complex nonlinear interactions
that are difficult to describe using simple empirical
rules alone. Finally, Table 1 provides representa-
tive examples of the collected data points, including
combinations of polymer type, solvent, experimental
processing conditions, and the corresponding fiber
diameters. These examples illustrate the scale of the
dataset and serve as a practical reference for the range
of material systems and electrospinning conditions
incorporated into the predictive modeling approach.

Effect of imputation methods on model
performance

Various imputation methods were evaluated to
determine an appropriate method for handling
missing values in the electrospinning dataset prior
to ML model development. As shown in Fig. 6, dif-
ferent imputation methods were applied during
the preprocessing stage, and the resulting datasets
were used to train ML models. The predictive per-
formance of these models was then evaluated using
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the R? and RMSE. Therefore, the reported metrics
reflect the downstream model performance obtained
using datasets generated by different imputation
methods. The simple imputer (mean) replaces miss-
ing values with the arithmetic mean of each feature.
This method assumes that missing values are likely
to occur near the average of the observed data and
is commonly used when the data distribution is
approximately symmetric with limited influence
from extreme outliers [104]. In this study, the dataset
generated using the simple mean imputer produced
strong predictive performance, yielding an R? value
of 0.94 and an RMSE of 179.62 nm. In addition to
providing competitive predictive accuracy, the sim-
ple mean imputer is computationally efficient and
straightforward to implement, making it a practical
choice for preprocessing large datasets.

Another imputation method, the simple median
imputer, replaces the missing values with the median
of the feature. In this study, the simple median
imputer resulted in an R? value of 0.92 and an RMSE
of 186.55 nm. Although median imputation is gener-
ally more robust to outliers than mean imputation,
the slightly higher RMSE observed in this case sug-
gests that it did not offer additional advantages for
this electrospinning dataset. In addition, the KNN
imputer estimates missing values based on the simi-
larity between data points, using the nearest neighbors
in the feature space to infer missing entries [105]. In
this study, the KNN imputer produced an R? value
of 0.91 and an RMSE of 191.54 nm. The slightly lower
predictive performance compared with the simple
imputers may reflect the sensitivity of neighbor-based
estimation to noise in the dataset or to the selection of
neighborhood size.

Furthermore, iterative imputers implemented using
random forest and gradient boosting represent more
complex approaches to handling missing data by iter-
atively estimating each feature with missing values
as a function of other features [106]. These iterative
approaches produced R? values of 0.88 (RF) and 0.86
(GB), with corresponding RMSE values of 233.25 nm
and 271.56 nm, respectively. Although these methods
are capable of capturing nonlinear relationships within
the dataset, they did not outperform the simpler impu-
tation strategies in terms of downstream predictive
performance. Another imputation approach used in
this study was the MICE imputer, which employs
chained equations to iteratively estimate missing val-
ues while accounting for uncertainty in the imputation
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(d) Hyperparameter Tuning Results for DT

Figure 7 continued
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process [107]. The MICE imputer achieved an R? value
of 0.88 and an RMSE of 237.54 nm, which was com-
parable to the performance of the iterative imputers.
Overall, the comparison of imputation methods indi-
cates that the simple mean imputer provided the most
favorable balance between predictive accuracy and
computational efficiency for this dataset. Therefore,
simple mean imputer was selected for the final pre-
processing workflow to generate a complete dataset
for subsequent ML model development.

Predictive model development
Hyperparameter tuning with five-fold cross-validation

Hyperparameter tuning is critical to achieving optimal
predictive ML models to predict the fiber diameter of
electrospun nanofiber. In this study, hyperparameter
tuning was conducted using grid search with a five-
fold CV to identify the best configurations for each ML
algorithm. Figure 7 illustrates the hyperparameter tun-
ing process for each model, revealing the relationship
between different parameter configurations and the
corresponding model performance. Figure 7a presents
the results of hyperparameter tuning for LR, which
reveals how different hyperparameter combinations
can influence the model performance, as indicated by
the R? value. LR, despite its simplicity and interpret-
ability, yielded a relatively low R? value of 0.30, with
the model performing poorly when the intercept term
was excluded. The exclusion of the intercept suggests
that the features in the dataset do not exhibit a lin-
ear trend that benefits from such an adjustment. The
low R? value implies that the relationship between the
input features and the fiber diameter is highly nonlin-
ear, and therefore, the model’s assumptions of linear-
ity are inadequate for capturing the complexity inher-
ent in the data, which is consistent with the findings
of Ureyen and Giirkan. In their work, the LR model
struggled to account for the nonlinear dependencies
between variables, resulting in poor predictive accu-
racy [108].

Figure 7b illustrates hyperparameter tuning results
for LASSO, displaying the influence of the alpha
parameter on the R? value. LASSO, incorporating
L1-regularization to enforce sparsity, also displayed
disappointing results with an R? value of 0.27 despite
its ability to shrink less relevant features toward zero
[109]. However, the lack of improvement compared
to LR highlights the limited capacity of linear models,
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even when regularized, to handle the complex, non-
linear relationships between process parameters and
fiber diameters. The performing regularization param-
eter alpha equals 0.01, which indicates that the degree
of penalization was necessary for any improvement
[110]. The inability of both LR and LASSO models to
account for the nonlinear nature of the parameters
involved suggests that more advanced predictive ML
models are required to capture the true complexities
of electrospinning.

In addition, KNN showed a reasonable improve-
ment, achieving an R? value of 0.59. The optimal
number of neighbors was found to be 9, with distance-
based weighting providing reasonable performance,
as shown in Fig. 7c. KNN's relative performance high-
lights its ability to model local interactions between
features, capturing nonlinear patterns that linear
models fail to address. However, while the model’s
performance is a reasonable improvement, it is cru-
cial to consider the limitations of KNN, particularly its
sensitivity to the curse of dimensionality. As the num-
ber of features increases, the distance between points
in high-dimensional space grows, which can reduce
the effectiveness of nearest neighbor methods and
decrease the predictive accuracy of KNN [111]. This
result aligns with previous studies that applied KNN
to other datasets. Rajani et al. demonstrated KNN’s
ability to model nonlinear relationships, mainly when
local interactions between features are significant
[112].

Figure 7d demonstrates hyperparameter tuning
results for decision trees, illustrating the effect of
maximum depth and minimum sample split on the R?
value. DTs performed significantly better, with a train-
ing R? value of 0.85, indicating that they can model
the nonlinear interactions inherent in the electrospin-
ning process. Notably, the optimal hyperparameter
configuration did not impose a maximum depth on
the tree, allowing it to grow freely. This absence of a
depth constraint likely contributed to the model’s abil-
ity to fit the data closely, as DTs are inherently flexible
and can model highly nonlinear relationships [113].
The best-split criterion was achieved with a min_sam-
ples_split of 5, indicating that the model benefits from
allowing deeper, more nuanced splits in the feature
space. However, while the high R? value is promising,
the lack of pruning due to unconstrained max_depth
raises concerns about overfitting, as the model may
have memorized specific patterns in the training data
rather than generalizing to unseen data.
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Figure 7e presents the results of hyperparameter
tuning for RF, an ensemble of decision trees, showing
the interaction between max_depth and the number
of estimators. RF demonstrated a more robust perfor-
mance with a R? value of 0.91. The model was opti-
mized with 300 estimators and no predefined depth
limit for the individual trees, which highlights the
strength of ensemble methods, as aggregating mul-
tiple unpruned DTs reduces the risk of overfitting by

R? for Training and Test Sets

RMSE
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averaging out noise and capturing dominant patterns
in the data. The absence of a fixed max_depth parame-
ter suggests that RF benefits from deep, complex trees,
which are capable of modeling complex, multi-level
interactions between features and responses. Further-
more, the fact that RF achieved such high predictive
performance without any explicit tuning of max_
depth highlights the model’s inherent robustness to

RMSE for Training and Test Sets

o] ol B

800

_h

600 -

400

0

& \,960 3\\ Qs Vé;?* +(,®
Model

MAE for Training and Test Sets

1

1.0 =3 Train — = = =
3 Test 1 H e

ES

0.8 -

0.6 - B

™
4

0.4 4

0.2 4

0.0 | | | t ]

N3 L & & & & &
\?" & O +
Model
500 -
_b ol
400 -
300 -
3 T
200 -
100 -
1]
& P K
g &
\y

&

!

\!~ ®
Q& 9
K9 +

Model

Figure 8 Performance comparison of machine learning models on training and test sets.

@ Springer



16446

overfitting, as the ensemble averaging process ensures
that no single tree dominates the prediction [114].

Figure 7f and g show the hyperparameter tuning
results for the LGBM and XGB models, respectively.
The LGBM model illustrates how learning rate, maxi-
mum depth, and the number of estimators affect per-
formance on the R? value, while the XGB model visual-
izes the impact of these same parameters. LGBM and
XGB, both gradient boosting models, performed simi-
larly, each achieving an R? value of 0.90. For LGBM,
the optimal hyperparameters included a learning rate
of 0.1, a max_depth of 7, and 500 estimators. XGB
demonstrated a similar configuration, with a learn-
ing rate of 0.1, a max_depth of 7, and 500 estimators.
These results confirm the effectiveness of gradient
boosting models in handling the nonlinearity and
complexity of the fiber diameter prediction task. Ala-
kent et al. also reported strong performance for gradi-
ent boosting models in their application to materials
science tasks [115]. Gradient boosting models build
trees sequentially, with each subsequent tree correct-
ing the errors of its predecessors, allowing the model
to learn highly refined patterns [116]. The similar
performance of LGBM and XGB can be attributed to
their similar underlying algorithms, although LGBM's
leaf-wise growth and XGB’s more aggressive regulari-
zation mechanisms may explain slight differences in
their convergence and stability while generalizing to
unseen data.

The results from hyperparameter tuning clearly
demonstrate that the advanced predictive ML models,
particularly XGB, RF, and LGBM, are far better suited
for capturing the complex relationships between elec-
trospinning process parameters and fiber diameters.
The findings of hyperparameter configurations high-
light the importance of model selection and tuning to
predict the fiber diameter. As observed in several ML-
related studies, the predictive accuracy of ML mod-
els heavily depends on both the choice of algorithm
and the fine-tuning of crucial hyperparameter con-
figurations. However, this study incorporated a new
approach after the identification of optimal hyper-
parameter configurations. Once the optimal hyper-
parameter configurations were identified, they were
employed to retrain the models on the entire train-
ing set, ensuring maximal learning from the available
data. This is a critical step in ML workflows, ensur-
ing that models are thoroughly trained before being
applied to unseen test data.
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Predictive model performance

In this section, we evaluate the performance of seven
ML models applied to predict the fiber diameter of
electrospun nanofibers. We assess the models using
performance metrics, such as R? values, RMSE, and
MAE, which are essential for measuring both the
model fit and its predictive error. Figure 8 provides
a detailed performance comparison of ML models, as
measured by R? value, RMSE, and MAE on both the
training and test sets. An in-depth analysis of these
metrics, both for the training and test sets, provides
insights into each model’s generalization ability and
susceptibility to overfitting. The R* value quantifies
the proportion of variance in fiber diameter explained
by the model, with higher values indicating a better
model fit, while RMSE and MAE represent the abso-
lute errors in prediction.

Both LR and LASSO models exhibited weak per-
formance, with test R? values of 0.14 and 0.08, respec-
tively. The high-test RMSE and MAE values for LR
(1038.97 nm and 477.09 nm) and LASSO (1070.87 nm
and 485.11 nm) indicate that these models are unable
to make accurate predictions of fiber diameters, par-
ticularly in the presence of nonlinear dependencies
among the process parameters and fiber diameters.
This poor performance is unsurprising, given the
known limitations of linear models, where the inter-
actions between input features and output responses
are complex and nonlinear. In electrospinning, fiber
diameter is influenced by a combination of process
parameters that interact in a highly nonlinear man-
ner. LR assumes a direct linear relationship between
the input features and the output response, making
it challenging to model the complex behavior of elec-
trospinning. Subsequently, the incorporation of the
L1-regularization mechanism in LASSO, although
designed to prevent overfitting by shrinking coeffi-
cients, does not address the core issue of model lin-
earity and hence provides no significant advantage in
this nonlinear dataset.

KNN surpassed the linear models with an R? value
of 0.62, RMSE of 691.67 nm, and MAE of 265.13 nm
for the testing data, which further confirms its rela-
tive improvement. The ability of the KNN to model
nonlinear patterns by considering the proximity of
data points in feature space allows it to approximate
the relationships between input process parameters
and fiber diameters. Typically, KNN models nonlin-
ear relationships by assigning importance to local
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regions of the input space, enabling it to approximate
complex interactions between variables [117]. Despite
its improvement over linear models, KNN is still lim-
ited by its sensitivity to the high-dimensional feature
space of the electrospinning process. As dimensional-
ity increases, the concept of nearest neighbors becomes
less reliable, which reduces the capacity of KNN to
accurately capture complex multi-dimensional inter-
actions [118]. Moreover, KNN’s dependence on local
neighbors does not generalize well to unseen test data,
mainly when the test set contains data points that
deviate from the patterns observed in the training set.

The DT algorithm exhibited a strong performance
on the training data with an R? value of 0.99, but its
test performance dropped to an R* value of 0.86. The
difference between training and test results, associated
with an RMSE of 418.72 nm and MAE of 101.64 nm
for the testing data, suggests a typical case of overfit-
ting. DT is powerful in capturing complex nonlinear
interactions and tends to memorize patterns in the
training data, especially when allowed to grow with-
out constraints on depth [119]. In the current model,
the absence of pruning or regularization (e.g., limiting
max_depth) likely allowed the tree to fit the noise in
the training set, which resulted in reduced generaliza-
tion performance on unseen test data. In theoretical
terms, DT can achieve near-perfect performance on the
training data because it is a high-variance ML model.
However, this comes at the cost of overfitting unless
carefully regularized, which is particularly problem-
atic in high-dimensional spaces, where the complex-
ity of the decision boundaries increases exponentially
with the number of features [120].

Furthermore, RF achieved strong performance
on both the training and test sets with R? values of
0.98 and 0.91, respectively. The minimal discrepancy
between the training and test RMSE values (160.00 nm
and 333.26 nm) indicates that RF supports an excel-
lent balance between model complexity and generali-
zation. The performance of RF can be attributed to its
ensemble nature, wherein multiple DTs are trained on
various subsets of the data, and their predictions are
averaged to improve accuracy. By constructing trees
on bootstrapped samples and randomly selecting sub-
sets of features for each split, RF mitigates overfitting
while maintaining high predictive accuracy. This bag-
ging approach reduces variance by ensuring that no
single DT dominates the output of the model, thus
improving generalization to unseen test data [121].
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Both LGBM and XGB performed excellently, with
test R? values of 0.90 and 0.94, respectively. Among all
models, XGB emerged as the most accurate ML model
to predict the fiber diameter of electrospun nanofiber,
achieving the lowest test RMSE (275.02 nm) and MAE
(75.40 nm). The iterative boosting process of XGB
ensures that each successive model in the sequence
focuses on the residual errors of its predecessors,
progressively refining the prediction accuracy. This
mechanism, combined with L1 and L2 regularization
techniques, enables XGB to prevent overfitting while
preserving high predictive accuracy. The superior per-
formance of XGB can also be attributed to its capac-
ity to scale effectively to large datasets and utilize
advanced tree-pruning strategies that augment splits
based on the maximum gain [122]. The ability of XGB
to balance bias and variance is particularly beneficial
for electrospinning, where complex interdependencies
exist between process parameters and fiber diameters.
The fact that XGB outperformed other models high-
lights its effectiveness in high-dimensional, nonlinear
datasets, making it a valuable ML algorithm that can
be applicable to various complicated problems. LGBM,
while slightly less accurate than XGB, with a test
RMSE of 354.95 nm and MAE of 127.73 nm. Although
the performance of LGBM was slightly lower than that
of XGB, its leaf-wise tree growth strategy allows it to
converge faster and more efficiently, making it highly
scalable for large datasets [123].

The performance results of the seven ML mod-
els trained here emphasize the critical importance
of model selection when predicting fiber diameter
in electrospinning. Linear models such as LR and
LASSO, while computationally simple, fail to cap-
ture the nonlinear interactions inherent in the data,
resulting in poor predictive performance. More refined
models, such as KNN and DTs, offer reasonable
improvements in the training data. However, they are
still limited by their sensitivity to dimensionality and
their inclination to overfit. Ensemble ML models, XGB,
LGBM, and RF, stand out as the most effective algo-
rithms for this task, offering high predictive accuracy
and robust generalization. XGB emerged as the most
accurate predictive ML model due to its robust regu-
larization techniques, advanced tree-building algo-
rithms, and ability to iteratively refine its predictions.
The dominance of ensemble ML models, particularly
those using boosting techniques, is well-established
in complex prediction tasks where conventional ML
models fail to account for nonlinear relationships.
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Figure 9 The performance of machine learning models, including a LR, b LASSO, ¢ KNN, d DT, e RF, f LGBM, and g XGB on actual
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Figure 9 continued

Predictive model residual error distribution

While the performance metrics have offered valu-
able insights into the overall predictive accuracy and
generalization ability of the ML models, a detailed
examination of model residual error distributions is
critical to fully understand how well these models per-
form across different regions of the data. Residuals
are calculated as the difference between predicted and

actual values, offering deeper insights into the behav-
ior of the model, revealing not only the accuracy of
predictions but also highlighting patterns of under or
overfitting, biases, and regions where the model may
struggle to generalize [124]. Residual error distribu-
tion clarifies where and why errors occur and provides
a comprehensive depiction of a model’s predictive
capabilities and its ability to generalize across unseen
test data.
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Figure 9a and b illustrate the predictive performance
of LR and LASSO models, showing actual vs. predicted
values, actual vs. residual values, and residual error
distributions. The poor performance of LR and LASSO
models is clearly reflected in both their actual vs. pre-
dicted plots and residual error distributions. The low
R? values for LR and LASSO models indicate that these
linear models fail to capture the variance in fiber diam-
eter. The high RMSE and MAE values support this,
showing that these models are consistently producing
significant prediction errors. The residual distributions
reinforce this, as both models display many residuals
that are widely dispersed in the mid-to-large error
ranges. For instance, 1250 training data points for LR
fall between — 100 and 400 nm residuals, and 430 train-
ing data points fall between -500 and -100 nm residu-
als, indicating poor fit on the training set. A similar
pattern was observed on the test set, with most test
data points for LR falling between -500 and 500 nm
residuals. These significant residual errors arise from
the inability of the linear models to capture the non-
linear relationships between process parameters and
fiber diameters, leading to underfitting. The residual
error distribution of LASSO incorporates an L1-regu-
larization term to penalize significant coefficients. In
the training set, 950 data points fall within the range
of 100, and 400 nm residuals, and 800 data points
fall within the range of -500 and —100 nm residuals,
indicating that the model struggles to fit the data. On
the test set, the residual distribution remains wide,
with 400 data points falling between —350 and 350 nm
residuals. This pattern indicates a failure to generalize,
because LASSO fails to capture the complexity of the
data and underperforms on unseen test data.

The performance metrics of KNN, particularly the
reasonable test R? value of 0.62, suggest a partial abil-
ity to capture some of the local nonlinear interactions
between process parameters and fiber diameters. In the
training set, 1550 data points fall within the range of
-100 and 300 nm residuals, and 430 training data points
fall between -300 and -100 nm residuals, indicating
that KNN can capture some local patterns in the data-
set more effectively, as shown in Fig. 9c. However, the
test residuals of KNN reveal its limitations. The model
shows a wider distribution of residual errors in the test
set, with 350 data points falling within the range of
-100 and 300 nm residuals and 100 data points falling
within the range of —400 and -100 nm residuals. As
mentioned in the previous section, this wider spread
of residual errors reflects the weakness of KNN due to
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the feature space expansion. As feature space expands,
the model struggles to maintain its accuracy, and the
residual errors become more distributed.

Figure 9d illustrates the predictive behavior of
DTs, highlighting actual vs. predicted values, actual
vs. residual values, and residual error distributions.
The DT model demonstrates excellent training per-
formance, as evidenced by an R* value of 0.99, with a
corresponding training RMSE of 114.27 nm and MAE
of 17.45 nm. However, the test performance metrics,
R? value of 0.86, test RMSE of 418.72 nm, and MAE
of 101.64 nm, highlight the issue of overfitting due
to unpruned DTs. This discrepancy between train-
ing and test performance is clearly witnessed in the
residual error distributions. In the training set, 1950
data points fall within the tight error range of 200
and 0 nm residuals, and 400 data points fall within
the error range of 0 to 200 nm residuals, indicating
that the model has learned the training data well.
However, in the test set, the residual error distribu-
tion widens, with 450 data points falling between
-175 and 175 nm residuals. The combination of
low-training residual error and high-test residual
error reflects overfitting, where the complexity of
the model allows it to fit the training data perfectly.
Moreover, the performance of DTs for unseen test
data comes at the cost of generalization.

RF produces an effective balance between training
and test performance, with an R? value of 0.98 on the
training set and 0.91 on the test set. The relatively
low RMSE values indicate that RF performs well at
minimizing prediction errors across both datasets.
The residual error distributions for RF confirm this
strong generalization ability, as illustrated in Fig. 9e.
In the training set, 1950 data points fall between the
—-200 and 0 nm residuals range, and 350 data points
fall between 0 and 200 nm residuals, suggesting that
RF fits within the training set well. The test set also
shows a similar pattern, with 550 data points falling
between the -150 and 150 nm residuals range, indi-
cating that the model maintains a tight residual error
distribution on the unseen test data. The ensemble
nature of RF helps to generalize better by reducing
variance. The high R? values and low RMSE values
reflect its ability to model complex nonlinear relation-
ships, and the residual error distribution supports the
conclusion that RF can effectively minimize residual
errors across various regions of the data space.

Figure 9f and g show the predictive performance of
LGBM and XGB models, showing actual vs. predicted
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values, actual vs. residual values, and residual error
distributions. LGBM and XGB exhibit the most favora-
ble performance metrics and residual error distribu-
tions. XGB emerged as the best-performing predictive
ML model in this study, achieving a test R* value of
0.94, with the lowest test RMSE (275.02 nm) and MAE
(75.40 nm). These metrics reflect the ability of the XGB
to accurately predict fiber diameter across a wide
range of electrospinning conditions. However, the true
strength of the model becomes noticeable when ana-
lyzing the residual error distribution. In both training
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and test sets, the data points for XGB are tightly clus-
tered around zero residuals, indicating a well-cali-
brated model that consistently produces low residual
error across different subsets of the data. The 2100 data
points in the training set and 600 data points in the
test set fall within the —50 and 50 nm residuals range,
resulting in a tight clustering of residuals around zero
and demonstrating that XGB is effective at minimizing
prediction error. Only a small number of test data is
outside this range, highlighting the robustness of the
model. The distribution of residual errors also shows

Table 2 Comparison of actual and predicted fiber diameters for the best-performing XGB model for various polymer-solvent combina-

tions
Polymer type Solvent type  Polymer Molecular Flow Tip-to-collec-  Applied Average fiber Predicted fiber
concentration  weight (kg/  rate tor distance voltage diameter (nm) diameter (nm)
(wt.%) mol) (mL/h)  (cm) kV)
CS Acetic acid 0.7 20 0.5 7 15 807 809.82
CS TFA 5 250 0.5 14 14.5 361.45 362.28
PA6 Acetic acid 7 66 5 40 15 81.5 82.97
PA6 Formic acid 3 280 1.37 17 30 208 206.32
PA6-6 Formic acid 1 30 0.1 15 14.5 148 147.19
PAN DMF 14 150 5 24 13 1890 1878.43
PCL Acetic acid 10 80 0.8 10 25 267 267.93
PCL Acetone 5 80 3 5 15 290 292.19
PCL Chloroform 6 80 3 20 10 668 696.72
PCL DCM 5 80 0.8 15 18 213 215.73
PCL DMF 12.5 80 0.5 17.5 17.5 2830 2838.36
PCL Formic acid 14 100 0.15 13.5 21 370 371.3
PMMA Acetone 4 294.5 0.1 10 40 762 762.72
PMMA Chloroform 4 15 0.4 16 10 180 180.05
PMMA DCM 10 450 1 15 12 870 868.72
PMMA DMF 25 120 4 10 10 2337 2331.28
PMMA Formic acid 15 120 0.9 12 20 109 109.4
PS DMF 0.1 300 1 7 6 369 371.71
PS THF 8 192 0.25 20 10 434 433.86
PS THF/DMF 5 280 1.2 10 10 150 150.05
PVA Distilled water 3 105 0.5 15 15 143 143.02
PVC DMAc 5 80 0.5 15 15 400 400.28
PVC DMF 2.5 40 1 20 20 533.47 531.45
PVC THF 8 80 0.2 15 15 330 329.95
PVC THF/DMF 8 80 0.2 15 15 350 349.86
PVP Acetic acid 14 1300 0.24 18 10 1407 1411.58
PVP DMF 20 1300 0.4 25 28 196.15 194.88
PVP Ethanol 5 1300 0.5 10 13 275 274.98
PS DMF 20 192 2 25 25 645 651.18
PVC DMAc 15 80 2 25 25 369 377.46

Bold values represent additional validation or key reference cases used to further assess the predictive performanceof the XGB model

under specifi ¢ processing conditions not included in the primary dataset.
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that XGB avoids the problem of systematic bias. The
residual errors are symmetrically distributed, with no
strong skew toward under or over-prediction, indicat-
ing that the model is not biased in any direction.

In addition, LGBM exhibits a similarly strong resid-
ual error distribution, though it is slightly less tight
than that of XGB. LGBM performs well, with a test R
value of 0.90 and test RMSE of 354.95 nm. The residual
error distributions further reinforce the dominance
of this gradient boosting model. In the training set,
LGBM has most data points tightly clustered within
the 100 and 100 nm range, showing that they fit the
training data exceptionally well. On the test set, LGBM
maintains this tight residual clustering, with 500 data
points in the —100 and 100 nm residuals range. The
leaf-wise growth strategy of LGBM allows it to build
deeper trees more efficiently, resulting in a perfect fit
to the training data while maintaining good generali-
zation. The slightly wider residual distribution com-
pared to XGB suggests that while LGBM performs
well in most areas, it may struggle in certain complex
regions of the data where more subtle interactions
between process parameters influence fiber diameters.
These residual error findings highlight the importance
of selecting a model capable of handling nonlinearity

Figure 10 Actual vs. pre-
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and effectively balancing bias and variance, especially
in complex tasks like predicting the fiber diameter.

Model validation with the experimental setup

Model validation is a crucial step in this study’s work-
flow, ensuring the consistency and robustness of the
best-performing ML model, mainly when predict-
ing outcomes in complex systems like electrospin-
ning. In this study, model validation was carried out
using both statistical evaluation of predictive per-
formance across the full dataset and experimental
validation using laboratory-fabricated electrospun
nanofibers from PS and PVC polymers. Together,
these approaches provide evidence that the selected
model can capture the nonlinear relationships between
electrospinning parameters and fiber diameter with
a high degree of accuracy. This section explores how
the best-performing XGB model was used to predict
fiber diameters across a wide range of polymer-solvent
combinations and process parameters. It also evaluates
the model’s validation by comparing its predictions
with experimental results. The diverse set of polymers
and solvents ensures that the ML model can handle a
wide range of electrospinning conditions, with each

Actual vs Predicted Fiber Diameter for XGB
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combination presenting different challenges in fiber
formation. The challenge in predicting fiber diameters
lies in the fact that the relationship between electro-
spinning process parameters and fiber diameters is
highly complex and nonlinear.

Among the seven ML models developed, the XGB
model exhibited the best overall predictive perfor-
mance for fiber diameter. Table 2 presents a few data
points from the electrospinning dataset, including the
predicted fiber diameters from the best-performing
XGB model. These examples provide an initial quali-
tative demonstration of the model’s predictive con-
sistency across different polymer-solvent systems. In
general, the predicted fiber diameters align closely
with the collected experimental values reported in
the literature. For instance, the XGB model predicts
a relatively fine fiber diameter of 150.05 nm for PS
in THF/DMF, which is consistent with the expected
electrospinning behavior of PS under those conditions.
Similarly, for PCL in acetone, the model predicts a
fiber diameter of 292.19 nm, which is also consistent
with the fiber size typically associated with low-vis-
cosity solvent environments and good electrospinning
processability.

Figure 10 presents the relationship between actual
and predicted fiber diameters for all 3000 data points
in the electrospinning dataset. The data were split into
an 80/20 ratio for training and testing, further illustrat-
ing the predictive accuracy of the XGB model across

(a)
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both datasets. Most predictions fall within the + 10%
absolute error range, with only a few points falling
outside the +20% absolute error range. The close
clustering of data points along the fit line reflects the
predictive power of the model. For the training set,
the XGB model achieved an R? value of 0.99, with an
RMSE of 60.87 nm and an MAE of 3.90 nm. These met-
rics indicate an excellent fit to the training data, with
minimal error in predicting fiber diameters. For the
test set, the model achieved an R? value of 0.94, with
an RMSE of 275.02 nm and an MAE of 75.40 nm, which
highlights how well the model generalizes to unseen
test data, which is particularly important when consid-
ering the variability in real-world experiments.

The predictive performance of the XGB was robust
across the majority of the dataset, as reflected by its
high R? value and low RMSE on unseen test data.
However, a closer examination of the residual behav-
ior (Fig. 10) reveals that some prediction errors are
clustered in specific regions of the feature space. In
particular, slightly reduced accuracy was observed for
cases involving extreme processing conditions, such
as high applied voltage (> 25 kV) or low polymer con-
centrations (<5%), which correspond to understated
regions in the training dataset. Such conditions are
often associated with greater experimental variability
and more complex electrohydrodynamic behavior,
making them more difficult to model. For instance,
at very low polymer concentrations, the polymer
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Figure 11 a SEM image of electrospun PS nanofibers fabricated from PS and DMF highlights the morphology and distribution of the
nanofiber. b Histogram of fiber diameter distribution, with an average fiber diameter of 645 nm + 160.

@ Springer



16454

J Mater Sci (2026) 61:16424-16468

Ave FD = 369 nm = 101

T TN

300 350 400 450 500 550 600
Fiber Diameter (nm)

Figure 12 a SEM image of electrospun PS nanofibers fabricated from PVC and DMAc highlights the morphology and distribution of
the nanofiber. b Histogram of fiber diameter distribution, with an average fiber diameter of 369 nm+ 101.

solution may not possess enough viscoelastic resist-
ance to sustain continuous fiber formation, whereas
at very high voltages, the jet may undergo excessive
whipping instability or irregular stretching. These
mechanisms increase uncertainty in the relationship
between process parameters and fiber diameters.
Future iterations of the model could benefit from
incorporating additional descriptors such as solution
viscosity, ambient humidity, and solvent evaporation
rate. The high-test-set performance confirms that the
model generalizes well to unseen data drawn from
the literature-derived dataset. However, experimental
validation is still needed to confirm whether the model
remains reliable when applied to newly fabricated
nanofibers under laboratory conditions.

In this study, two different polymer-solvent com-
binations were selected for experimental validation,
which involved fabricating nanofibers under con-
trolled electrospinning conditions, followed by charac-
terization of the fiber diameters using SEM. The exper-
imental results were then compared to the predicted
fiber diameters of the XGB model to assess the accu-
racy and reliability. Two separate experiments were
conducted. One used PS as a polymer with DMF as a
solvent, and the other used PVC with DMAc. These
polymers and solvents were selected based on both
scientific and practical considerations. From a scien-
tific standpoint, these two combinations represent
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contrasting electrospinning ranges. The PS-DMF is
relatively stable and tends to produce smooth, cylin-
drical fibers with more uniform diameters, whereas
the PVC-DMAc system exhibits greater morphological
variability and presents a more challenging electro-
spinning condition. This contrast makes the two com-
binations useful for evaluating whether the predictive
model can remain accurate across materially distinct
processing behaviors. From a practical standpoint, the
selection was also influenced by polymer availability,
solution preparation feasibility, safety considerations,
and compatibility with the available electrospinning
setup.

Figure 11a shows the morphology of the experimen-
tally fabricated PS nanofibers, as observed through
SEM. The PS nanofibers display a smooth, cylindrical
morphology with relatively uniform diameters. This
type of surface and uniformity is commonly observed
in PS fibers produced through electrospinning under
stable process conditions, consistent with findings by
other researchers who reported similar morphologies
for electrospun PS fibers [125-127]. The corresponding
fiber diameter distribution in Fig. 11b shows an aver-
age fiber diameter of 645 nm, whereas the XGB model
predicted a fiber diameter of 651.18 nm for the same
input process parameters, indicating that the predic-
tive ML model is accurate for PS nanofiber prediction.

In addition, Fig. 12a presents the morphology
of PVC nanofibers, which shows morphological



J Mater Sci (2026) 61:16424-16468 :

variability compared to the PS nanofibers. The SEM
image reveals a less uniform morphology, including
bead-like structures and noticeable diameter varia-
tion. Such irregularities are commonly associated with
less stable electrospinning conditions and may arise
from local fluctuations in viscosity, solvent evapora-
tion behavior, or electric field-driven jet instability
[128]. Razzaq et al., observed similar bead formation
and irregularities in PVC fibers under suboptimal
electrospinning conditions [129]. The corresponding
fiber diameter distribution in Fig. 12b yielded an aver-
age experimental diameter of 369 nm, while the XGB
model predicted 377.46 nm, which is slightly larger
than the experimental result. Although the prediction
error is slightly larger than that observed for PS-DMF,
the agreement remains strong, especially considering
the higher morphological variability of this system.
The comparison between the two validation sys-
tems is particularly informative. The PS nanofiber
represents a condition with relatively stable jet for-
mation and smooth fibers, while the PVC nanofiber

Figure 13 SHAP feature

importance plot for the XGB Molecular Weight
model, ranking input features
based on their average contri-

bution to model predictions.
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reflects a less stable condition with more pronounced
defects and broader fiber diameter variability. How-
ever, in both cases, the predicted fiber diameters
are very close to the experimentally measured fiber
diameters, particularly when considering the inher-
ent variability in the electrospinning process and the
distribution of fiber diameters observed in the SEM
images. Both SEM images and predictive modeling
results show that the developed XGB model provides
a robust prediction of fiber diameters, even when
morphological variability is present.

At the same time, the scope of this validation
should be interpreted carefully. Although the full
dataset contains ten polymers and multiple solvent
systems, the experimental validation was limited to
two polymer-solvent combinations. Therefore, the
present results should be viewed as a targeted dem-
onstration of practical predictive reliability, rather
than a complete experimental confirmation of uni-
versal model applicability across the entire data-
set. The statistical evaluation across the full dataset
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demonstrates strong predictive generalization within
the data distribution, while the experimental vali-
dation provides direct evidence that the model can
translate successfully to real electrospinning experi-
ments under two distinct conditions.

Overall, the experimental validation results dem-
onstrate that predictive ML models trained on pre-
viously published data can be effectively applied to
electrospinning setups without the need for prior
empirical experiments. The XGB model captures
the overall trend, and the error falls within a range
acceptable for this type of prediction. The minor dis-
crepancies between predicted and experimental fiber
diameters are expected in the ML model validation,
particularly in complex processes like electrospin-
ning, where several factors can contribute to varia-
tions in fiber formation [130]. Differences in environ-
mental conditions, minor inconsistencies in polymer
solution properties, and equipment-related factors
during electrospinning can all introduce variability.
Despite this, the close alignment of the predicted
and experimental fiber diameters demonstrates the
robustness of the XGB model and provides reliable
predictions even when exposed to new experimental
setups. The success of the XGB model in predicting
fiber diameters for a wide variety of polymer-sol-
vent combinations carries significant implications
for research and the industrial market. Traditional
experimental approaches are costly, time-consum-
ing, and resource-intensive, requiring multiple iter-
ations to fine-tune variables. The use of predictive
ML models like XGB offers a data-driven approach
to solving this problem, enabling researchers and
scientists to predict outcomes with a high degree
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of accuracy and significantly reduce the number of
experimental trials required in materials science and
nanotechnology.

Model interpretation

To improve the interpretability of the XGB model and
gain deeper insights into how each experimental input
parameter influences the predicted fiber diameter,
SHAP were employed. Figure 13 presents the SHAP
feature importance plot for the XGB model, ranking
the input features based on their average contribution
to the model’s predictions across the entire dataset.
Among all features, molecular weight emerged as the
most influential, exhibiting the highest mean SHAP
value. This observation aligns well with established
knowledge regarding the effect of molecular weight
on polymer solution viscosity and chain entanglement,
two critical factors that govern fiber morphology dur-
ing electrospinning. Polymer concentration and poly-
mer type were the next most important features, rank-
ing second and third, respectively. Higher polymer
concentrations increase solution viscosity and improve
jet stability, typically resulting in thicker fibers. Poly-
mer type, a categorical variable, encapsulates intrinsic
material characteristics such as solubility, conductiv-
ity, and dielectric properties, all of which critically
influence electrospinnability and fiber formation.
Other input features, such as applied voltage and sol-
vent type, showed moderate importance. In contrast,
flow rate and tip-to-collector distance, though part of
the core experimental setup, demonstrated relatively
lower influence on model predictions.

Fitness Evolution Over Generations for Target Diameter: 600 nm
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Figure 15 Fitness evolution over generations for achieving target fiber diameters of 400 nm (left) and 600 nm (right).
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Figure 14 displays the SHAP summary plot, which
provides a more detailed view of the impact and direc-
tionality of each feature across all predictions. In this
plot, each dot represents a SHAP value for a single
data instance, with colors indicating the magnitude
of the feature value (from low to high). For molecu-
lar weight, higher values consistently correspond to
positive SHAP values, indicating a strong tendency to
increase the predicted fiber diameter. Similar behavior
was observed for polymer concentration, reinforcing
its known positive correlation with fiber thickness.
These trends are consistent with physical expectations
and experimental literature. The effects of applied
voltage and solvent type were more context-depend-
ent, displaying both positive and negative SHAP
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values depending on their specific magnitudes and
interactions with other features. Flow rate generally
showed a negative influence on predicted diameter at
lower values; however, in certain instances, high flow
rates positively contributed to diameter predictions,
likely due to synergistic effects with polymer concen-
tration or type. Similarly, tip-to-collector distance had
a minimal but variable influence, with SHAP values
oscillating between positive and negative depending
on the overall parameter configuration. The global
feature rankings strongly align with known experi-
mental findings, while the local SHAP insights offer
a nuanced understanding of how individual feature
combinations affect model outputs.

Parameter Variations Across Generations for Target Diameter: 400 nm
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Figure 16 Parameter variations across generations for the surrogate-based optimization toward a target fiber diameter of 400 nm.
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Genetic algorithm optimization

The optimization of electrospinning process param-
eters was conducted using GA, which fine-tuned
the electrospinning process parameters to achieve
precise control over fiber diameters, minimizing the
error between the target and XGB model-predicted
fiber diameters. In this study, the trained XGB model
functions as a fast, accurate surrogate, replacing costly
and time-consuming experiments. The GA iteratively
proposes candidate input parameter combinations
and receives fiber diameter predictions from the XGB
model, forming a closed-loop optimization system.
This approach uses the adaptive nature of GA to
explore a range of electrospinning process parameter

configurations, with the objective of achieving a close
match to the ten user-defined target fiber diame-
ters between 100 nm and 4000 nm (100 nm, 200 nm,
400 nm, 500 nm, 600 nm, 800 nm, 1000 nm, 2000 nm,
3000 nm, and 4000 nm). GA was chosen because it is
well-suited for nonlinear and high-dimensional opti-
mization problems in which multiple interacting vari-
ables influence the response [131]. In this study, the
optimization was carried out within the surrogate-
model space learned by XGB, and therefore the result-
ing parameter sets should be interpreted as candidate
process conditions predicted by the trained model.
The GA optimization proven rapid convergence, as
shown in Fig. 15, which illustrates the fitness evolution
of multiple generations for two target fiber diameters,

Parameter Variations Across Generations for Target Diameter: 600 nm
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Figure 17 Parameter variations across generations for the surrogate-based optimization toward a target fiber diameter of 600 nm.
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400 nm and 600 nm. The optimization for the target
fiber diameter of 400 nm showed a decrease from the
initial fitness error, starting at approximately 7 nm,
dropping sharply within the first five generations, and
stabilizing at a final fitness error of 0.03 nm. This rapid
convergence indicates that the GA quickly explored
the parameter space and identified an optimal set of
process parameters to achieve the target fiber diameter
with high accuracy. Similarly, for the target fiber diam-
eter of 600 nm, the fitness error started at 26.34 nm
and dropped significantly within the first few gen-
erations, stabilizing at a fitness error of 0.35 nm. The
convergence occurred within approximately five
generations, after which minimal improvement was
observed. These results indicate that the GA efficiently
navigated the surrogate-model parameter space and
rapidly identified candidate solutions that closely
satisfied the XGB-based objective function. The rapid
convergence of fitness error values for both target fiber
diameters (400 nm and 600 nm) suggests that the GA
effectively balances the exploration of the parameter
space to find the optimal process parameters.

In addition to the fitness evolution plots, the param-
eter variation plots offer a detailed view of how the
GA explored and refined the search space over suc-
cessive generations. Also, parameter variation plots
demonstrate how the GA explored different process
parameter combinations in the early generations
before gradually refining its search and converging
on optimal process parameters for achieving target
fiber diameters of 400 nm and 600 nm. Figure 16 cor-
responds to the target fiber diameter of 400 nm opti-
mization and shows how the GA initially explored
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a wide range of polymer types and solvents. Early
generations tested polymers such as PA6-6, PS, and
PMMA before eventually selecting PVA as the optimal
polymer. PVA’s convergence reflects its compatibil-
ity with the electrospinning process under the cho-
sen operating conditions, particularly for achieving
fine nanofibers in the sub-micron range with a fiber
diameter of 400 nm [132]. Similarly, the solvent type
evolved from formic acid and DMF to distilled water.
The selection of distilled water likely indicates its abil-
ity to fabricate a stable jet and fine fibers in combina-
tion with PVA, avoiding the issues of bead formation
or fiber breakage often associated with less suitable
solvent systems [133].

The numerical parameters also stabilized rap-
idly, with the polymer concentration converging to
6.00 wt.% within the first few generations after ini-
tially exploring higher concentrations that likely
resulted in overly viscous solutions, leading to thicker
fibers. Similarly, molecular weight, which stabilized
at 84.90 kg/mol, plays a crucial role in determining
the nanofiber’s mechanical properties and spinnabil-
ity. Lower molecular weights might have resulted in
unstable jet formation, while higher molecular weights
could lead to fiber clogging or inconsistent diameter
distribution. Furthermore, the rapid convergence of
the flow rate, needle tip-to-collector distance, and
applied voltage also reveal essential understandings.
The flow rate quickly settled at 1.00 mL/h, which is
consistent with the need for a controlled and moderate
polymer feed to ensure uniform fiber formation. The
needle tip-to-collector distance of 10.00 cm suggests
an optimal balance between jet elongation and fiber

Table 3 Optimized polymer-solvent combinations and key electrospinning parameters for achieving target fiber diameters

Target fiber Polymer type Solvent type Polymer concen- Molecular Flow rate  Tip-to-collector ~ Applied
diameter (nm) tration (wt.%) weight (kg/mol) (mL/h) distance (cm) voltage
&V)

100 PMMA Acetone 1.99 293.88 0.10 9.99 19.99
200 CS Acetic acid 2.50 294.00 1.50 25.00 10.00
400 PVA Distilled water 6.00 84.90 1.00 10.00 25.00
500 PVA Distilled water 10.00 85.28 0.40 10.00 25.02
600 PVA Distilled water 10.00 85.04 1.00 10.00 10.00
800 PS DMF 20.00 334.33 1.37 15.00 15.00
1000 PA6 Formic acid 20.01 9.83 0.20 8.00 12.00
2000 PS DMF 20.00 349.69 1.00 30.00 20.00
3000 PS DMF 30.00 280.40 0.60 34.00 30.00
4000 PS DMF 30.00 280.00 1.00 10.00 15.00
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solidification. Lastly, the applied voltage of 25.00 kV
highlights the importance of electrostatic forces in
achieving finer nanofibers. Higher voltages enhance
jet elongation and thinning, which is consistent with
the findings that achieving the 400 nm fiber diameter
requires higher electrical forces.

Additionally, Fig. 17 depicts the optimization for
the target fiber diameter of 600 nm, which shows a
similar trend in polymer type and solvent selection,
with PVA and distilled water emerging as optimal
combination. However, key process parameters dif-
fered to account for the larger target fiber diameter.
Polymer concentration stabilized at 10.00 wt.%, a sig-
nificant increase compared to the other target fiber
diameter of 400 nm. This higher concentration sug-
gests that thicker nanofibers require more viscous
solutions, providing greater resistance to jet stretch-
ing and producing larger fiber diameters. Similarly,
molecular weight settled at 85.04 kg/mol, close to the
value optimized for the 400 nm target fiber diameter,
reflecting the robustness of PVA’s molecular weight
for producing fibers across a range of diameters.

The flow rate for the 600 nm target fiber diameter
remained constant at 1.00 mL/h, while the needle tip-
to-collector distance also stabilized at 10.00 cm. These
similarities suggest that, despite the change in fiber
diameter, specific process parameters such as flow rate
and needle tip-to-collector distance maintain an opti-
mal range, regardless of target fiber diameter. How-
ever, the applied voltage for the 600 nm target fiber
diameter converged at a significantly lower value of
10.00 kV compared to the 25.00 kV required for the
400 nm target fiber diameter. This lower applied volt-
age indicates that the electrostatic forces needed to
produce thicker fibers are reduced, as less elongation
and stretching are required during jet formation [134].

According to the parameter variation plots for both
target fiber diameters, the GA optimization process
followed the expected transition from broader explo-
ration in the early generations to local refinement in
later generations. The sharp decrease in fitness errors
during the early generations, as seen in the fitness
evolution plots, is closely linked to the rapid conver-
gence of key process parameters, which suggests that
GA was able to quickly identify process parameter
combinations that produced fiber diameters close to
the target fiber diameters. However, the optimized
parameter combinations should be interpreted care-
fully. Because the fitness function was defined entirely
in terms of the XGB-predicted fiber diameter, the
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resulting solutions represent parameter combinations
that are optimal with respect to the predictive ML
model. Table 3 summarizes the best polymer-solvent
combinations and process parameters identified by
the GA for fabricating target fiber diameters ranging
from 100 to 4000 nm. These results reflect the capabil-
ity of the GA to explore the complex parameter space
dynamically and adaptively select the most effective
polymer-solvent combinations along with key electro-
spinning parameters.

For fabricating ultra-fine nanofibers with a target
fiber diameter of 100 nm, the GA identified PMMA
and acetone as the optimal polymer-solvent combina-
tion. PMMA is well known for its ability to produce
fine nanofibers due to its favorable electrospinnabil-
ity, particularly in combination with low-boiling-point
solvents such as acetone, which ensures rapid solvent
evaporation during fiber formation. The low poly-
mer concentration (1.99 wt.%) is a critical factor here,
which results in less viscous solutions, allowing for
increased stretching of the polymer jet under electro-
static forces, ultimately yielding thinner fibers. Fur-
thermore, the molecular weight of 293.88 kg/mol pro-
vides sufficient polymer chain entanglement, which
stabilizes the polymer jet, preventing breakage and
bead formation during the electrospinning process.
The optimization of the process parameters, such as a
low flow rate of 0.10 mL/h and a needle tip-to-collector
distance of 9.99 cm, ensures a controlled, steady jet
flow that allows for the formation of uniform nanofib-
ers with minimal fiber diameter variation. The applied
voltage of 19.99 kV reflects the need for high electro-
static forces to stretch the polymer solution into ultra-
fine fibers.

For target fiber diameters in the range of 400 nm to
800 nm, the GA selected PVA as the optimal polymer
and distilled water and DMF as optimal choices for the
solvent types in multiple instances, highlighting PVA’s
versatility across a wide range of fiber diameters. PVA
is a hydrophilic, biocompatible polymer commonly
used in electrospinning due to its water solubility,
ease of processing, and film-forming solid properties.
The solvent choices of distilled water (for target fiber
diameters of 400 nm, 500 nm, and 600 nm) and DMF
(for 800 nm) reflect the critical role those solvent prop-
erties play in fiber formation. For a target diameter of
400 nm, the optimal polymer concentration was iden-
tified as 6.00 wt.%, which is consistent with previous
studies that report a polymer concentration between
5-10 wt.% as ideal for producing nanofibers with
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Table 4 Comparison between target fiber diameters and predicted fiber diameters generated by predictive XGB model on optimized

polymer-solvent combinations and key electrospinning parameters

Target fiber Polymer Solvent type Polymer Molecular  Flow Tip-to- Applied Predicted Best fitness
diameter type concentra-  weight (kg/ rate collector voltage fiber diam-  (Abs error/
(nm) tion (wt.%) mol) (mL/h)  distance kV) eter (nm) nm)
(cm)
100 PMMA Acetone 1.99 293.88 0.10 9.99 19.99 100.49 0.49
200 CS Acetic Acid  2.50 294.00 1.50 25.00 10.00 200.44 0.44
400 PVA Distilled 6.00 84.90 1.00 10.00 25.00 399.97 0.03
Water
500 PVA Distilled 10.00 85.28 0.40 10.00 25.02 499.32 0.68
Water
600 PVA Distilled 10.00 85.04 1.00 10.00 10.00 599.65 0.35
Water
800 PS DMF 20.00 334.33 1.37 15.00 15.00 809.00 9.00
1000 PA6 Formic Acid 20.01 9.83 0.20 8.00 12.00 996.15 3.85
2000 PS DMF 20.00 349.69 1.00 30.00 20.00 1984.44 15.56
3000 PS DMF 30.00 280.40 0.60 34.00 30.00 3002.46 2.46
4000 PS DMF 30.00 280.00 1.00 10.00 15.00 4008.56 8.56

uniform morphologies and controlled diameters. The
molecular weight of 84.90 kg/mol provides enough
chain entanglement to prevent fiber breakage, which
could lead to thicker fibers. The process parameters
for the 400 nm fibers, applied voltage of 25.00 kV, and
flow rate of 1.00 mL/h are typical for fine fiber pro-
duction and reflect the strong influence of electrostatic
forces on stretching and elongation.

Similarly, for the 600 nm target diameter, the GA
identified slightly higher polymer concentrations
(10.00 wt.%) and lower applied voltages (10.00 kV).
The reduced applied voltage for thicker fibers indi-
cates that a lower electrostatic force is required to fab-
ricate larger fibers since less jet stretching is needed.
In addition, GA optimized the process parameters for
achieving target fiber diameters in the micrometer
range, specifically for 3000 nm and 4000 nm. In these
cases, GA identified PS and DMF as the most suitable
polymer-solvent combination, along with significantly
higher polymer concentrations (30.00 wt.%). PS is a
hydrophobic polymer that is well-suited for produc-
ing thicker fibers due to its high molecular weight.
The use of DMF as the solvent is key as it provides a
high-boiling-point solvent that ensures a slow evapo-
ration rate, allowing thicker fibers to form without
premature solidification or jet instability [135]. The
molecular weights for the 3000 nm and 4000 nm fib-
ers (349.69 kg/mol and 280.00 kg/mol, respectively) are

significantly higher than those for smaller target fiber
diameters, which is necessary to provide sufficient
chain entanglement to support the formation of large-
diameter fibers. A flow rate of 1.00 mL/h and needle
tip-to-collector distance of 10.00 cm were optimized
across both target fiber diameters, indicating that,
despite the larger target fiber diameters, consistent
process conditions such as controlled feed rates and
moderate collector distances are crucial for ensuring
fiber uniformity. The applied voltage was reduced to
15.00 kV for the 4000 nm target fibers, further confirm-
ing the inverse relationship between applied voltage
and fiber diameter.

These selections reflect the behavior learned by
the predictive ML model from the literature-derived
dataset and provide useful computational guidance
for inverse design. However, the optimized electro-
spinning conditions were not experimentally tested
in the present study, they should be interpreted as
model-guided candidate solutions. Table 4 compares
the target fiber diameters with the fiber diameters pre-
dicted by the XGB model after GA optimization. These
predictions were made from optimal polymer-solvent
combinations and electrospinning process parameters
optimized through GA to achieve precise control over
nanofiber fabrication. The results demonstrate excel-
lent prediction performance across a wide range of
target fiber diameters, from ultra-fine nanofibers
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Figure 18 Target vs. XGB-
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(100-200 nm) to larger fibers (1000-4000 nm). The
critical measure of performance is fitness error, which
remains consistently low across all combinations, sug-
gesting that the predictive XGB model, in combination
with GA optimization, effectively predicts and con-
trols fiber diameters.

For ultra-fine fibers, such as the 100 nm and
200 nm target fiber diameters, the XGB model exhib-
ited remarkable accuracy. In the case of the 100 nm
target fiber diameter, the predicted fiber diameter
was 100.49 nm, with an absolute fitness error of only
0.49 nm. Similarly, for the 200 nm target diameter, the
predicted value of 200.44 nm yielded a fitness error
of 0.44 nm. These minimal fitness errors indicate the
XGB model’s strong predictive capability for smaller
fiber diameters, where the process of electrospinning
is typically more challenging due to the solution insta-
bility, jet breakup, and other factors that can lead to
non-uniform morphologies. As the target fiber diam-
eters increased, the predictive accuracy of the XGB
model remained high, though the fitness error showed
a slight increase. For the 400 nm target diameter, the
predicted fiber diameter was 399.97 nm, resulting in a
deficient fitness error of 0.03 nm, the slightest fitness
error recorded. This result highlights the robustness
of the model in maintaining near-perfect precision for
intermediate fiber diameters. For the 500 nm target
fiber diameter, the predicted value was 499.32 nm,
with a fitness error of 0.68 nm, further supporting the
model’s predictive strength. However, for larger fib-
ers, such as those in the range of 1000 nm to 4000 nm,
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the fitness error increased slightly but remained
well within acceptable limits, particularly given the
increased complexity of controlling the electrospin-
ning parameters for larger fibers.

For the largest target fiber diameter, 4000 nm, the
XGB model predicted a fiber diameter of 4008.56 nm,
with a fitness error of 8.56 nm. Despite the increased
complexity of producing larger fibers, requiring higher
polymer concentrations, molecular weights, and flow
rates, the predictive ML model continued to predict
fiber diameters with high accuracy, with an error that
remains relatively small given the scale of the fibers.
The ability of the GA to optimize these complex pro-
cess parameter sets is a key factor in achieving precise
control over fiber diameters, even at larger scales.

Furthermore, the integration of the predictive XGB
model with GA optimization provides a robust and
adaptable approach for controlling the precision of
electrospun nanofiber fabrication. The consistently
low fitness errors across a wide range of target fiber
diameters indicate that this approach can be applied to
various polymer-solvent combinations and fiber diam-
eters, making it a highly effective tool for the precision
manufacturing of nanofibers. Figure 18 plots the tar-
get fiber diameters against the corresponding XGB-
predicted fiber diameters obtained from the GA-opti-
mized parameter combinations. The plot compares the
target fiber diameters ranging from 100 nm to 4000 nm
with fiber diameters predicted by the XGB model. The
perfect alignment of the data points along the fit line
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indicates a highly accurate prediction across the target
diameter range, from nanoscale to microscale fibers.
The performance metrics further validate the effi-
cacy of the proposed optimization framework. The
GA successfully identified process parameter sets
that yielded predicted fiber diameters with low fit-
ness errors, typically below 0.5 nm. As a result, the
GA-optimized subset exhibited an R? value of 1.00,
indicating perfect agreement between the target fiber
diameters and the XGB-predicted fiber diameters
generated during the GA optimization process. It is
important to highlight that this R? value reflects the
localized performance of the optimization routine for
the subset of ten selected target diameters. In addition,
the RMSE and MAE values for this optimized subset
were 6.47 nm and 4.14 nm, respectively, which fur-
ther demonstrate the high precision of the integrated
approach. These metrics demonstrate that the predic-
tive XGB model was highly accurate in predicting fiber
diameters, confirming that the GA successfully identi-
fied process parameter sets that minimized the predic-
tion error across a wide range of target fiber diameters.
Given that even slight deviations in the fiber diameter
can significantly impact their structural and functional
properties, this level of precision control is critical for
ensuring reproducibility and product quality. There-
fore, this approach provides a reliable and data-driven
strategy for guiding experimental design and reduc-
ing trial-and-error in the fabrication of electrospun
nanofibers with targeted diameters and morphologies.
Although the GA produced optimized parameter
sets with very low fitness errors, the present optimi-
zation framework should be interpreted within the
scope of the literature-derived dataset used for model
training. Specifically, the GA search was restricted to
the material systems, variables, and parameter ranges
represented in the curated dataset, so the framework
is intended for optimization within the covered elec-
trospinning design space rather than discovery of
unseen polymers, solvents, or new process variables.
In addition, no separate physics-based spinnability or
feasibility constraint model was imposed beyond the
dataset bounds used during optimization. Therefore,
while the bounded search reduces unrealistic extrapo-
lation, some optimized parameter combinations may
still require experimental verification, particularly
in sparsely represented regions of the feature space
where predictive uncertainty may be higher.
Moreover, the decision to use GA over other alter-
natives such as reinforcement learning was driven
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by the problem structure and reproducibility con-
siderations. Reinforcement learning is typically
utilized in scenarios involving sequential decision
making, temporal dependencies, or dynamic envi-
ronments. In contrast, the problem presented here
is a static regression task with a fixed objective func-
tion. Additionally, GA is flexible and interpretable
and can efficiently handle continuous and discrete
variables as well as multi-modal fitness landscapes.
Its ease of implementation in engineering design fur-
ther justifies its selection in this study. Practitioners
seeking to fabricate polymer nanofibers with spe-
cific morphological or mechanical targets can utilize
the proposed ML-GA integration to narrow down
the parameter space before initiating fabrication.
Once the GA-optimized set is selected, the user can
input these values directly into the electrospinning
control system and perform a minimal number of
trials to validate the fiber morphology. In addition
to improving reproducibility and efficiency, this
approach supports rapid process development for
various applications. By incorporating the GA-opti-
mized settings into standard operating procedures
or ML-assisted feedback loops, experimentalists
can standardize production conditions across labo-
ratories, enhancing both scalability and reproduc-
ibility. Mainly, this approach not only supports
fundamental material optimization but also lays the
groundwork for semi-automated, precision-guided
nanofiber manufacturing.

Conclusions

This study presented a literature-derived predictive-
optimization approach that integrates ML with a GA to
enable accurate prediction and computational control
of fiber diameter. The challenge of achieving precise
fiber diameter control for tailoring nanofiber proper-
ties was addressed using a data-driven strategy built
on an extensive dataset of 3000 data points compiled
from published electrospinning studies. By covering ten
polymers, multiple solvent systems, and key process
parameters, this dataset provided a broader basis for
the development of predictive ML models. Among the
evaluated ML models, the XGB model demonstrated the
best predictive performance, reflecting its strong abil-
ity to capture the complex, nonlinear, and multifacto-
rial relationships that govern electrospinning behavior.
The model achieved high predictive accuracy on unseen
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test data and was further assessed experimentally using
PS-DMF and PVC-DMACc as representative validation
systems. The close agreement between predicted and
experimentally measured fiber diameters for these two
systems supports the practical reliability of the devel-
oped XGB model under real electrospinning conditions.
However, the experimental validation was limited to
two polymer-solvent systems, the present results should
be interpreted as an initial demonstration of model
robustness. A key contribution of this study is that it
moves beyond forward prediction and addresses the
inverse design problem in electrospinning. By integrat-
ing the trained XGB model with GA, the approach was
able to identify electrospinning parameter combinations
corresponding to user-defined target fiber diameters.
This optimization strategy is particularly valuable for
electrospinning because the process involves a high-
dimensional, nonlinear, and strongly coupled parame-
ter space in which multiple feasible solutions may exist.
The optimization results showed rapid convergence and
very small fitness errors, with target fiber diameters of
400 nm and 600 nm achieved with errors of only 0.03 nm
and 0.35 nm, respectively. These results highlight the
capability of the GA to search through vast parameter
spaces efficiently and rapidly converge on optimal pro-
cess parameters. The proposed approach provided a
more efficient, scalable, data-driven methodology for
producing nanofibers with controlled fiber diameters
across the range of material systems and processing
conditions represented in the dataset, reducing the tra-
ditional dependence on trial-and-error experimentation.
More broadly, this study contributes to the growing
use of computational intelligence in electrospinning by
showing how literature-derived data, predictive mod-
eling, and inverse optimization can be integrated into a
unified workflow for precision nanofiber design. This
capability is important for accelerating nanofiber devel-
opment in both research and industrial settings, where
reducing experimental burden, cost, and development
time is highly desirable. Future work should focus on
expanding experimental validation to additional poly-
mer-solvent systems, including selected GA-identified
candidate conditions, to establish how reliably the
inverse design predictions translate to real electrospin-
ning outcomes. Also, the predictive approach could
be strengthened by incorporating additional descrip-
tors such as solution viscosity, conductivity, ambient
humidity, and solvent evaporation behavior, which
are known to influence jet stability and final fiber mor-
phology. With these extensions, the proposed approach
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could provide a strong foundation for high-throughput,
data-driven nanofiber manufacturing and next-genera-
tion intelligent process design in electrospinning and
related nanomanufacturing systems.
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