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improving tissue function [1–3]. In this context, nanofi-
brous scaffolds play a critical role by providing an optimal 
environment for essential cellular activities. These scaf-
folds facilitate cell migration, adhesion, and proliferation, 
enabling cells to synthesize extracellular matrix (ECM) 
components of the targeted tissues [4]. By closely mim-
icking the native tissue structure, nanofibrous scaffolds 
significantly contribute to the development of functional 
tissue constructs in regenerative medicine. Over the past 
few decades, various materials, including polymers, metals, 
and ceramics, have been utilized for fabricating nanofibrous 

1  Introduction

Tissue engineering is a multidisciplinary field integrating 
principles from engineering and life sciences to develop 
organs and alternatives for repairing, maintaining, or 
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Abstract
Among various methods available for fabricating nanofibrous scaffolds used in tissue engineering, the electrospinning 
process stands out due to its simplicity, versatility, and scalability. However, this process encounters considerable chal-
lenges due to the complex, non-linear interactions among various electrospinning experimental parameters. Recently, 
machine learning (ML) has shown substantial promise in predictive modeling across various fields, indicating its poten-
tial to streamline the electrospinning process by predicting fiber diameter of electrospun nanofibrous scaffolds. To further 
enhance control over fiber diameter, a genetic algorithm (GA) was integrated into the ML model, forming an ML-GA 
integration developed to identify optimal combinations of electrospinning experimental parameters necessary to achieve 
user-defined target fiber diameters. This study explores the capability of ML to expedite the electrospinning process by 
accurately predicting the fiber diameter of polyvinyl alcohol (PVA) nanofibrous scaffolds. To accomplish this, a dataset 
was compiled consisting of 397 data points extracted from 30 scientific publications, including various electrospinning 
experimental parameters and their corresponding scaffold fiber diameters. The performance of various ML models was 
evaluated using the coefficient of determination (R2) score and root mean square error (RMSE). Among the evaluated 
ML models, extreme gradient boosting (XGB) and light gradient boosting machine (LGBM) exhibited the highest predic-
tive performance. Specifically, the XGB model achieved an R2 score of 0.94 and an RMSE of 79.89 nm on the testing 
dataset. Based on these results, an XGB-GA integration was developed, in which GA utilized the trained XGB model to 
identify optimal experimental parameter sets for target fiber diameters ranging from 100 nm to 1,000 nm, demonstrat-
ing robust optimization capability and reducing the necessity for extensive experimental trial-and-error. These findings 
highlight the potential of combining data-driven predictive modeling with evolutionary optimization through ML-GA 
integration, enabling intelligent fabrication of nanofibrous scaffolds with precisely tailored characteristics for tissue 
engineering applications.
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scaffolds that exhibit desirable microstructural, morphologi-
cal, and bioactive properties essential for tissue engineer-
ing [5–8]. Several fabrication methods have been explored 
to achieve these characteristics. Among these methods, the 
electrospinning process has emerged as one of the most 
promising methods due to its distinctive features, ease of 
implementation, and versatility [9–11]. This process lever-
ages electrostatic forces to generate a charged liquid jet 
from a polymer solution ejected through a spinneret. Dur-
ing its travel toward a grounded collector, the jet solidifies, 
forming nanofibers deposited onto the grounded collector’s 
surface [12].

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

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

to assess their influence on fiber size, morphology, and cel-
lular behavior [23–26].

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

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

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

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

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

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

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

Generally, developing an ML model tailored to solve a 
specific problem involves a structured four-stage workflow. 
The first stage involves identifying the input features and 
the desired output labels through an in-depth evaluation of 
both input and output domains. In the second stage, a data-
set containing relevant information related to the identified 
input features and output labels is assembled. This dataset 
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have highlighted the complications associated with small 
datasets. Furthermore, several past studies have focused on 
constructing pre-trained ML models specifically tailored 
to narrow sets of electrospinning parameters, generally 
constrained to the experimental conditions on which they 
were initially trained. Therefore, developing an ML model 
trained on an extensive dataset to accurately predict the 
fiber diameter of electrospun nanofibrous scaffolds remains 
an essential and unexplored research area. A more reliable 
predictive ML model would significantly reduce fabrication 
costs and experiment time while also supporting optimizing 
experimental parameters to ensure the consistent fabrication 
of high-quality electrospun nanofibrous scaffolds.

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

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

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

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

Despite the studies conducted to date, the application 
of ML in the electrospinning process is still at a relatively 
early stage of development. These existing studies are lim-
ited by very small datasets, often containing fewer than 50 
data points. Such limited data introduces significant chal-
lenges, including class imbalance, model overfitting, and 
underfitting, which reduce the robustness, accuracy, and 
generalizability of predictive models. Numerous studies 
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optimizing experimental parameters in the electrospinning 
process. ML models can predict fiber diameters based on a 
given set of experimental parameters, effectively narrowing 
down the solution space of possible fiber diameters [84]. 
Subsequently, GA refines this narrowed solution space by 
identifying the optimal combination of experimental param-
eters required to achieve a desired target fiber diameter. This 
integrated approach significantly reduces dependency on 
trial-and-error experimentation over nanofibrous scaffold 
fabrication. Consequently, it also substantially decreases 
associated costs and resource consumption.

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

By combining the predictive capabilities of the ML model 
with the optimization strength of the GA, this study intro-
duces a comprehensive ML-GA integration for accurately 
predicting and improving precision control over fiber diam-
eter during the fabrication of electrospun nanofibrous scaf-
folds. Figure 1 illustrates the overall workflow of the study, 
beginning with training the predictive model to predict fiber 
diameters from experimental parameters, followed by GA 
optimization to identify the optimal experimental parameter 
set required to achieve the target fiber diameter. The final step 
involves validating the optimized experimental parameters, 
obtained from the target fiber diameter through GA, against 

fitness are likely to be selected for reproduction, ensuring 
that advantageous traits are propagated and refined in sub-
sequent generations. Through this iterative selection and 
reproduction process, GA efficiently converges toward the 
optimal solution [79].

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

In this study, we address these limitations by introduc-
ing a novel ML-GA integration that combines a predictive 
ML model with a GA-based optimization mechanism. This 
integration establishes a robust and systematic workflow 
capable of both predicting fiber diameters and efficiently 

Fig. 1  Workflow for developing the predictive machine learning model and optimizing electrospinning experimental parameters
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all experimental parameters in the dataset. Among these, the 
flow rate demonstrated the highest rate of missingness, at 
approximately 2.7% of the total values, followed by applied 
voltage at 1.1% and the tip-to-collector distance at 0.5%. 
The remaining features were fully available. These missing 
data points were initially labeled as “Not a Number” (NaN) 
and subsequently addressed during the preprocessing.

2.2  Data preprocessing

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

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

xstd = x − µ

σ
� (1)

where x represents the original feature value, and xstd is the 
standardized feature value, µ is the mean of the feature, and 
σ is its standard deviation.

the best-performing ML model predictions to ensure align-
ment between the target and predicted fiber diameters. This 
integrated approach should reduce dependence on trial-and-
error experiments, enabling the fabrication of nanofibrous 
scaffolds with tailored properties suitable for tissue engi-
neering applications. The significance of this study falls in 
its contribution to advancing a broader methodological shift 
in nanomanufacturing. By uniting predictive modeling and 
optimization within a single ML-GA integration, this study 
establishes a scalable and adaptable strategy for achieving 
precision in nanofiber fabrication. Beyond its direct appli-
cation to electrospinning, the proposed ML-GA integration 
offers a generalizable template for applying ML with evo-
lutionary algorithms in other complex manufacturing fields 
where conventional theoretical models are inadequate or 
incomplete. This advancement opens new opportunities for 
data-driven innovation in advanced materials engineering.

2  Dataset and methods

2.1  Dataset Preparation

To construct a comprehensive dataset for predicting the 
fiber diameter of electrospun nanofibrous scaffolds, relevant 
data points were systematically extracted from 30 scientific 
publications in the fields of materials science, nanotech-
nology, and applied engineering. Specifically, this study 
selected relevant scientific research articles published after 
2005, ensuring the latest experimental data were included. 
A total of 397 data points were curated primarily from tables 
and scanning electron microscopy (SEM) images, which 
all studies using PVA polymer dissolved in distilled water 
[85–114]. PVA and distilled water were specifically chosen 
because of their significant relevance in exploring relation-
ships between electrospinning experimental parameters and 
the resultant physical properties of nanofibrous scaffolds to 
tissue engineering application. PVA is known for its biode-
gradability, biocompatibility, and its inherent ability to form 
highly porous fibrous structures through electrospinning 
[115]. The curated dataset in this study contains five critical 
experimental parameters (input features) and one primary 
output label. These five experimental parameters, including 
polymer concentration, polymer molecular weight, solu-
tion flow rate, applied voltage, and tip-to-collector distance, 
were selected based on their prevalence and significance 
in previous electrospinning studies. The fiber diameter of 
the electrospun nanofibrous scaffold served as the single 
output label in this dataset. During data collection, particu-
lar instances of missing values were identified within the 
curated dataset. To evaluate the overall completeness of the 
data, the proportion of missing entries was quantified across 
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diameters. DEAP offers a highly flexible and modular inter-
face for evolutionary algorithms. Within this study, key 
evolutionary operations, including population initialization, 
selection, crossover, and mutation, were utilized. Further-
more, DEAP supports adaptive strategies that enable effi-
cient exploration and exploitation of large, nonlinear, and 
multimodal parameter spaces, thereby enhancing the robust-
ness and convergence of the optimization process [117].

2.4  Model training, testing, and evaluation

Eight distinct ML models were explored and compared to 
evaluate their performance in predicting the fiber diameter 
of electrospun PVA nanofibrous scaffolds. These models 
were chosen based on their demonstrated effectiveness and 
prominence in recent literature. A variety of ML models 
trained and evaluated in this study included linear regres-
sion (LR), support vector regression (SVR), kernel ridge 
regression (KRR), random forest (RF), extreme gradient 
boosting (XGB), gradient boosting regressor (GBR), light 
gradient boosting machine (LGBM), and multilayer per-
ceptron (MLP). These eight models were chosen to com-
prehend both classical regression techniques and more 
advanced ensemble- and neural network–based approaches. 
Brief descriptions of each ML model are outlined below.

SVR is a versatile model designed for nonlinear regres-
sion modeling. It identifies an optimal hyperplane that best 
fits the data points, minimizing prediction errors. SVR 
employs kernel functions to transform data into higher-
dimensional spaces, thus facilitating complex boundary 
modeling. Critical hyperparameters include kernel type and 
regularization parameters, which significantly influence 
performance. SVR distinctively employs the epsilon-insen-
sitive loss function, allowing the model to disregard errors 
within a predefined range, enhancing generalizability [118]. 
KRR is an advanced variant of SVR, often termed least 
squares support vector regression (LSSVR). It utilizes a 
non-parametric approach that predicts targets directly from 
input data. KRR effectively handles nonlinear relationships 
through regularization techniques, mitigating overfitting by 
balancing the bias-variance trade-off. This controlled intro-
duction of bias significantly reduces model variance, opti-
mizing predictive performance across varied datasets [119].

RF is a robust ensemble ML model that efficiently iden-
tifies nonlinear relationships and complex feature interac-
tions. RF constructs multiple decision trees during training 
and aggregates their outcomes to enhance predictive accu-
racy. The algorithm uses mean squared error (MSE) to 
measure loss, calculated as the average squared difference 
between actual and predicted values across all decision trees 
in the forest [120]. XGB is an ensemble learning model that 
enhances predictive performance by combining multiple 

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

2.3  Libraries and tools

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

The core ML model training and evaluation were con-
ducted using the Scikit-learn library (v1.2), which offered a 
unified framework encompassing preprocessing pipelines, 
CV strategies, hyperparameter tuning, and model perfor-
mance evaluation. Additionally, advanced gradient-boost-
ing techniques were implemented using dedicated libraries, 
such as xgboost (version 1.7) and lightgbm (version 1.7). 
The Distributed Evolutionary Algorithms in Python (DEAP, 
version 1.3.3) library was used to implement the GA-based 
optimization process to achieve user-defined target fiber 
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facilitate the optimization of hyperparameters. The 5-fold 
CV involves partitioning the training data into five distinct 
subsets (folds). During each iteration, one fold serves as 
a validation set, while the remaining four are utilized for 
model training. This iterative process repeats five times, 
ensuring each fold is validated once. The average perfor-
mance computed across the folds provided a reliable esti-
mate of model stability, while also reducing the variance 
introduced by random sampling effects [124].

Hyperparameter tuning was conducted for all selected 
ML models using GridSearchCV, except for the linear 
regression (LR) model, to optimize their performance. This 
tuning process involved defining a comprehensive hyperpa-
rameter search space and conducting a thorough grid search 
to identify optimal hyperparameter combinations specific 
to each model. The primary optimization criterion adopted 
for selection was the R2 score, which served as the guid-
ing metric for identifying the hyperparameter configurations 
that best captured the variance in the target variable. For 
each model, the optimal configuration obtained through the 
5-fold CV process was subsequently retrained on the com-
plete training dataset to maximize learning prior to its final 
evaluation on the independent test set. To further strengthen 
statistical reliability and minimize potential biases inher-
ent to a single train/test split, the entire training-testing 
workflow was repeated five times using different random-
ized partitions of the dataset. Figure 2 provides a schematic 
overview of the 5-fold CV workflow, the division of the 
dataset into training and testing subsets, and the stage at 
which the best hyperparameter combinations are selected 
for retraining and prediction. A detailed interpretation of the 
hyperparameter exploration conducted for each ML model 
is presented in Sect. 3.3.1.

Furthermore, two performance metrics were utilized to 
evaluate the predictive performance of the ML models: the 
coefficient of determination (R2) score and the root mean 
square error (RMSE). The R2 score quantifies the proportion 
of variance in the fiber diameter that can be explained by the 
predictive model, with values ranging from 0 (indicating no 

weak learners, primarily decision trees, into a robust pre-
dictive model. XGB handles challenging datasets effec-
tively and offers insightful feature analysis of importance. 
Achieving optimal results with XGB requires thorough 
hyperparameter tuning and careful feature engineering. Its 
gradient-based loss function facilitates optimizing any dif-
ferentiable loss metric, making it highly adaptable [119].

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

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

Fig. 2  Comprehensive illustration of the five-fold CV method used for hyperparameter tuning
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local interpretation, SHAP values were computed for indi-
vidual predictions, thereby revealing the direction (posi-
tive or negative) and magnitude of each feature’s influence 
on specific predictions. SHAP values provide a quantita-
tive measure of how each feature contributes to shifting 
the model’s prediction relative to a defined baseline, typi-
cally represented by the average predicted fiber diameter 
[125]. Furthermore, SHAP summary plots were generated 
to visualize the distribution of SHAP values for each fea-
ture across all data points. These plots revealed the relative 
importance ranking of the experimental parameters and 
illustrated how variations in feature values, whether high 
or low, influenced the predicted fiber diameter. A detailed 
discussion of the SHAP methodology employed in this 
study is provided in Sect. 3.5.

2.6  Genetic algorithm optimization

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

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

explanatory power) to 1 (representing perfect prediction). 
In practical terms, a higher R2 score reflects a model’s abil-
ity to capture and represent the underlying patterns within 
the data. RMSE calculates the square root of the average 
squared difference between predicted and actual values. 
Additionally, comparing R2 scores obtained from training 
and testing datasets helped identify potential model over-
fitting, indicated by significantly lower performance on 
unseen data compared to the training data. The mathemati-
cal equations for these performance metrics are provided in 
Eqs. (2) and (3).

R2 = 1 −
∑

n
i=1(yi − f(xi ))2

∑
n
i=1(yi−

−
y)

2 � (2)

RMSE =
√

1
n

∑
n
i=1(yi − f(xi ))2� (3)

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

2.5  Model interpretation

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

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

1 3

2831



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

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

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

Figures  3 and 4 clearly illustrate the presence of com-
plex, non-linear relationships between the experimental 
parameters and the resulting fiber diameters. These complex 

value directed the search toward parameter configurations 
capable of producing nanofibrous scaffolds with fiber diam-
eters closely matching the user-defined targets. The fitness 
of each individual was assessed by every generation, influ-
encing the selection process for reproduction and guiding 
subsequent iterations.

Adaptive crossover and mutation operators were inte-
gral components of the XGB-GA integration, dynamically 
introducing variability and allowing the algorithm to bal-
ance between local exploitation and global exploration 
effectively. The crossover operator was initially set to a 
probability of 0.7, while the mutation operator was set to an 
initial probability of 0.3 [126]. These operator probabilities 
were adaptively adjusted over successive generations. As 
optimization advanced, the crossover and mutation prob-
abilities were gradually decreased to focus on refining the 
best solutions found rather than exploring new possibili-
ties. This adaptive mechanism effectively facilitated con-
vergence toward optimal experimental parameter sets. The 
evolution of the optimization process was monitored using 
fitness evolution plots, which illustrated the progressive 
reduction of fitness errors across generations, and parameter 
variation plots, which tracked the evolution of electrospin-
ning experimental parameters throughout the optimization. 
Upon completion of the 30-generation optimization, the 
individual with the lowest fitness error was identified for 
each specified target fiber diameter. To validate the effec-
tiveness of the optimization process, the GA-derived elec-
trospinning experimental parameter sets were reintroduced 
into the trained XGB model to predict the corresponding 
fiber diameters. These predicted values were then compared 
against the user-defined target fiber diameters. The accuracy 
of the optimization was quantitatively assessed using the R2 
score and the RMSE value.

3  Results and discussion

3.1  Data collection

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

Fig. 3  Joint plots showing the relationship between average fiber diam-
eter and (a) polymer concentration, (b) molecular weight, (c) flow rate, 
(d) tip-to-collector distance, and (e) applied voltage, including scatter 
plots and histograms
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3.2  Data preprocessing

3.2.1  Performance of imputation methods

The effectiveness of the five evaluated imputation methods 
was assessed using R2 score and RMSE. The simple imputer 
(mean) substitutes missing values with the arithmetic mean 

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

Fig. 4  Pair grid plot illustrating relationships between polymer concentration, molecular weight, flow rate, tip-to-collector distance, applied volt-
age, and average fiber diameter, including contour plots, histograms, and scatter plots
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data distribution characteristics [132]. The KNN imputer 
yielded a relatively higher RMSE of 98.17 nm. The iterative 
imputer (RF) achieved a slightly lower RMSE of 97.43 nm. 
Notably, the iterative imputer (GBR) produced an RMSE of 
94.04 nm, making it one of the top-performing methods by 
balancing error minimization with stability and consistency. 
The observed slight decline in the R2 score and the higher 
RMSE indicate that the KNN imputer was marginally less 
effective at preserving the variability of the original dataset 
when compared with the simpler mean- and median-based 
imputers. This reduced effectiveness may be due to the influ-
ence of noise within the dataset and the method’s sensitivity 
to the number of neighbors selected for accurate estimation 
[133]. However, the fact that these iterative imputers did 
not produce a better performance suggests that, despite the 
complexity of the electrospinning dataset, the underlying 
relationships between features were sufficiently captured by 
the simple imputer (mean). Figure 5 provides a visual com-
parison of R2 scores and RMSE values for each imputation 
method, highlighting the outstanding performance of simple 
imputer (mean and median) methods.

3.2.2  Reviewing spearman’s correlation heatmap

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

Several important observations emerged from Spear-
man’s correlation heatmap. Polymer concentration exhib-
ited a moderate positive correlation (0.24) with average 
fiber diameter, reflecting a modest nonlinear relationship, as 
indicated by the relatively low correlation coefficient. Poly-
mer concentration also showed a moderate negative correla-
tion with molecular weight (–0.27) and flow rate (–0.18), 
again suggesting nonlinear relationships. These nonlinear 
interactions highlight the importance of jointly optimiz-
ing polymer concentration with molecular weight and 
flow rate to achieve targeted fiber characteristics without 
adversely affecting electrospinning efficiency. Molecular 
weight displayed a weak positive correlation (0.043) with 
fiber diameter, confirming a nonlinear interaction. Further-
more, molecular weight demonstrated a moderate positive 

of the corresponding feature. It assumes that the missing 
values are close to the average, making it suitable when 
the data distribution is roughly symmetric with minimal 
outliers [131]. Alternatively, the simple imputer (median) 
replaces missing values with the median of the feature. This 
approach is advantageous for skewed datasets because the 
median is less sensitive to extreme values than the mean, 
providing a more robust estimate in the presence of outliers. 
Both simple imputers (mean and median) yielded the high-
est R2 scores of approximately 0.86, demonstrating con-
sistent performance, and with RMSE values of 92.56 nm 
(mean) and 92.70 nm (median). This strong performance 
implies that the dataset is generally well-balanced, with no 
extreme skewness or outliers that could compromise the 
reliability of mean-based estimates. The simple imputer 
(median) exhibited slightly lower performance, which may 
reflect the absence of significant outliers in the dataset, con-
ditions under which median replacement is less effective. 
Although the simple imputer (median) is widely regarded as 
a robust approach for handling skewed data, the marginally 
higher RMSE observed here suggests that it did not yield 
additional benefits for the electrospinning dataset.

In comparison, both the KNN imputer and the iterative 
imputer (RF) demonstrated slightly lower R2 scores rela-
tive to the mean and median imputers. The KNN imputer 
captures local relationships within the dataset, though its 
performance is sensitive to the choice of neighbors and 

Table 1  Experimental data points from the dataset are collected and 
used to develop machine learning models
Polymer 
Concen-
tration 
(wt%)

Molecular 
Weight (kg/
mol)

Flow 
Rate 
(mL/h)

Tip-to-
Collector 
Distance
(cm)

Applied 
Voltage
(kV)

Average 
Fiber 
Diameter
(nm)

12 72 0.3 20 25 334.54
8 72 0.3 20 20 224.38
10 130 0.3 15 20 880
6 80 3 10 10 150
8 72 0.1 10 12 458
15 72 0.1 15 15 137.5
8 72 0.2 15 20 219.76
9 105 1.5 20 15 236
10.5 72 1.8 10 15 102.21
12 130 0.2 10 20 1230
9 105 1.5 10 15 255
8 72 0.2 15 20 219.76
12 72 0.3 15 25 282.04
8 85 1 10 10 521.1
12 130 0.3 10 25 1030
6 105 0.5 10 15 145
10 72 0.4 20 15 251.58
10.5 80 2 10 15 103
10 72 0.5 15 15 259.18
8 130 0.5 9.5 20 90.5
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Tip-to-collector distance exhibited a weak positive cor-
relation (0.087) with fiber diameter, suggesting a modest 
nonlinear relationship. Similarly, applied voltage had a 
weak positive correlation (0.23) with fiber diameter, also 
indicating a mild nonlinear relationship. Additionally, 
applied voltage showed weak positive correlations with 

correlation (0.31) with flow rate, highlighting another non-
linear relationship that emphasizes the interconnected nature 
of these experimental parameters. Flow rate was moderately 
correlated with other experimental parameters, showing 
negative relationships with tip-to-collector distance (–0.26) 
and applied voltage (–0.13).

Fig. 6  Spearman’s correlation 
heatmap illustrates relationships 
among polymer concentra-
tion, molecular weight, flow 
rate, tip-to-collector distance, 
applied voltage, and average fiber 
diameter

 

Fig. 5  Comparison of five different imputation methods based on R2 score and RMSE
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essential to capture the intricacies of electrospinning effec-
tively and to deliver reliable predictive performance.

For RF, as shown in Fig. 7(c), the highest R2 score of 
0.82 was achieved without limiting tree depth, employing a 
minimum samples split of 5 and using 300 estimators. The 
absence of maximum depth constraints allows the model to 
develop fully grown decision trees, while an increased num-
ber of estimators improves robustness and reduces variance. 
Moreover, the minimum samples split parameter ensures 
that trees grow to an adequate depth for capturing detailed 
interactions between input features and fiber diameter, 
which in turn enhances predictive accuracy. Notably, the 
absence of a fixed max_depth parameter indicates that RF 
benefits from allowing trees to grow deeper and more com-
plex, enabling the model to represent multi-level, nonlinear 
interactions across the feature space. Moreover, the fact that 
RF achieved strong predictive performance without explicit 
tuning of the max_depth further highlights its robustness, as 
the ensemble averaging process inherently mitigates overfit-
ting by ensuring that no single tree disproportionately influ-
ences the overall prediction [134].

Hyperparameter tuning results for XGB presented in 
Fig. 7(d) indicate an optimal R2 score of 0.81 with a learn-
ing rate of 0.1, a maximum depth of 7, and 100 estimators. 
These settings balance model complexity, accuracy, and 
computational efficiency. The learning rate of 0.1 facilitates 
incremental learning without overshooting minima, while a 
maximum depth of 7 helps the model to capture complex 
feature interactions effectively. Additionally, a moderate 
number of estimators helped to prevent overfitting, support-
ing strong generalization performance. The hyperparameter 
tuning results for the GBR, which is depicted in Fig. 7(e), 
demonstrate the highest R2 score (~ 0.80) with a conserva-
tive learning rate (0.01), moderate tree depth (max depth 
= 7), and 200 estimators. The R2 score varies significantly 
with different combinations of these hyperparameters. A 
lower learning rate allows cautious and incremental model 
updates, effectively preventing overfitting. Concurrently, 
moderate maximum depth and a higher number of esti-
mators contribute to the GBR model’s ability to capture 
detailed data patterns while maintaining model stability and 
predictive accuracy. Alakent et al. [135] also reported the 
superior performance of gradient boosting models in mate-
rials science applications, particularly in contexts where 
nonlinear effects and strong interaction terms dominate the 
feature space.

Figure 7(f) illustrates the hyperparameter tuning results 
for LGBM, achieving an optimal R2 score of 0.80 with a 
learning rate of 0.2, min_child_samples set to 20, min_split_
gain of 0.2, 300 estimators, and 30 leaves. The higher learn-
ing rate of 0.2 enables faster model convergence, which is 
beneficial for large-scale datasets. Meanwhile, parameters 

molecular weight (0.15) and negative correlations with 
flow rate (–0.13) and tip-to-collector distance (–0.08), fur-
ther emphasizing the complexity and nonlinearity inherent 
in parameter interactions. Overall, Spearman’s correlation 
heatmap revealed that the correlation coefficients between 
experimental parameters and fiber diameter are relatively 
modest (close to zero), confirming primarily nonlinear rela-
tionships. This complexity highlights the need to develop 
predictive ML models capable of capturing complicated 
interactions among experimental parameters to effectively 
achieve the user-defined target fiber diameter.

3.3  Predictive model training

3.3.1  Reviewing hyperparameter tuning with five-fold 
cross-validation

Hyperparameter tuning is a critical step in developing opti-
mized predictive ML models to predict the fiber diameter 
of electrospun PVA nanofibrous scaffolds accurately. In 
this study, hyperparameter tuning was performed using a 
grid search method in combination with 5-fold CV to iden-
tify the most effective configurations for each ML model. 
The explored parameters and their corresponding ranges 
are summarized in Fig. 7. Figure 7(a) presents the hyper-
parameter tuning results for SVR. The optimal R2 score of 
0.23 was achieved using a polynomial kernel with a higher 
penalty parameter (C = 10) and a smaller epsilon (ε = 0.1). 
Although these settings provided the best performance for 
SVR, the overall R2 score remains relatively low, suggest-
ing SVR’s limitations in capturing complex nonlinear rela-
tionships in this dataset. The low R2 score indicates that 
the relationship between the input features and the result-
ing fiber diameter is highly non-linear. As such, models 
that rely on assumptions of linearity are limited and unable 
to capture the complex interactions embedded within the 
electrospinning process. The results further emphasize that 
SVR is unsuitable for accurately predicting nanofibrous 
scaffold diameters.

Figure  7(b) displays hyperparameter tuning results for 
KRR, where the highest R2 score of 0.74 was achieved with 
an alpha value of 0.1 and a radial basis function (rbf) kernel. 
The low alpha value reflects lower regularization, allowing 
KRR to capture complex nonlinear patterns within the data 
effectively. The rbf kernel’s capability to map input data into 
higher-dimensional feature spaces enhances the model’s 
capacity to manage nonlinearity. This balance between bias 
and variance improves prediction accuracy for fiber diam-
eter by leveraging the underlying complexities in the data-
set. The KRR model demonstrated limitations in addressing 
the non-linear behavior of the parameters, reinforcing the 
conclusion that more advanced, non-linear ML models are 
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generalizability to predict the fiber diameters of electrospun 
PVA nanofibrous scaffolds, strengthening the reliability and 
reproducibility of experimental results.

3.3.2  Review of the performance of models

In this section, we analyze and compare the predictive per-
formance of eight ML models based on both training and 
testing datasets. Model performance was comprehensively 
evaluated using R2 score and RMSE. These metrics pro-
vide insights into each model’s ability to generalize learned 
relationships from training data to unseen test data and sus-
ceptibility to overfitting. Figure 8 provides a comparative 
summary of the performance metrics for all ML models 
across both the training and test datasets. The evaluation 
results indicate that simpler ML models, such as LR and 
SVR, struggle to capture the complexity of the dataset, 
resulting in lower R2 scores and higher RMSE values. Spe-
cifically, the LR model exhibited R2 scores of 0.29 (train-
ing) and 0.32 (testing), with RMSE values of 227.52 nm and 
260.72 nm, respectively. The weak performance observed 
on the LR reflects its assumption of linearity, which cannot 
adequately represent the highly nonlinear interactions gov-
erning the electrospinning process. Similarly, SVR, despite 
using nonlinear kernels, exhibited suboptimal predictive 
capability, achieving R2 scores of 0.29 and 0.25 for train-
ing and testing datasets, respectively, with corresponding 
RMSE values of 228.78 nm and 274.04 nm. These findings 
indicate that both LR and SVR lack the capacity to cap-
ture the complex interdependencies present in this dataset, 
making them unsuitable for practical applications involving 
electrospinning experimental parameters.

KRR showed an improvement over LR and SVR, 
achieving training and testing R2 scores of 0.89 and 0.87, 
respectively, with RMSE values of 89.16 nm (training) and 
114.80 nm (testing). The model’s ability to capture nonlin-
ear relationships is reflected in its performance metrics, as 
indicated by the reduction in RMSE, which demonstrates its 
effectiveness in modeling the intricate patterns in the data. 
The strong performance of KRR is also attributed to its uti-
lization of the nonlinear rbf kernel, which effectively maps 
input features into a higher-dimensional space and enables 
accurate modeling of nonlinear relationships. Furthermore, 
the incorporation of regularization in KRR contributes to 
mitigating overfitting, enhancing its predictive stability and 
overall accuracy. Although KRR demonstrates a notable 
improvement compared to linear models, its performance 
remains constrained by its sensitivity to the high-dimen-
sional feature space characteristic of the electrospinning 
process.

RF demonstrated outstanding performance, obtain-
ing a training R2 score of 0.96 and a testing R2 score of 

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

The comparable performance observed between LGBM 
and XGB can be attributed to their shared algorithmic 
foundations, both of which depend on boosting principles. 
However, refined architectural distinctions account for their 
performance differences. LGBM uses a leaf-wise growth 
approach, which enhances efficiency and allows more 
profound exploration of complex patterns, whereas XGB 
incorporates more aggressive regularization mechanisms, 
which strengthens its ability to prevent overfitting and 
maintain stability when generalizing unseen data. Lastly, 
hyperparameter tuning results for the MLP model, shown 
in Fig. 7(g), indicate the highest R2 score of 0.75, achieved 
using the “tanh” activation function, an alpha regulariza-
tion parameter of 0.0001, a single hidden layer containing 
50 neurons, an adaptive learning rate, and stochastic gradi-
ent descent (sgd) optimization. The tanh activation function 
effectively captures nonlinearities in the data, while mini-
mal alpha regularization allows detailed learning of under-
lying patterns. The single hidden layer with 50 neurons 
balances model complexity and performance. The adaptive 
learning rate adjusts based on model performance, while the 
sgd solver optimizes the model iteratively. Together, they 
dynamically adjust the training process, enhancing conver-
gence stability and predictive accuracy.

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

Fig. 7  Hyperparameter tuning results: (a) SVR, (b) KRR, (c) RF, (d) 
XGB, (e) GBR, (f) LGBM, and (g) MLP, including parameter grid 
search range and R2 score
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Fig. 7  (continued)
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decision tree exerts excessive influence on the final output, 
thereby enhancing generalization on unseen test data [137]. 
The minimal difference between training and testing perfor-
mance indicates effective management of model variance, 
resulting in accurate and generalizable predictions.

XGB exhibited the highest predictive performance 
among all evaluated ML models, achieving a training R2 
score of 0.99 and a testing R2 score of 0.94, accompanied 
by the lowest RMSE values of 13.65 nm (training) and 
79.89 nm (testing). The exceptional performance of XGB 

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

Fig. 7  (continued)

 

Fig. 8  Performance comparison of various ML models on training and test sets based on R2 and RMSE metrics
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electrospinning experimental parameters corresponding to 
user-defined target fiber diameters with greater precision 
and reduced variability. This integration marks a critical 
step toward establishing a hybrid, data-driven strategy for 
precision control and inverse design in electrospun nanofi-
brous scaffold fabrication.

3.4  Model validation

Model validation is a critical step in the present study’s 
analytical workflow, ensuring the reliability, consistency, 
and robustness of the best-performing ML model, espe-
cially when addressing complex and nonlinear systems like 
electrospinning. In this study, validation was conducted by 
comparing the XGB model’s predicted fiber diameters of 
electrospun PVA nanofibrous scaffolds with their corre-
sponding actual observed values across both training and 
testing datasets. Figure 9 presents the correlation between 
predicted and actual fiber diameters for all 397 data points. 
The dataset was divided into an 80/20 split for training 
and testing, respectively. The plot demonstrates that the 
majority of data points fall within ± 10% and ± 20% abso-
lute error margins, confirming the high predictive accu-
racy and generalization capability of the XGB model. The 
close clustering of points around the ideal fit line indi-
cates a strong linear correlation between the predicted and 
experimental fiber diameters. This close alignment indi-
cates a strong correlation between predicted and actual 
fiber diameters, demonstrating the model’s robust gener-
alization capabilities to unseen data. The strong alignment 
between predicted and actual values confirms a strong cor-
relation, demonstrating the model’s robust generalization 
capability to unseen data. For example, the XGB model 
accurately predicted thinner fiber formations, yielding a 
predicted diameter of 149.86 nm, which aligns well with 
the actually observed fiber diameter (150 nm) of electro-
spun PVA nanofibrous scaffold under similar electrospin-
ning conditions. Quantitatively, the XGB model achieved 
an R2 score of 1.00 on the training set and 0.94 on the 
testing set, capturing almost all variance in the training 
data and a substantial portion in the testing data. Further-
more, the RMSE values were exceptionally low, 13.65 nm 
for the training set and 79.89 nm for the testing set, high-
lighting the precision and reliability of the model across 
both datasets. The exceptional performance of the XGB 
model can be attributed to its scalability across large data-
sets and its use of advanced tree-pruning algorithms that 
enhance splits based on maximum gain. Another strength 
of the XGB model is its built-in regularization methods, 
including lasso (L1) and ridge (L2) penalties, effectively 
control model complexity and reduce overfitting, result-
ing in robust generalization performance for simulating 

arises from its iterative boosting architecture, which reduces 
residual errors from previous iterations and progressively 
enhances the predictive result. This sequential learning 
process allows the model to continuously refine its internal 
structure, improving accuracy with each iteration. Further-
more, XGB incorporates robust regularization mechanisms, 
combining both L1 and L2 regularization methods, to effec-
tively control model complexity and mitigate overfitting 
without compromising predictive capability. Its exceptional 
efficiency can also be attributed to its scalability to large 
datasets and the implementation of advanced tree-pruning 
approaches that optimize node splits based on maximum 
gain [138].

GBR also displayed strong performance, with training 
and testing R2 scores of 0.97 and 0.90, respectively, along 
with RMSE values of 49.67  nm (training) and 98.35  nm 
(testing). GBR effectively balances model complexity and 
generalization by iteratively constructing an ensemble of 
weak learners, achieving high predictive accuracy while 
making it a reliable choice for predictive modeling. Simi-
larly, the LGBM demonstrated superior predictive capabili-
ties, achieving a training R2 score of 0.98 and a testing R2 
score of 0.93, with RMSE values of 38.98 nm and 79.33 nm, 
respectively. LGBM’s leaf-wise tree growth algorithm, 
coupled with depth-wise constraints, allows it to focus on 
the most significant splits, enhancing its predictive power, 
which makes it a suitable choice for predicting fiber diame-
ter in electrospun PVA nanofibrous scaffolds. MLP exhibited 
effective nonlinear predictive capabilities, with training and 
testing R2 scores of 0.93 and 0.91, respectively, and RMSE 
values of 70.35 nm (training) and 91.49 nm (testing). The 
neural network utilized a single hidden layer architecture 
comprising 50 neurons with nonlinear activation functions, 
enabling it to capture complex feature interactions within 
the electrospinning dataset effectively.

In this study, a various range of ML models was evalu-
ated with a focus on achieving an optimal balance between 
predictive accuracy, robustness to missing data, and compu-
tational efficiency. Although deep neural networks (DNNs) 
were also considered during preliminary trials, their perfor-
mance did not surpass that of the tree-based models, par-
ticularly the XGB model. Given the moderate dataset size 
of 397 samples, DNN models exhibited tendencies toward 
overfitting during CV and demanded significantly greater 
hyperparameter tuning and regularization efforts, without 
demonstrating consistent improvements in predictive gen-
eralization or model stability. Among all evaluated ML 
models, the XGB model demonstrated the highest predic-
tive accuracy. Given its superior performance, the XGB 
model was selected for subsequent optimization using the 
ML-GA integration. In this process, the trained predic-
tive model was coupled with the GA to identify optimal 
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Overall, the validation results demonstrate that predictive 
ML models trained on previously published experimental 
data can be used for accurate predictions without the need 
for additional preliminary empirical trials. The XGB model 
captured the general predictive trend, with its error margins 
falling within an acceptable range for this type of complex 
process modeling. Minor deviations between the actually 
observed and predicted fiber diameters are anticipated in 
ML model validations, especially for intricate systems 
such as electrospinning, where multiple interdependent 
factors collectively influence fiber morphology and unifor-
mity [139]. However, the validation outcomes confirm the 
effectiveness, accuracy, and reliability of the XGB model 
in predicting the fiber diameters of electrospun PVA nano-
fibrous scaffolds. Integrating validated ML models like 
XGB into the nanofibrous scaffold fabrication workflows 
can substantially reduce dependence on conventional trial-
and-error experimentation, thereby minimizing time, cost, 
and material consumption. The successful implementation 
of the XGB model illustrates the transformative potential 
of data-driven predictive modeling in materials science and 
nanotechnology.

3.5  Model interpretation

Beyond its predictive accuracy, interpreting the inner mech-
anisms of ML models is critical for bridging data-driven 
predictions with the underlying physical mechanisms gov-
erning the electrospinning process. Such interpretability 

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

The predictive performance of the XGB model was con-
sistently strong across most regions of the dataset, as evi-
denced by its high R2 score and low RMSE on unseen test 
data. Nevertheless, Fig.  9 revealed that certain prediction 
errors tend to cluster within specific regions of the feature 
space. Slight reductions in predictive accuracy were noted 
in cases with extreme experimental conditions, particularly 
at very high applied voltages (> 40 kV) or low polymer con-
centrations (< 3 wt%), which represent understated zones 
within the training dataset. These zones exhibit greater 
experimental variability and weaker statistical representa-
tion, leading to elevated model uncertainty. Electrospin-
ning behavior under such boundary conditions is known 
to be highly sensitive to environmental fluctuations and 
nonlinear dynamics, making generalization from limited 
training examples challenging. For example, high voltages 
can amplify jet instability, whereas low polymer concentra-
tions promote bead formation that is not fully captured by 
the set of input variables. Furthermore, these extremities 
are understated due to practical difficulties in maintaining 
stable electrospinning operations at such conditions. Future 
model iterations could benefit from incorporating additional 
parameters such as solution viscosity, ambient humidity, 
and solvent evaporation rate. The current model valida-
tion results also emphasize that avoiding overfitting within 
the XGB model enables more accurate predictions when 
extrapolating to new experimental conditions.

Fig. 9  Predicted vs. actual plot showing training and test data within ± 10% and ± 20% absolute error bands for the XGB model
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and tip-to-collector distance are less significant compared 
to the top three features, they remain influential.

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

3.6  Optimization of electrospinning experimental 
parameters

The optimization of electrospinning experimental parame-
ters was conducted using GA, coupled with the trained XGB 
model, forming the XGB–GA integration. This approach 
aimed to achieve precise control over nanofibrous scaffold 

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

Fig. 11  SHAP summary plot 
for the XGB model, depict-
ing the distribution of SHAP 
values for each feature across all 
predictions, with color gradients 
(red for high and blue for low 
feature values) indicating the 
relative influence of individual 
parameters

 

Fig. 10  SHAP feature importance 
plot, ranking the input features 
according to their average contri-
bution to the model’s predictions
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concentration initially fluctuated across a wide range before 
stabilizing at an optimal value of approximately 7.15 wt%. 
This outcome signifies an ideal polymer concentration for 
producing fine and uniform fibrous scaffolds. The optimiza-
tion of polymer concentration further emphasizes the critical 
role of solution viscosity in fiber diameter control, a trend 
consistent with prior studies suggesting that lower poly-
mer concentrations facilitate enhanced jet stretching and 
the formation of finer fibers [141]. The molecular weight is 
stabilized at 70.25 kg/mol, representing a compromise that 
ensures effective jet formation without clogging or instabil-
ity. Furthermore, rapid convergence was observed for the 
flow rate, tip-to-collector distance, and applied voltage. The 
flow rate quickly stabilized at 0.16 mL/h, suggesting that a 
controlled and moderate polymer feeding rate is essential 
for producing consistent fibers. The tip-to-collector distance 
converged to 9.99 cm. Additionally, the applied voltage 
of 12.01 kV provided the necessary electrostatic force to 
facilitate the elongation and thinning of fibers, essential for 
achieving the targeted fiber diameter.

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

fiber diameters by minimizing the difference between the 
target and XGB-predicted fiber diameters. The optimization 
considered critical electrospinning experimental param-
eters, including polymer concentration, molecular weight, 
flow rate, tip-to-collector distance, and applied voltage, tar-
geting fiber diameters ranging from 100 nm to 1,000 nm. 
The GA was used as the optimization methodology due to 
its capability to address complex, multi-dimensional prob-
lems characterized by nonlinear and interdependent rela-
tionships among electrospinning experimental parameters 
and resultant fiber diameters.

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

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

Fig. 12  Fitness evolution over generations for achieving target fiber diameters of 400 nm (left) and 700 nm (right)
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solvents such as distilled water, which ensures rapid solvent 
evaporation, crucial for uniform fiber formation. A molec-
ular weight of 80.25 kg/mol provided sufficient polymer 
chain entanglement to stabilize the polymer jet, preventing 
jet breakage and bead formation. Optimized experimental 
parameters, including a high flow rate of 2.05 mL/h and a 
tip-to-collector distance of 10 cm, established a stable, con-
sistent jet flow, producing uniform nanofibrous scaffolds. 
The high applied voltage (14.97 kV) further highlighted the 
necessity for significant electrostatic stretching forces in 
forming ultra-fine fibers.

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

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

For fabricating ultra-fine nanofibers targeting a fiber 
diameter of 100 nm, the XGB-GA integration optimized 
the polymer concentration to 10.61 wt%. This facilitated 
a highly viscous solution conducive to greater polymer 
jet stretching under strong electrostatic forces, ultimately 
yielding thinner fibers [142]. PVA is known for its favor-
able electrospinnability and compatibility with low-boiling 

Fig. 13  Parameter variations over 30 generations are needed to achieve the 400 nm target fiber diameter
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Furthermore, optimization of micrometer-range fibers 
(1,000  nm) resulted in significantly higher polymer con-
centrations (11.59 wt%) and molecular weights (130.25 kg/
mol). These values ensure robust chain entanglement neces-
sary for supporting larger fiber diameters. A flow rate of 0.29 
mL/h and a tip-to-collector distance of 11.15 cm were opti-
mized across the target fiber diameters. The applied voltage 
significantly increased to 25.05 kV for the 1,000 nm target 
fibers, further confirming the direct relationship between 
applied voltage and fiber diameter.

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

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

Table 2  Optimized electrospinning experimental parameters for 
achieving target fiber diameters ranging from 100 nm to 1,000 nm
Target 
Fiber 
Diameter 
(nm)

Polymer 
Concen-
tration 
(wt%)

Molecular 
Weight (kg/
mol)

Flow 
Rate 
(mL/h)

Tip-to-
Collector 
Distance 
(cm)

Applied 
Voltage 
(kV)

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

Fig. 14  Parameter variations over 30 generations are needed to achieve a 700 nm target fiber diameter
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heightened complexity involved in controlling electrospin-
ning experimental parameters at larger scales. For instance, 
the predicted fiber diameter for the 900  nm target fiber 
diameter was 900.49 nm, with a fitness error of 0.49 nm, 
while for the 1,000 nm target fiber diameter, the integrated 
model generated a predicted fiber diameter of 1,004.14 nm, 
corresponding to a fitness error of 4.14 nm.

The capacity of the GA to optimize electrospinning 
experimental parameter sets plays a crucial role in achiev-
ing precise control over fiber diameters. Overall, the results 
are evident that the fitness error remains consistently within 
acceptable limits across all target fiber diameters, confirm-
ing the effectiveness of coupling the XGB predictive model 
with GA-driven optimization. For ultra-fine target nanofi-
bers in the 100–200 nm range, the XGB model exhibited 
outstanding predictive accuracy, maintaining fitness errors 
below 0.75 nm. Such precision is key for nanoscale appli-
cations where minor variations in fiber diameter can sig-
nificantly influence the structural integrity and functional 
performance of the final product [144]. In summary, the 
XGB-GA integration establishes an adaptable and highly 
precise methodology for electrospun nanofibrous scaffold 
fabrication. Figure 15 illustrates the predictive capability of 
the integrated model with XGB in predicting fiber diameters 
across various electrospinning conditions optimized by GA. 
The plot further confirmed the close agreement between the 
target and predicted fiber diameters across the entire 100-
1,000 nm range. The nearly perfect alignment of data points 
along the fit line reflects the model’s exceptional accu-
racy and generalization capability, bridging the nanoscale 
and microscale fibrous scaffold fabrication and reinforc-
ing its potential as a reliable tool for precision-controlled 
electrospinning.

The performance metrics further confirm the effective-
ness of the proposed optimization framework. Within the 
optimized subset, this resulted in an R2 score of 1.00, indi-
cating a perfect correlation between the target and predicted 

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

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

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

Table 3  Comparison between target fiber diameters and XGB-predicted fiber diameters on optimized electrospinning experimental parameters
Target Fiber 
Diameter (nm)

Polymer Con-
centration (wt%)

Molecular Weight 
(kg/mol)

Flow Rate 
(mL/h)

Tip-to-Collector 
Distance (cm)

Applied Volt-
age (kV)

Predicted Fiber 
Diameter (nm)

Best Fit-
ness (Abs 
Error/
nm)

100 10.61 80.25 2.05 10.00 14.97 100.36 0.36
200 7.81 72.13 0.21 14.99 20.11 200.65 0.65
300 11.75 72.11 0.27 15.26 24.98 301.66 1.66
400 7.15 70.25 0.16 9.99 12.01 399.53 0.47
500 8.05 84.98 0.81 10.05 10.00 502.26 2.26
600 9.12 85.02 1.25 10.00 9.85 604.33 4.33
700 10.25 84.79 2.16 10.69 12.15 699.56 0.44
800 10.48 130.84 0.39 14.75 19.65 807.61 7.61
900 10.15 125.22 0.25 15.01 20.99 900.49 0.49
1000 11.59 130.25 0.29 11.15 25.05 1004.14 4.14
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The GA-optimized parameter sets identified in this study 
enable the fabrication of PVA nanofibrous scaffolds with 
precisely controlled morphological and structural character-
istics while remaining within the operational limits of stan-
dard electrospinning equipment. Notably, these optimized 
findings provide a scientifically convincing starting point 
for scientists and researchers. They considerably decrease 
the dependence on traditional trial-and-error used in fiber 
tuning by effectively capturing the nonlinear interactions 
among multiple electrospinning parameters. The XGB-GA 
integration delivers data-driven optimization outcomes that 
mirror the underlying physical mechanisms of the process, 
thereby enhancing both efficiency and reproducibility in 
scaffold fabrication.

4  Conclusion

Precise control over fiber diameter in electrospun nanofi-
brous scaffolds critically determines their structural integ-
rity, surface morphology, and biological performance, 
making it a key parameter for tissue engineering applica-
tions. This study presents a comprehensive, data-driven 
approach that integrates a predictive ML model with GA 
optimization to achieve accurate fiber diameter prediction 
and parameter optimization for electrospun PVA nanofi-
brous scaffolds. A thoroughly curated dataset comprising 
397 data points, sourced from an extensive review of rel-
evant scientific publications, served as the foundation for 
developing and evaluating predictive ML models. The com-
parative evaluation of eight distinct ML models revealed 
that the XGB model consistently outperformed all others, 
exhibiting superior predictive accuracy and robustness. 
Specifically, the XGB model achieved high R2 scores and 

fiber diameters. The R2 score reflects the optimization per-
formance of the GA-driven subset rather than the general 
predictive capability of the XGB model across the full data-
set. Furthermore, the integrated ML-GA model achieved an 
RMSE of 3.207 nm, indicating minimal prediction devia-
tion and exceptional consistency. These metrics collec-
tively affirm that the XGB model delivers high predictive 
accuracy, while the GA efficiently explores and exploits the 
parameter space to minimize prediction error across diverse 
target diameters. Considering that even minor deviations 
in fiber diameter can significantly influence the structural, 
mechanical, and functional performance of electrospun 
nanofibrous scaffolds, this level of precision control is 
essential for ensuring high reproducibility and consistent 
product quality.

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

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

Fig. 15  Correlation between 
target and XGB-predicted fiber 
diameters applied to GA-opti-
mized electrospinning experi-
mental parameters
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