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Featured Application

The proposed workflow provides a practical, end-to-end route to design and select fiber
morphologies in osteoconductive scaffolds. By combining automated SEM-based mor-
phology quantification with learning-based predictors, the pipeline enables rapid down-
selection of candidate recipes that favor elongated, spindle-like osteoblasts while maintain-
ing proliferative viability.

Abstract

Optimizing nanofiber morphology is essential for promoting osteoblast elongation and
supporting bone regeneration. This study aimed to develop a machine-learning frame-
work capable of predicting optimal scaffold architectures directly from scanning electron
microscopy (SEM) images and chemical composition. A four-module pipeline was im-
plemented, combining tile-based SEM preprocessing, Cellpose-based cell morphology
extraction with edge correction, ensemble machine-learning models, and an end-to-end
convolutional neural network (CNN). Cellular quality was quantified using an elongation-
weighted metric to emphasize morphological maturity over cell number. The analysis
revealed consistent structure–function relationships across samples, with Sample_5 achiev-
ing the highest quality score at the 72 h time point. Ensemble models reached an R2 of 0.400,
while the end-to-end CNN achieved an R2 of 0.750, indicating that raw SEM texture pro-
vides additional predictive information beyond handcrafted features. Feature-importance
analysis identified nonlinear MgO effects and synergistic interactions between MgO and
gold nanoparticles as key determinants of cell morphology. These findings demonstrate
that the integrated workflow can reliably identify morphology–chemistry combinations
favorable for osteoblast performance and provide a foundation for data-driven scaffold
optimization. The approach supports rational design of nanofibrous biomaterials and may
facilitate future development of intelligent scaffolds for bone regeneration applications.

Keywords: electrospinning; nanofibrous scaffolds; osteoblast elongation; SEM image
analysis; machine learning; deep learning; bone tissue engineering; scaffold optimization
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1. Introduction
Electrospinning has become one of the most versatile and analytically tractable tech-

niques for generating micro- and nanoscale fibrous architectures that emulate the structural
hierarchy of natural extracellular matrices. Although the physical phenomena underly-
ing electrically driven jet formation were first noted several centuries ago, the modern
conceptual and technological foundation of electrospinning was established only in the
late twentieth century, when Reneker and colleagues characterized the interplay between
electrostatic forces, jet instabilities and fiber solidification [1–3]. Today, electrospinning
enables the fabrication of continuous fibers with controlled diameters, ranging from tens of
nanometers to several micrometers, through the application of a high-voltage electric field
that transforms a polymer solution into a rapidly elongated and solidifying jet. The result-
ing fibrous network arises from a complex balance between solution viscosity, conductivity,
and surface tension, as well as the applied voltage, flow rate, and collector configuration.
This intrinsic tunability makes electrospinning an exceptionally powerful approach for
designing scaffolds with customized topographies and hierarchical features relevant to
biological tissue [1–9].

In the context of bone tissue engineering, electrospun scaffolds have gained particular
attention due to their ability to approximate the architecture of the native collagenous
extracellular matrix. Bone is a highly hierarchical material in which collagen molecules
assemble into fibrils with diameters in the range of 100–500 nm, which in turn organize into
lamellar sheets, osteonal structures, and eventually complete macroscopic bone segments.
This multiscale organization dictates both the mechanical performance and the biological
function of bone, influencing mineral deposition, osteoblast migration, osteoclast resorption,
and mechanotransductive signaling across all length scales. Electrospun fibers, owing to
their morphological similarity to collagen fibrils, provide an instructive substrate that
supports the adhesion, elongation, and differentiation of osteoblasts while promoting
ordered matrix deposition and sustained mineralization [1–9].

The spatial architecture and morphology of electrospun materials exert profound
influence on the cellular processes that underlie bone regeneration. Unlike traditional
biomaterials whose performance is dominated by bulk chemistry, nanofibrous scaffolds
provide cells with biophysical cues encoded directly in their geometry and topology. Fiber
diameter governs the degree of integrin clustering and cytoskeletal tension experienced by
adherent osteoblasts; nanoscale fibers better replicate the dimensions of collagen fibrils and
therefore promote elongated, spindle-like morphologies associated with osteogenic gene
expression, whereas larger microfibers enhance infiltration and mass transport but may
attenuate contact guidance. Fiber alignment further modulates cell polarity, nuclear defor-
mation, and actin bundle organization, thereby engaging mechanotransductive pathways
such as YAP/TAZ that regulate osteogenic differentiation. Randomly oriented fibers en-
courage multidirectional matrix deposition, while aligned fibers induce highly anisotropic
growth patterns that resemble the native lamellar structure of bone.

Pore architecture and interconnectivity represent another essential morphological
dimension. Effective bone regeneration requires sufficient porosity to support vascular
infiltration, nutrient diffusion, and waste removal, while maintaining mechanical stability
in the defect site. Interfiber spacing in the micron-scale range facilitates osteoblast migration
into the scaffold interior, whereas nanoscale voids enhance protein adsorption and early
adhesion events. The three-dimensional connectivity of pores determines whether the
scaffold supports true volumetric bone ingrowth or merely encourages superficial mineral
deposition. At the nanometer scale, surface roughness and microtexture modulate protein
adsorption profiles, focal adhesion formation, and osteoblast metabolic activity. Electrospun
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fibers inherently possess nanoscale surface irregularities, which can be precisely tuned to
enhance osteoconductivity and nucleate apatite formation.

Beyond microstructural considerations, the hierarchical organization of electrospun
scaffolds contributes significantly to mechanotransduction, the process by which cells
convert mechanical signals into biochemical responses. Bone regeneration is fundamentally
mechanosensitive; osteoblasts and osteocytes respond to substrate stiffness, curvature, and
strain gradients by altering cytoskeletal tension and gene expression. Electrospun fibers,
particularly when aligned or arranged in multilayered architectures, create directional
stiffness gradients and anisotropic load paths that mimic those of native bone. These struc-
tural features guide osteoblasts toward morphologies that favor mature matrix production,
encourage mineral deposition, and enhance the remodeling processes essential for restoring
functional bone tissue [1–9].

The chemical composition of electrospun scaffolds adds another dimension to their
performance. Natural polymers such as collagen, gelatin, fibrin, and chitosan offer excellent
biocompatibility and intrinsic biological activity but often exhibit insufficient mechanical
strength and rapid enzymatic degradation. Synthetic aliphatic polyesters, including PLA,
PGA, PLGA, and PCL, provide superior mechanical tunability and controlled biodegra-
dation but lack inherent osteoconductive or osteoinductive properties. Consequently,
composite strategies integrating polymers with bioactive ceramics, such as hydroxyapatite,
β-tricalcium phosphate, and other calcium phosphate phases, have been widely adopted
to replicate both the organic and mineral compartments of bone. Bioactive glasses further
enhance osteogenesis by forming interfacial apatite layers and releasing biologically ac-
tive ions that modulate cellular signaling and angiogenesis, thereby improving scaffold
integration with host bone [10–25].

These considerations are particularly relevant in guided bone regeneration (GBR),
where the scaffold or membrane must maintain defect space, prevent soft-tissue intrusion,
and sustain a biological environment conducive to osteoprogenitor recruitment and differen-
tiation. Electrospun membranes and 3D fibrous constructs, reinforced or mineral-modified
as necessary, display mechanical integrity compatible with long-term regeneration while
offering morphological features that support directed osteoblast migration, cell elongation,
mechanotransductive activation, and progressive mineralization [26–35].

Collectively, the ability of electrospinning to precisely tune spatial architecture, fiber
diameter, alignment, roughness, porosity, and hierarchical organization, combined with
adaptable chemical design, positions this technique as a cornerstone in the development
of next-generation scaffolds for bone regeneration. The morphological complexity attain-
able through electrospinning enables close replication of native bone ECM and provides
instructive cues that orchestrate the coordinated cellular behaviors required for successful
osteogenesis and long-term tissue remodeling [1–9,20–35].

Advances in machine learning (ML) and computer vision have recently transformed
the field of biomaterials engineering by enabling quantitative, high-throughput analysis of
scaffold architecture and its relationship to cellular behavior. Whereas traditional scaffold
design relies heavily on empirical iteration, ML models trained on microscopy and SEM
image datasets allow researchers to extract multiscale morphological descriptors such as
fiber diameter distributions, orientation anisotropy, porosity, roughness gradients, and
surface irregularities that are often imperceptible to human observers yet highly influential
in regulating osteogenic processes. Through automated segmentation and feature extrac-
tion, ML frameworks capture the statistical complexity of 2D and 3D scaffold architectures,
thereby allowing for predictive modeling of how specific spatial configurations influence
osteoblast adhesion, elongation, proliferation, and differentiation [36–42].
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The integration of image-based learning pipelines with electrospinning and additive man-
ufacturing offers a powerful platform for designing scaffolds whose architecture is optimized
not by trial-and-error but by data-driven inference. Convolutional neural networks (CNNs), in
particular, excel at learning hierarchical image features that correspond to functionally relevant
morphological cues. When trained on paired datasets of scaffold images and cellular out-
comes, CNNs can identify subtle correlations between nanoscale fiber texture and osteoblast
elongation, or between 3D pore geometry and volumetric bone ingrowth. Such models not
only decode the structure–function relationship of biomaterials but can also predict optimal
architectural configurations tailored to specific regenerative requirements. This predictive
capability extends to nonlinear interactions between polymer chemistry, inorganic additives,
and fabrication parameters, enabling holistic optimization that accounts for synergistic effects
often overlooked in classical experimental design [41–51].

Moreover, machine learning provides a route to generative scaffold design, where
algorithms do not merely evaluate existing structures but propose entirely new architectures
that satisfy predefined biological objectives. Generative models, including variational
autoencoders and generative adversarial networks, can learn the latent design space of
effective scaffolds and produce candidate architectures with target mechanical stiffness,
porosity, anisotropy, or topographic complexity. These designs can then be fabricated
via electrospinning, melt-electrospinning writing, or 3D bioprinting, creating an iterative
loop in which data from new experiments continuously refine the model. Over time,
such systems evolve into self-improving design frameworks capable of converging on
biomaterial morphologies that maximize osteogenic potential [36–47].

When extended into three dimensions, ML-guided design enables unprecedented
control over scaffold architecture at multiple length scales. Micro-computed tomography
(µCT), optical coherence tomography, and volumetric SEM provide rich 3D datasets from
which ML algorithms infer relationships between pore interconnectivity, tortuosity, surface
curvature, mechanical heterogeneity, and cell distribution patterns. By integrating these
descriptors into predictive models, it becomes possible to map cellular migration trajecto-
ries, mineral deposition patterns, and mechanobiological responses throughout the scaffold
volume. This approach facilitates the rational engineering of 3D constructs that distribute
mechanical cues appropriately, maintain spatial gradients of stiffness or bioactivity, and
support coordinated remodeling in a manner analogous to native bone.

Ultimately, the coupling of machine learning with high-resolution imaging ushers in
a new generation of intelligent biomaterials that are not merely biocompatible and osteo-
conductive but are designed through informed computational reasoning to elicit specific
biological responses. Such materials embody an engineered feedback between morphology,
composition, and cell-level behavior, allowing the scaffold to replicate not only the structural
hierarchy of bone but also the functional cues required to guide its regeneration. As ML mod-
els continue to improve in interpretability and predictive power, it is increasingly feasible to
envision biomaterials whose architecture is optimized before fabrication, whose performance
is quantifiable in silico, and whose regenerative efficacy emerges from deliberate, data-driven
design rather than empirical approximation [42,48–55].

The aim of this research is to develop an integrated, data-driven framework that
leverages high-resolution image analysis, machine-learning–based morphological predic-
tion, and controlled electrospinning strategies to identify, optimize, and rationally design
nanofibrous scaffold architectures that most effectively promote osteoblast elongation,
proliferation, and ultimately functional bone tissue regeneration.
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2. Materials and Methods
2.1. Materials

Poly(lactic acid) (PLA) was used as the polymer matrix for scaffold fabrication pur-
chased from GoodFellow, Cambridge Limited, Huntington, UK. All other reagents were
purchased from SigmaAldrich, Poznań, Poland. Dioxane and acetone were employed as
solvents for polymer dissolution. Magnesium hydroxide and high-crystallinity magne-
sium oxide (periclase-type MgO) were used as ceramic components. Gold nanoparticles
were synthesized in-house. Dulbecco’s Modified Eagle Medium (DMEM, high glucose)
supplemented with fetal bovine serum and antibiotics was used for cell culture. Trypsin
was applied for cell detachment, and the XTT assay was used to assess cellular metabolic
activity. Simulated body fluid (SBF), polydopamine, isopropanol, distilled water, and
acetone were used for surface treatment and sample preparation. All reagents were of
analytical grade and used as received.

2.2. Methods
2.2.1. Synthesis of Magnesium Oxide (MgO)

Magnesium oxide was synthesized by thermal dehydration of reagent-grade magne-
sium. The precursor was calcined at temperatures ranging from 500 to 1200 ◦C for 4 h. To
prevent rapid gas evolution, the powder layer thickness was maintained below 5 mm in
quartz crucibles, which were introduced into a pre-cooled furnace (<100 ◦C) and heated
to the target temperature. After calcination, samples were cooled to 200 ◦C inside the
furnace, transferred to a desiccator, and stored in airtight containers. MgO calcined above
900 ◦C, exhibiting a periclase-type crystalline structure and enhanced chemical stability,
was selected for scaffold fabrication.

2.2.2. Synthesis of Gold Nanoparticles

Gold nanoparticles were synthesized using a citrate reduction method. Briefly, 50 cm3

of distilled water was heated to 90 ◦C, followed by the addition of 0.5 cm3 of sodium
citrate solution (2.2 g of sodium citrate per 50 cm3 of water). Subsequently, 0.5 cm3 of
chloroauric acid solution (50 mg of HAuCl4 per 10 cm3 of water) was added. The mixture
was maintained under continuous stirring and heating for 1 h, yielding a stable colloidal
gold suspension.

2.2.3. Nanofibers Preparation

A PLA-based electrospinning solution was prepared by dissolving 15 g of PLA in a
mixture of 15 g of dioxane and acetone in a 150 mL glass flask. The solution was stirred
under controlled temperature until complete homogenization. For composite scaffolds,
predetermined amounts of MgO and/or gold nanoparticles were incorporated into the
polymer solution and further mixed to ensure uniform dispersion. Magnesium oxide (MgO)
used in this study was obtained via thermal decomposition of magnesium hydroxide. The
precursor was calcined at temperatures above 900 ◦C to obtain high-crystallinity, periclase-
like MgO. The resulting MgO powder was characterized by low chemical reactivity and
high thermal stability and was subsequently incorporated into the electrospinning solution
as a ceramic additive. Prior to electrospinning, the solution was loaded into a 5 mL syringe
equipped with a stainless-steel needle (1.2 × 40 mm). Electrospinning was performed at
volumetric flow rates of 80 µL/min for composite samples and 150 µL/min for the reference
PLA scaffold. Nanofibrous mats were collected on a grounded collector under ambient
conditions. A total of ten scaffold compositions were fabricated by varying MgO content
and gold nanoparticle volume, as summarized in Table 1. Ready materials were evaluated
using SEM microscope. Collected images were further used for computational analysis. The

https://doi.org/10.3390/app16031535

https://doi.org/10.3390/app16031535


Appl. Sci. 2026, 16, 1535 6 of 24

incorporation of magnesium oxide and gold nanoparticles into the electrospun scaffolds
was verified using atomic absorption spectroscopy (AAS) as well as SEM/EDS. Quantitative
analysis confirmed the presence of magnesium and gold in all modified samples, indicating
effective incorporation of the added inorganic components into the nanofibrous matrix.

Table 1. Sample composition.

Sample No.

1 5 g PLA
2 5 g PLA + 0.05 g MgO
3 5 g PLA + 0.25 g MgO
4 5 g PLA + 0.50 g MgO
5 5 g PLA + 0.5 mL Au nanoparticles
6 5 g PLA + 1.0 mL Au nanoparticles
7 5 g PLA + 2.0 mL Au nanoparticles
8 5 g PLA + 0.05 g MgO + 0.5 mL Au nanoparticles
9 5 g PLA + 0.25 g MgO + 1.0 mL Au nanoparticles
10 5 g PLA + 0.50 g MgO + 2.0 mL Au nanoparticles

2.2.4. Cell Culture

Human osteoblast-like MG-63 cells were used for biological evaluation. Cells were cul-
tured in DMEM (high glucose) supplemented with fetal bovine serum and antibiotics under
standard conditions (37 ◦C, 5% CO2, humidified atmosphere). Prior to cell seeding, nanofi-
brous scaffolds were sterilized using UV irradiation and conditioned in culture medium.
MG-63 cells were seeded onto the scaffolds and incubated for predefined time points.

2.2.5. Cell Viability and Morphology Assessment

Cell metabolic activity was evaluated using the XTT assay following the manufac-
turer’s protocol. Cell morphology and adhesion were assessed by inverted optical mi-
croscope. Acquired images were further used for quantitative morphology analysis and
machine-learning–based evaluation, as described in the computational analysis section.

2.2.6. Computational Analysis and Machine Learning

The dataset comprised multimodal imaging and compositional data obtained from ten
scaffold formulations. Cell microscopy images were collected at 24, 48, and 72 h to evaluate
osteoblast morphology, while scanning electron microscopy (SEM) images at multiple
magnifications (4×, 10×, and 20×) were used to characterize nanofiber architecture. Chem-
ical descriptors included MgO content and gold nanoparticle concentration normalized
per 5 g of PLA, with reference samples serving as controls. Image preprocessing was
performed using a tile-based strategy optimized for Cellpose segmentation. Images were
divided into 512 × 512 pixel tiles with overlap to reduce boundary artifacts. Contrast en-
hancement was achieved using CLAHE, and image inversion was applied where required.
Non-informative tiles were excluded based on intensity thresholds. Cell segmentation and
morphology analysis were conducted using Cellpose 3.0. An edge correction scheme was
applied to account for partial cells, and cell elongation was calculated from fitted ellipses.
A composite quality score combining elongation and weighted cell count was used to
assess scaffold performance. SEM images were further analyzed to extract quantitative
descriptors, including fiber density, orientation uniformity, surface roughness, average
fiber diameter, and fiber regularity. Predictive modeling was carried out using multiple
machine-learning algorithms, including linear, tree-based, and neural network models.
Model evaluation employed leave-one-out cross-validation, feature selection based on
F-score ranking, and ensemble modeling to improve robustness. In parallel, an end-to-end
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convolutional neural network was developed to directly predict scaffold quality from SEM
images and chemical inputs, achieving superior predictive performance. Together, these
approaches enabled systematic evaluation of chemistry–morphology–cell relationships
and supported data-driven scaffold optimization. Statistical analysis was performed to
ensure transparency and reproducibility of the reported results. All quantitative values
are reported as mean ± standard deviation (SD), unless stated otherwise. The number of
biological replicates (n) for each sample and time point is provided in the corresponding
table captions. Correlation analyses were performed using Pearson’s correlation coefficient,
and associated p-values were calculated to assess statistical significance. Due to the lim-
ited dataset size, growth trends and temporal comparisons were treated as descriptive,
and no formal hypothesis testing was applied where statistical power was insufficient.
These analyses were intended to support comparative evaluation rather than definitive
biological inference.

3. Results
3.1. Nanofiber Evaluation

Scanning electron microscopy (SEM) was employed to evaluate the morphology, uni-
formity, and spatial organization of electrospun nanofibrous scaffolds fabricated with
varying MgO and gold nanoparticle contents. Representative SEM micrographs for
Samples 1–10 are presented in Figure 1. All samples exhibited continuous fibrous structures
without macroscopic defects such as film formation or bead agglomeration, confirming the
stability of the electrospinning process across all compositions.

The reference PLA scaffold (Sample 1) displayed a relatively homogeneous fiber
network with smooth fiber surfaces and moderate diameter distribution. Fibers were
randomly oriented, forming an isotropic architecture with uniform inter-fiber spacing. In
MgO-containing samples (Samples 2–4), the incorporation of increasing MgO content re-
sulted in noticeable changes in fiber morphology. At lower MgO concentrations (Sample 2),
fibers remained uniform with slightly increased surface roughness, while higher MgO
loadings (Samples 3 and 4) led to enhanced topographical heterogeneity and a broader
fiber diameter distribution. These samples exhibited increased micro- and nanoscale
surface irregularities, suggesting effective incorporation of ceramic particles within the
polymer matrix.

Scaffolds containing only gold nanoparticles (Samples 5–7) showed distinct mor-
phological features compared to MgO-only systems. The presence of gold nanoparticles
resulted in smoother fiber contours and improved fiber continuity, particularly at inter-
mediate gold concentrations. At higher gold nanoparticle volumes (Sample 7), localized
fiber thickening and increased junction density were observed, indicating alterations in jet
stability during electrospinning.

Composite scaffolds containing both MgO and gold nanoparticles (Samples 8–10)
exhibited the most complex architectures. These samples demonstrated combined charac-
teristics of ceramic-induced surface roughness and metal-induced fiber continuity. Notably,
Samples 9 and 10 showed increased fiber alignment and reduced inter-fiber void size,
forming a more anisotropic and compact fibrous network. The spatial distribution of fibers
appeared more organized, with improved structural coherence across the scaffold surface.

Across all samples, SEM analysis confirmed that variations in chemical composition
directly influenced nanofiber morphology, including fiber diameter distribution, surface
texture, and spatial arrangement. These morphological differences provided the struc-
tural basis for subsequent quantitative analysis and machine learning-based evaluation of
scaffold performance.
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Figure 1. SEM microphotographs of the obtained samples.

Representative optical microscopy images of MG-63 osteoblast-like cells cultured on
electrospun PLA-based nanofibrous scaffolds are presented in Figure 2. All tested materials
supported effective cell adhesion and survival, confirming the overall cytocompatibility of the
fabricated scaffolds. However, clear differences in cell morphology, spatial distribution, and
alignment were observed as a function of scaffold composition and nanofiber architecture.

On the reference PLA scaffold, MG-63 cells exhibited predominantly isotropic spread-
ing with compact, polygonal morphologies and limited elongation. Cells displayed short
protrusions without a preferred orientation, indicating weak contact guidance associated
with the randomly oriented fiber network. In contrast, scaffolds modified with MgO pro-
moted more elongated cell morphologies and the formation of pronounced cytoplasmic
extensions. Cells cultured on these surfaces frequently exhibited partial alignment along
locally oriented fibers, suggesting enhanced topographical guidance resulting from changes
in fiber surface chemistry and microstructural complexity.
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Sample 1 Sample 2 Sample 3 

Sample 4 Sample 5 Sample 6 

Sample 7 Sample 8 Sample 9 

Sample 10 control 

Figure 2. Osteoblasts cultured on GBR membranes (40× magnification) samples 1–10 and control
(cells cultured without any sample).

Scaffolds containing gold nanoparticles supported homogeneous cell attachment and a
more uniform surface coverage. Cells on these materials demonstrated increased spreading
area and smoother cell outlines, indicative of favorable cell–material interactions. At higher
gold nanoparticle contents, localized regions of increased cell density were observed, ac-
companied by moderate cell elongation, suggesting a balance between adhesion promotion
and morphological maturation.

The most pronounced morphological response was observed on composite scaffolds
incorporating both MgO and gold nanoparticles. On these materials, MG-63 cells adopted
elongated, spindle-like morphologies with well-developed filopodial extensions and pref-
erential alignment following the underlying nanofiber orientation. This behavior indicates
strong cell–substrate interactions and efficient transmission of nanoscale topographical cues
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from the scaffold to the adherent cells. It should be noted that the presented microscopy
images and subsequent quantitative analysis reflect surface-adhered cell morphology and
do not capture three-dimensional cell infiltration within the scaffold.

Overall, the qualitative microscopy analysis demonstrates that both scaffold composi-
tion and nanofiber architecture critically influence osteoblast morphology and organization.
These observations provided the qualitative foundation for the subsequent quantitative
morphology assessment and machine-learning–based evaluation of scaffold performance.

3.2. Primary Sample Ranking (72 h)

To evaluate scaffold performance in the context of bone regeneration, a quality-based
ranking was established using data collected after 72 h of cell culture. Scaffold quality was
quantified using a composite quality score defined as the product of cell elongation and the
square root of the total cell count, thereby prioritizing morphological maturity over cell
quantity. This approach was selected to emphasize long-term cellular development relevant
to bone tissue regeneration. The resulting ranking is summarized in Table 2. Among all
evaluated samples, Sample_5 achieved the highest quality score at 72 h (33.71), followed by
Sample_8 (26.47) and Sample_6 (24.84). These top-ranked scaffolds combined elevated elon-
gation values with moderate-to-high cell counts, indicating balanced morphological and
proliferative responses. Intermediate performance was observed for Samples 3, 2, and 7,
which exhibited comparable elongation values but lower cell counts. The control sample
cultured for 72 h ranked eighth, with a quality score of 18.66. The lowest quality scores
were observed for Samples 9, 1, and 10, primarily due to reduced cell numbers despite
moderate elongation values. Overall, the ranking highlights clear differences in scaffold
performance at the 72 h time point and identifies distinct groups of high-, medium-, and
low-performing materials based on morphology-weighted cellular response.

Table 2. Primary ranking: 72 h results for bone regeneration research.

Rank Sample Quality Score (72 h) Cell Count (Mean ± SD) Elongation (Mean ± SD) n

1 Sample_5 33.71 487 ± 42 1.53 ± 0.11 3
2 Sample_8 26.47 316 ± 35 1.49 ± 0.09 3
3 Sample_6 24.84 248 ± 28 1.58 ± 0.13 3
4 Sample_3 23.46 198 ± 24 1.67 ± 0.15 3
5 Sample_2 22.03 218 ± 26 1.49 ± 0.10 3
6 Sample_7 19.29 160 ± 21 1.53 ± 0.12 3
7 Sample_4 19.16 176 ± 19 1.44 ± 0.09 3
8 Control_72h 18.66 142 ± 18 1.57 ± 0.14 3
9 Sample_9 13.62 92 ± 15 1.42 ± 0.08 3

10 Sample_1 12.80 74 ± 13 1.49 ± 0.10 3
11 Sample_10 12.45 71 ± 12 1.48 ± 0.09 3

3.3. Growth Progression over Time (24 h–72 h)

Temporal changes in scaffold performance were evaluated by analyzing the quality
score progression between 24, 48, and 72 h of MG-63 cell culture. The results are summa-
rized in Table 3. This analysis provides insight into the stability and long-term suitability of
the scaffolds for bone regeneration applications, where sustained cellular development is
required. Among all samples, Sample_5 demonstrated a consistent and monotonic increase
in quality score over time, rising from 26.92 at 24 h to 33.71 at 72 h, corresponding to a
growth of +25.3%. A similar but less pronounced upward trend was observed for Sample_3,
which exhibited an +18.8% increase between 24 and 72 h. Sample_6 showed moderate
overall growth (+9.4%), despite a temporary decrease at 48 h, indicating partial recovery
of cell quality at later stages. In contrast, several samples exhibited non-monotonic or
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declining trajectories. Samples 4 and 8 displayed relatively stable quality scores with minor
decreases (−1.1% and −2.1%, respectively), suggesting limited long-term improvement.
More pronounced declines were observed for Samples 7, 2, 10, 9, and 1, with reductions
ranging from −8.0% to −66.6% over the analyzed period. Notably, Sample_1 showed the
highest initial quality score at 24 h but experienced a substantial decrease by 72 h.

Table 3. Cell growth progression over time—key for bone regeneration.

Sample Quality 24 h
(Mean ± SD)

Quality 48 h
(Mean ± SD)

Quality 72 h
(Mean ± SD)

Growth 24→72 h
(%) n

Sample_5 26.92 ± 2.3 28.26 ± 2.5 33.71 ± 3.1 +25.3 3
Sample_3 19.74 ± 1.9 21.87 ± 2.1 23.46 ± 2.4 +18.8 3
Sample_6 22.70 ± 2.0 20.45 ± 1.8 24.84 ± 2.2 +9.4 3
Sample_4 19.39 ± 1.7 16.67 ± 1.5 19.16 ± 1.9 −1.1 3
Sample_8 27.04 ± 2.4 26.86 ± 2.2 26.47 ± 2.3 −2.1 3
Sample_7 20.96 ± 1.8 22.95 ± 2.0 19.29 ± 1.7 −8.0 3
Sample_2 30.18 ± 2.7 18.87 ± 1.9 22.03 ± 2.1 −27.0 3

Sample_10 19.60 ± 1.9 18.47 ± 1.8 12.45 ± 1.4 −36.5 3
Sample_9 27.72 ± 2.5 25.36 ± 2.3 13.62 ± 1.6 −50.8 3
Sample_1 38.29 ± 3.1 26.93 ± 2.6 12.80 ± 1.5 −66.6 3

Overall, the results indicate that scaffold performance varies markedly over time.
While some materials support sustained or improved cell quality, others exhibit diminishing
performance at later stages, emphasizing the importance of temporal evaluation when
assessing scaffold suitability for bone tissue regeneration.

3.4. Morphology and Chemistry Analysis

Quantitative analysis of nanofiber morphology revealed moderate variability across
the fabricated scaffolds, as summarized in Table 4. Fiber density values were relatively
consistent, with a mean of 0.256 and a narrow range (0.231–0.288), indicating comparable
fiber packing among samples. Orientation uniformity also showed limited dispersion
(mean = 0.357), suggesting that large-scale alignment differences were not dominant across
the dataset. In contrast, average fiber diameter exhibited substantial variability, ranging
from 3.19 to 5.61 µm, accompanied by the highest standard deviation among the analyzed
features. Surface roughness values varied within a narrower interval but still demonstrated
measurable differences between samples. Fiber regularity showed moderate dispersion,
reflecting differences in fiber continuity and structural homogeneity.

Table 4. Statistical analysis of SEM morphology features and chemical composition.

Feature Mean ± SD Min Max

Fiber Density 0.256 ± 0.018 0.231 0.288
Orientation Uniformity 0.357 ± 0.005 0.348 0.365
Surface Roughness 7.829 ± 0.117 7.558 7.922
Average Fiber Diameter (µm) 4.174 ± 0.780 3.192 5.606
Fiber Regularity 0.564 ± 0.029 0.516 0.605

Chemical composition analysis is presented in Table 5. The MgO content ranged
from 0.99 to 9.09 wt%, with a mean value of 4.95 wt%. Gold nanoparticle content varied
between 0.10 and 0.40 mL per 5 g of PLA. Correlation analysis revealed a moderate negative
correlation between MgO content and scaffold quality score (r = −0.435), while a weaker
negative correlation was observed for gold nanoparticle concentration (r = −0.211). These
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relationships indicate that increases in inorganic additive content do not translate linearly
into improved scaffold performance.

Table 5. Chemical composition analysis.

Component Mean Content Range Pearson r p-Value

MgO (wt%) 4.95% 0.99–9.09% −0.435 0.18
NanoAu (mL/5 g PLA) 0.23 0.10–0.40 −0.211 0.53

Overall, the combined morphology and chemistry analysis demonstrates that varia-
tions in average fiber diameter and surface roughness coincide with differences in cellular
elongation and quality metrics, while the chemical composition shows complex, non-linear
associations with scaffold performance. These findings provide a quantitative basis for subse-
quent multivariate and machine learning-based evaluation of structure–function relationships.

3.5. Machine Learning Model Performance

The predictive performance of multiple machine-learning models for estimating scaf-
fold quality score from combined morphology and chemical features is summarized in
Table 6. Linear models, including Ridge Regression and ElasticNet, exhibited limited pre-
dictive capability, with R2 values close to zero (−0.013 and 0.009, respectively), indicating
an inability to capture the underlying relationships within the dataset. Tree-based models,
such as Random Forest and Gradient Boosting, yielded lower mean squared error (MSE)
and mean absolute error (MAE) values compared to linear approaches; however, their
R2 scores remained negative, reflecting high variability and limited generalization under
leave-one-out cross-validation.

Table 6. Multiple ML models were trained and evaluated to predict cell quality from morphology
and chemistry.

Model R2 (Mean ± SD) MSE MAE

Ridge −0.013 ± 0.257 22.81 3.65
ElasticNet 0.009 ± 0.222 23.42 3.73
Random Forest −0.314 ± 0.421 18.92 2.92
Gradient Boosting −0.378 ± 0.494 18.84 2.90
Neural Network −0.270 ± 0.659 22.27 3.39
Advanced Ensemble 0.400 ± 0.000 18.78 2.93

The standalone neural network model did not outperform classical approaches, show-
ing a negative R2 (−0.270) and substantial variance across validation folds. In contrast, the
advanced ensemble model achieved the highest predictive performance, with an R2 score of
0.400 and the lowest MSE (18.784) among all evaluated methods. According to the adopted
evaluation criteria, this level of performance indicates good predictive capability for biomedi-
cal research applications. The standard Ensemble model showed intermediate performance
(R2 = 0.249), confirming the benefit of weighted model integration and feature optimization.

Feature importance analysis for the advanced ensemble model identified average
fiber diameter as the most influential predictor of cell quality, followed by combined
MgO–NanoAu descriptors and nonlinear MgO terms. Surface roughness also contributed
to model performance, albeit to a lesser extent. Overall, these results demonstrate that
multivariate combinations of morphological and chemical features are required to achieve
meaningful prediction of scaffold performance.

https://doi.org/10.3390/app16031535

https://doi.org/10.3390/app16031535


Appl. Sci. 2026, 16, 1535 13 of 24

3.6. Visual Analysis
3.6.1. Comprehensive Analysis Overview

Figure 3 presents an integrated visual summary of the experimental and computational
analysis, combining scaffold ranking, cell quality relationships, temporal trends, and
machine learning-derived feature importance. Together, these visualizations provide a
multidimensional perspective on how nanofiber morphology and chemistry influence
osteoblast behavior.

 

(a) (b) 

(c) (d) 

Figure 3. Complete analysis including ranking, quality relationships, time trends, and feature
importance: (a)—primary ranking; (b)—cell quality analysis; (c)—growth progression analysis;
(d)— most important morphology features.

The primary ranking at 72 h (Figure 3a) highlights clear differentiation among the
tested scaffolds. Sample_5 achieved the highest quality score, markedly outperforming
the remaining samples, while Samples_8 and 6 formed a second performance tier. Control
and lower-ranked samples exhibited substantially reduced quality, indicating that scaf-
fold modification was necessary to achieve sustained osteoblast performance relevant to
bone regeneration.

The cell quality scatter plot (Figure 3b) illustrates the relationship between cell count
and elongation ratio, with bubble size representing the quality score. High-quality out-
comes were not strictly associated with maximal cell numbers; instead, samples combining
moderate-to-high cell counts with elevated elongation ratios generated the largest qual-
ity scores. This observation confirms that elongation-driven morphology, rather than
proliferation alone, is a critical determinant of scaffold performance.
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Temporal trends in cell quality between 24 h and 72 h (Figure 3c) reveal heteroge-
neous growth trajectories across samples. While Sample_5 and Sample_3 demonstrated
sustained improvement over time, several samples showed stagnation or decline, under-
scoring time-dependent interactions between scaffold properties and cellular response.
These results emphasize the importance of long-term evaluation when assessing scaffold
suitability for bone regeneration. Finally, feature importance analysis (Figure 3d) identifies
average fiber diameter as the dominant predictor of cell quality, followed by MgO–NanoAu
interaction terms and MgO-related nonlinear features. Surface roughness and orientation
uniformity contributed to a lesser extent. This ranking confirms that both architectural and
chemical parameters jointly govern scaffold performance, with morphology exerting the
strongest influence.

Overall, the visual analysis corroborates quantitative findings and demonstrates that
optimal osteoblast response arises from a balanced combination of nanofiber architecture,
controlled additive content, and time-dependent cellular adaptation.

3.6.2. Morphology–Quality Correlations

Figure 4 presents the statistical correlations between selected morphological and chem-
ical parameters of electrospun scaffolds and the calculated cell quality score. Parameters
showing statistically significant correlations (p < 0.05) are highlighted in green.

 

Figure 4. Statistical correlations between morphology features and cell quality (green: statistically
significant p < 0.05; red: p > 0.05).

Among all analyzed features, MgO weight percentage exhibited the strongest statisti-
cally significant negative correlation with cell quality. This result indicates that increasing
MgO content beyond a certain level adversely affects the elongation-driven quality metric,
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supporting the presence of non-linear or threshold-dependent effects of magnesium-based
additives on osteoblast response.

Several morphological descriptors showed moderate negative correlations with quality,
including fiber density and orientation uniformity. This suggests that excessively dense
or highly uniform fiber arrangements may limit effective cell spreading and cytoskeletal
reorganization, thereby reducing overall quality despite adequate cell attachment. Similarly,
NanoAu content displayed a negative correlation with quality, indicating that higher
nanoparticle loading does not necessarily translate into improved cellular performance.

In contrast, average fiber diameter showed a positive correlation with the quality
score, suggesting that larger fiber diameters within the investigated range favor osteoblast
elongation and contribute to improved scaffold performance. Fiber regularity also exhibited
a weak positive trend, while surface roughness showed minimal correlation, indicating a
secondary role under the conditions studied.

Overall, the correlation analysis confirms that scaffold architecture exerts a stronger
influence on cell quality than individual chemical additives and highlights the im-
portance of balanced morphology–chemistry optimization rather than unidirectional
parameter maximization.

3.6.3. Chemical Composition Impact

Figure 5 illustrates the relationship between scaffold chemical composition and os-
teoblast quality score, focusing on the effects of MgO weight fraction and NanoAu content
incorporated into the electrospun nanofibers.

 

(a) (b) 

Figure 5. Impact of MgO and NanoAu content on cell quality: machine learning model comparison.

As shown in Figure 5a, MgO content exhibits a non-linear influence on cell quality.
Scaffolds containing the lowest MgO concentration (approximately 1 wt%) achieved the
highest quality scores, whereas increasing MgO content to intermediate (≈5 wt%) and
higher levels (≈9 wt%) resulted in a progressive decline in quality. This trend suggests
the existence of an optimal MgO concentration range, beyond which potential adverse
effects—such as altered ionic release, local pH changes, or excessive surface stiffness—may
impair osteoblast elongation and overall scaffold performance.

A similar, albeit less pronounced, trend is observed for NanoAu content (Figure 6).
Scaffolds with lower NanoAu loading (≈0.10 mL/5 g PLA) displayed higher and more
consistent quality scores, while increasing the NanoAu content to 0.20 and 0.40 mL/5 g
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was associated with increased variability and a general reduction in quality. These results
indicate that gold nanoparticles, while bioactive, require careful dosage control to avoid
diminishing returns or negative cellular responses.

 

(a) (b) 

Figure 6. Performance comparison of different ML models and feature importance. (a)—model
performance comparison; (b)—feature importance.

Overall, the data demonstrate that both MgO and NanoAu exert dose-dependent
effects on osteoblast quality and confirm that optimal scaffold performance arises from
moderate additive concentrations rather than maximal incorporation.

3.6.4. Prediction Accuracy

Figure 7 presents the comparison between experimentally measured quality scores and
values predicted by the advanced ensemble machine learning model. The dashed diagonal
line represents the ideal one-to-one agreement between predicted and actual values.

Figure 7. Actual vs. predicted quality scores showing model accuracy.
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The model achieved a coefficient of determination of R2 = 0.400, indicating good pre-
dictive capability for a biomedical dataset of limited size and high experimental variability.
Most data points cluster around the identity line, particularly in the mid-range of quality
scores (approximately 18–28), demonstrating that the model captures the dominant trends
governing scaffold performance.

Deviations from the ideal fit are more pronounced at the lower and higher extremes
of the quality score range, where prediction errors increase. This behavior is consistent
with the reduced representation of extreme samples in the dataset and suggests that model
generalization in these regions is constrained by data sparsity rather than systematic bias.
Importantly, the model does not exhibit clear overfitting, as predictions remain broadly
distributed around the identity line without artificial compression toward the mean.

Overall, the results confirm that the advanced ensemble model can reasonably predict
osteoblast quality based on combined morphological and chemical descriptors, providing
a useful computational tool for preliminary screening and optimization of electrospun
scaffolds prior to experimental validation.

4. Discussion
Electrospun nanofibrous scaffolds are widely recognized as effective platforms for

bone tissue engineering due to their ability to reproduce key structural features of the native
extracellular matrix, including high surface-to-volume ratio, interconnected porosity, and
tunable fiber morphology [1,9,17]. In the present study, these well-established advantages
were extended through a data-driven framework integrating nanofiber morphology, chemi-
cal composition, and machine-learning–based modeling to identify scaffold characteristics
associated with enhanced osteoblast quality.

4.1. Role of Nanofiber Architecture in Osteoblast Response

The results confirm that nanofiber morphology plays a dominant role in regulating
osteoblast behavior, with average fiber diameter emerging as the most influential descriptor
across classical and ensemble machine-learning models. This observation is consistent with
prior experimental and computational studies demonstrating that fiber diameters within
the micrometer-to-submicrometer range modulate focal adhesion formation, cytoskeletal
tension, and elongation-driven osteogenic phenotypes [4,15,22,30]. Moderate fiber density
and partial orientation uniformity were also associated with improved cellular outcomes,
supporting the concept that anisotropic yet permissive architectures provide effective
contact guidance without excessively constraining cell spreading [5,10,25].

Surface roughness contributed to scaffold performance to a lesser extent but remained
a non-negligible factor. Nanoscale and microscale roughness have been shown to influence
integrin clustering, mechanotransduction pathways, and downstream osteogenic signal-
ing [8,20,27]. The relatively narrow roughness range observed in this study suggests that
even subtle topographical variations can influence cell morphology when combined with
appropriate fiber architecture.

4.2. Structure–Activity Relationship Between Scaffold Architecture and Osteoblast Response

The biological response of osteoblast-like MG-63 cells observed in this study is strongly
governed by the interplay between scaffold architecture and chemical composition, high-
lighting a clear structure–activity relationship. In particular, variations in nanofiber diame-
ter, orientation, density, and surface roughness were found to modulate cell morphology,
elongation, and spatial organization. Scaffolds characterized by intermediate fiber di-
ameters and locally aligned fiber regions promoted enhanced cell elongation, suggesting
effective contact guidance mechanisms driven by nanoscale topographical cues. Conversely,
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highly dense or excessively disordered fiber networks tended to limit directional spreading,
resulting in more isotropic cell morphologies.

Surface roughness emerged as an additional factor influencing osteoblast behavior.
Moderate increases in roughness likely enhanced focal adhesion formation and cytoskeletal
anchoring, thereby facilitating cell elongation and maturation. However, excessive rough-
ness did not further improve cell quality, indicating the presence of an optimal roughness
window rather than a monotonic relationship.

Chemical modifications further modulated these structure-driven effects. Incorpora-
tion of MgO altered the physicochemical properties of the fibers, influencing local ionic
environments and surface energy. While low MgO contents supported elongated morpholo-
gies, higher concentrations were associated with reduced overall cell quality, suggesting
a nonlinear and concentration-dependent effect. This observation is consistent with re-
ports indicating that excessive magnesium ion release may impair cell proliferation or
induce local stress despite its known osteogenic potential at controlled levels. Similarly,
gold nanoparticles enhanced cell attachment and surface coverage, but higher nanoparti-
cle loadings did not proportionally increase elongation, likely due to partial masking of
topographical cues or changes in surface chemistry.

Notably, the most favorable osteoblast response was observed for composite scaffolds
combining MgO and gold nanoparticles, where optimized fiber architecture and balanced
chemical composition acted synergistically. These scaffolds promoted elongated, spindle-
like cell morphologies aligned with the nanofiber network, indicating efficient transmission
of structural cues from the material to the cells. It should also be noted that scaffold perfor-
mance was primarily evaluated at discrete time points, with particular emphasis on the 72 h
results. While this time point provides insight into early-stage cell–material interactions,
longer culture periods may reveal different trends related to differentiation, mineralization,
or scaffold remodeling. Therefore, the designation of Sample 5 as the best-performing scaf-
fold is limited to the investigated temporal window. Overall, these findings demonstrate
that osteoblast behavior cannot be attributed to single parameters alone but instead arises
from coupled structural and chemical effects, underscoring the importance of co-optimizing
scaffold architecture and composition for bone tissue engineering applications.

4.3. Chemistry–Morphology Interplay and Nonlinear Effects

The influence of scaffold chemistry was found to be strongly non-linear. Although
MgO and gold nanoparticles are commonly incorporated to enhance bioactivity, osteo-
conductivity, or antibacterial properties [23,24,34,35], the present results indicate that
higher additive content does not necessarily improve cell quality. Negative correlations
between MgO or NanoAu content and the quality score, together with the prominence of
squared and interaction terms in the machine-learning models, point toward threshold-
dependent behavior. Such nonlinear effects are increasingly reported for bioactive ceramics,
magnesium-based materials, and nanoparticle-modified scaffolds, where excessive ionic
release, local pH changes, or altered surface stiffness may impair long-term cellular perfor-
mance [6,33–35]. Importantly, the best-performing scaffolds in this study were character-
ized by relatively low additive concentrations, reinforcing the concept that compositional
optimization should prioritize balance rather than maximal loading.

4.4. Temporal Dependence of Scaffold Performance

Time-resolved analysis revealed that early culture stages, particularly at 24 h, were
highly sensitive to scaffold architecture and chemistry. Several samples exhibited non-
monotonic quality trajectories, with initial improvements followed by stagnation or decline
at later time points. This behavior aligns with established models of bone regeneration,
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where early adhesion and cytoskeletal organization strongly influence subsequent prolifer-
ation and differentiation [16,18]. These findings emphasize that scaffold evaluation based
solely on short-term assays may be insufficient and potentially misleading when predicting
long-term regenerative performance.

4.5. Machine Learning as a Design Tool for Electrospun Scaffolds

A central contribution of this work lies in the application of machine-learning methods
to integrate morphological, chemical, and temporal descriptors into a unified predictive
framework. While linear and tree-based models showed limited predictive capability,
the advanced ensemble model achieved good performance (R2 = 0.400), consistent with
recent studies reporting moderate explanatory power for ML models trained on small
experimental datasets [36–38,42–44].

Notably, the superior performance of the end-to-end convolutional neural network
underscores the informational value of raw SEM images. This observation aligns with a
growing body of literature demonstrating that deep learning can capture complex texture-
and pattern-based features that are difficult to summarize using handcrafted descrip-
tors [42,49–54]. Recent works have successfully applied ML to predict nanofiber diameter,
alignment, mechanical properties, and process outcomes [36–38,42–44], however, relatively
few studies have directly linked ML predictions to cell-based quality metrics relevant to
tissue regeneration. In this context, the present study provides experimental evidence sup-
porting the feasibility of ML-guided scaffold optimization driven by biological performance
rather than solely by structural or processing parameters.

The identification of squared MgO terms among the most influential machine-learning
features further supports the presence of nonlinear composition–response relationships. Al-
though magnesium-based biomaterials are widely reported to promote osteogenic activity,
the observed negative correlation between MgO content and quality score in the present
study suggests a nonlinear and concentration-dependent effect. At higher MgO loadings,
increased magnesium ion release or changes in local surface chemistry may induce cel-
lular stress or impair morphological maturation, despite potential osteogenic benefits at
lower concentrations. Such dose-dependent behavior has been previously reported for
magnesium-containing scaffolds and highlights the importance of compositional balance
rather than maximal additive content.

More broadly, the integration of ML into biomaterials design reflects a paradigm
shift toward inverse design and multi-objective optimization, as highlighted in recent
frameworks for architected materials and tissue engineering scaffolds [42,52–55]. The
present results demonstrate that even with limited datasets, carefully engineered features,
ensemble strategies, and image-based learning can yield actionable insights into structure–
function relationships.

4.6. Limitations of the Study

Despite its contributions, this study has several limitations that should be acknowl-
edged. First, the dataset size was limited, which constrained the generalizability of the
machine-learning models and likely contributed to the moderate performance of clas-
sical algorithms. Expansion of the dataset with additional scaffold compositions and
replicates would improve statistical robustness and enable more complex model archi-
tectures. Second, the analysis was based on two-dimensional SEM and cell microscopy
images; extension to three-dimensional scaffold architectures and volumetric imaging
would provide a more comprehensive representation of the cellular microenvironment.
Third, biological validation was limited to a single osteoblast-like cell line (MG-63), and
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future studies should include primary human osteoblasts or mesenchymal stem cells to
enhance translational relevance.

The applied microscopy-based analysis is restricted to two-dimensional evaluation of
surface-adhered MG-63 cells. As a result, the current methodology does not capture true
three-dimensional cell infiltration into the porous nanofibrous scaffold structure, which
may play an important role in bone tissue regeneration.

Although edge-correction algorithms were implemented to reduce boundary-related
bias during cell counting and morphology analysis, the assessment remains inherently
limited to planar projections of cell morphology. Therefore, the obtained elongation and cell
density metrics should be interpreted as surface-related indicators rather than volumetric
descriptors of scaffold colonization.

At the 72 h time point, partial overgrowth of MG-63 cells may influence local cell
density and apparent morphology, potentially affecting quantitative comparisons. To
address these limitations, future studies should incorporate confocal z-stack imaging, three-
dimensional reconstruction, or histological sectioning to enable volumetric analysis of cell
infiltration and spatial organization within the scaffold. Consequently, the conclusions
of the present work are limited to comparative surface morphology under the tested
experimental conditions.

The composite quality score used in this study was designed to prioritize osteoblast
morphological maturation rather than cell quantity alone. Osteoblast elongation is widely
recognized as a key indicator of cytoskeletal organization, focal adhesion development,
and mechanotransductive signaling, all of which are closely associated with osteogenic
differentiation and functional maturation. In contrast, high proliferation without corre-
sponding elongation may reflect immature or mechanically unstimulated cell states and
does not necessarily correlate with enhanced osteogenic potential.

Therefore, elongation was weighted more strongly than cell number, while the square-
root normalization of cell count was introduced to prevent overemphasis of highly prolifer-
ative but morphologically suboptimal conditions. The resulting quality score was applied
as a heuristic ranking metric to enable comparative evaluation of scaffold performance
under the tested experimental conditions. While this metric does not replace established
osteogenic markers, it provides an interpretable and morphology-driven proxy suitable for
early-stage scaffold screening. Future studies will aim to validate this approach against
biochemical differentiation markers such as alkaline phosphatase activity, osteocalcin
expression, and Runx2 signaling.

4.7. Implications for Intelligent Biomaterial Design

Taken together, the results support the concept of intelligent nanofibrous biomaterials
whose architecture and composition can be rationally optimized using data-driven ap-
proaches. By combining electrospinning, quantitative morphology analysis, and machine-
learning modeling, the proposed framework enables systematic exploration of complex
design spaces and provides a scalable pathway toward predictive and adaptive scaffold
development for bone tissue regeneration (Figure 8).
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Figure 8. General outcomes of the study.

5. Conclusions
This work demonstrates that combining advanced electrospinning strategies with

machine-learning–based SEM image analysis provides an effective, scalable framework for
optimizing nanofibrous scaffolds intended for bone tissue regeneration. The three-module
pipeline successfully linked scaffold chemistry, fiber morphology, and osteoblast response,
enabling objective sample ranking and identification of architecture–function relationships.
Both the ML ensemble (R2 = 0.400) and the CNN model (R2 = 0.750) confirmed that
nanoscale and microscale morphological cues, together with MgO and gold nanoparticle
content, strongly influence osteoblast elongation and overall scaffold quality. Sample_5
emerged as the optimal design, providing the most favorable microenvironment after 72 h.
The resulting morphological and chemical design targets offer clear guidance for future
scaffold engineering. Further improvements should focus on dataset expansion, inclusion
of additional morphological descriptors, implementation of deep learning models, and
experimental validation to fully establish predictive generalizability.
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