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Abstract

Three-dimensional (3D) printed polylactic acid (PLA) scaffolds with trabecular bone-
mimicked architecture have proven to be promising preclinical in vitro models for tissue
engineering due to their biocompatibility, biodegradability, and structural tunability.
Uniform and viable cell distribution throughout the pore network of the scaffold is one of
the major challenges involved in scaffold-based cell culture.

This study presents a comparative investigation of three cell seeding methods,
conventional suspension in culture medium, seeding in 2% alginate hydrogel, and
seeding in 0.5% collagen hydrogel, on 3D-printed PLA scaffolds under static culture
conditions. Although both static and perfusion-based dynamic culture environments were
included in the experimental setup, the current analysis focuses solely on static samples.
The high-resolution imaging was captured using the confocal microscope THUNDER
Imager, and quantitative image analysis was performed for the detection of morphological
and intensity-based cellular features. Through the use of machine learning techniques
like Random Forest classification and SHAP analysis, the most discriminant features
were identified. The most significant features to discriminate between seeding groups
were found to be minimum fluorescence intensity and spatial centroid along the Z-axis.
The findings indicate that hydrogel-based methods, particularly collagen, improved cell
distribution homogeneity and viability compared to traditional media-based suspension.
Cells cultured in the pure medium underwent higher staining intensity variability and
space localization, in comparison.

These results demonstrate the essential role of seeding materials on cell-scaffold
interaction optimization in static conditions. Quantitative image-based analysis coupled
with machine learning constitutes an unbiased and powerful method for scaffold
performance evaluation, which allows for more precise engineering of biomimetic

substrates for tissue regeneration.



1.Introduction



Background:

The development of novel scaffolds replicating biological and mechanical properties of
native tissue are currently attracting attentions.’-® These scaffolds must possess a proper
micro/nanostructure to facilitate the transportation of nutrients and metabolic waste to
allow the scaffolds to have desirable mechanical, bioactivity, osteoconductivity, and
osteoinductivity properties.’? Hitherto, several fabrication techniques have been
introduced to fulfill these specifications, most of which are related to an efficient surface
chemistry method.> Three-dimensional porous scaffolds with biocompatibility,
biodegradability, and homogeneity, produced by methods such as electrospinning,
inverse opal, solid free-form fabrication, and freeze-drying.*® These scaffolds, designed
for triggering cellular activity and promoting bone formation, have been widely focused on
in tissue engineering. Owing to this, tissue engineering is highly sought after, as their
biological and mechanical properties need to be nearly similar to host tissue.®” The
microstructure of a perfect scaffold should also have a three-dimensional dense capillary
network; this will help in the elimination of waste products from the tissue and also allow
nutrients and oxygen to diffuse into the tissue.® In previous research by Muschler et al.,
they observed an indirect correlation between scaffold porosity and hypoxia and necrosis
rates within host tissue. Hence, the most desirable scaffold is one which is completely
porous with interconnected pore architectures to facilitate the exchange of vital biological

components and flows.®

1.1. 3D-Printing of Biomaterials

In recent decades, the ability of computer-aided additive manufacturing technologies to
generate 3D micro-nanostructures with interconnected structures that are highly porous
and well-defined has become a popular topic.’®'" Examples of these advanced
fabrication processes include stereolithography, selective laser sintering, 3D bioprinting,
and fused deposition modeling (FDM), all capable of generating patient-specific,
intricately interconnected porous 3D structures composed of single or multiple
materials.’>"3 It is imperative to select the appropriate materials, design the internal
structure, and evaluate the mechanical properties of the results when selecting an

additive manufacturing technique for tissue engineering applications.’ Fused deposition



modeling (FDM) is becoming more prevalent in this context due to its ability to slice the
microstructure with precision, thereby reproducing consistent patterns.’®'® The
morphology and mechanical properties of the scaffolds can be influenced by the
modification of the distance between adjacent strands on a single layer or the orientation
of two consecutive layers, which is possible with FDM. In turn, these factors influence the
biological properties of the scaffolds, including cell viability, proliferation, and
differentiation.”

Furthermore, the predictable functionality and cell distribution can be managed through
the use of scaffolds with a consistent pattern. In contrast to 30% and 70% groups, Xia et
al. discovered that 3D-printed hydrogel scaffolds for cartilage regeneration exhibited a
more uniform distribution and a higher chondrocyte seeding efficiency with 50% infill
density.'® Furthermore, Markovic et al. discovered that 3D printed polylactic acid (PLA)
scaffolds treated with methacrylamide-modified gelatin exhibited uniform cell dispersion
and high inoculation efficiency when employed as hybrid substrates for pre-osteoblast
cells derived from the mouse calvaria.'® Kumar et al. discovered that an interconnected
pore network with predefined architecture and pore size promotes vascularization in
porous-structured scaffolds and ensures the long-term success of implants, in contrast to
the distorted path that could potentially impede the development of blood capillaries and
the flow of vital nutrients and oxygen throughout tissue remodelling.?® The scaffold
designed for tissue engineering applications must be considered as a temporary
substitute for the natural extracellular matrix (ECM) of the tissue that is to be regenerated,
closely approximating its microarchitecture. Although the inner morphology may be
susceptible to spatial control, it should also undergo a comprehensive revision. Instead
of the regular and repeated assembly of essential components like collagen or elastin, it
is crucial to imitate the pattern of the extracellular matrix (ECM), which is frequently
characterized by a complex structure, in order to facilitate optimal integration within the
scaffold and the adjacent biological tissue to be repaired.2'-25

Therefore, it is essential to utilize a manufacturing method that enables comprehensive
control over the fabrication processes and the manufactured scaffold, together with the
ability to attain repeatability over several layers. In addition, the morphology of the scaffold

is closely correlated with the cell response, which underscores the significance of scaffold



design.?® Traditional fabrication techniques, such as freeze-drying and solvent
casting/salt leaching, exhibit insufficient controllability and accuracy for scaffold
production. Conversely, Fused Deposition Modeling (FDM) is a technique that is
consistent and reproducible, enabling the precise control and modification of scaffold

architecture.?27:28

1.2. PLA Scaffolds

A diverse range of materials has been extensively utilized in the past for scaffold
fabrication. These comprise ceramics, synthetic materials, and natural fibers such as
collagen, alginate, and chitosan.?®-3! Utilizing synthetic materials allows for enhanced
control over the scaffold's physical, chemical, mechanical, and degradation properties.
Furthermore, the process of fabrication may be optimized, enabling enhanced regulation
of characteristics like as porosity, anisotropies, morphologies, and cell attachment or
migration. The risk of toxicity and inflammatory responses remains a challenge in tissue
engineering when utilizing synthetic materials for scaffold fabrication. Polymers such as
polyglycolic acid (PGA), polylactic acid (PLA), and their hybrid, polylactic co-glycolic acid
(PLGA), are the predominant materials employed. These polymers often undergo
degradation by random hydrolysis of their ester linkages; for example, the degradation of
PLA vyields lactic acid, a biocompatible compound as it naturally occurs in the human
body.?° Therefore, a new method for generating and deploying optimal scaffolds that are
entirely compatible with target tissues may be achievable by combining these polymers

with natural biopolymers.

1.3. Collagen

Collagen is a very popular biomaterial for tissue engineering researchers due to a number
of reasons. These include its high hydrophilicity, low antigenicity, and good cellular
biocompatibility, e.g., cell attachment and proliferation, which are facilitated by the
bonding between collagen's RGD domains and integrin receptors in cell membranes.32:33
It has found its way into a variety of products, e.g., haemostatic pads, drug delivery
systems, skin, cartilage, and bone, because it makes up 32% of the volume of bone and

89% of the organic matrix.343% However, its applications have been constrained by its



undesirable mechanical properties, high cost, and poor processing ability in terms of

microstructural control.36

1.4. Alginate

Alginate, a naturally occurring anionic polysaccharide, is a widely utilized biopolymer in
tissue engineering research.’” The material is beneficial for studies pertaining to
muscle/smooth muscle cells, bone, aortic valve leaflet interstitial cells, cell encapsulation,
wound dressing, tissue regeneration, and pharmaceutical application, cartilage, and
analogous tissues due to its accessibility, affordability, excellent biocompatibility, and little
cytotoxicity.3’ It possesses specific characteristics, including the capacity to establish an
inert hydrodynamic environment, undergo sol-gel transformation under moderate
circumstances, exhibit tunable porosity for adjustable molecular transport, biodegrade in
physiological settings, and structural resemblance to the extracellular matrix.3-4! Since
alginate lacks the bioligands necessary for mammalian cell adhesion, which results in
limited bioactivity, it is imperative to develop customized composites of alginate and other
hydrogels/polymers to improve cell responses and achieve tissue-specific features for an

optimal scaffold.*?

1.5. Applications of Machine Learning in Biomedical Research

Machine learning (ML) is now standard practice in biomedical research for tasks like data
visualization, feature selection, model training, and outcome prediction. Researchers use
ML to explore complex data sets (e.g. genomic profiles or imaging data), identify
significant features (e.g. predictive genes or biomarkers), train models to classify or
predict clinical outcomes, and ultimately use those models to make predictions on new
data for diagnosis or therapy guidance.*® Both Orange (the Orange Data Mining platform)
and Python (with its rich ML libraries) are widely used tools that facilitate these tasks.
They tackle the challenges from different angles: Orange provides a graphical, no-code
environment for simple discovery, while Python offers a coding-based ecosystem with
strong libraries for deep customization. Below, we discuss how each is applied in

biomedical ML and then highlight examples in tissue engineering, including 3D-printed



PLA scaffolds, printing parameter optimization, and improving cell seeding and biological

outcomes.44

1.5.1. Orange Data Mining®: Visual ML for Biomedical Tasks

Orange is an open-source visual programming platform for data mining and machine
learning. It allows researchers to build analysis workflows by dragging-and-dropping
components (widgets) on a canvas — no coding needed. Users can load datasets,
preprocess them, perform analysis, and visualize results by connecting these widgets in
a pipeline. This makes Orange extremely accessible to clinicians, biologists, and other
non-programmers. For example, Orange provides interactive data visualization widgets
to explore distributions, box plots, scatter plots, and also advanced methods such as
hierarchical clustering, heatmaps, multidimensional scaling (MDS), t-SNE, and PCA
projections. Such tools enable biomedical scientists to intuitively examine their data (e.g.
gene expression levels, patient measurements, etc.) and detect patterns without writing
code.

Orange also supports feature selection through widgets such as Rank, which scores and
ranks variables by how informative they are for predicting a given outcome (Orange Data
Mining - Feature Selection.*® This is especially useful in biomedical contexts (like
genomics or imaging) where one might want to find the top genes or image features
correlating with a disease or treatment outcome. The platform includes various modeling
widgets (for regression, classification, clustering, etc.), so users can train models (e.g. a
decision tree or random forest) by simply configuring a widget and connecting it to the
data source. Predictions can then be made by feeding new data into the trained model
widget, and evaluation widgets can assess performance (accuracy, ROC curves, etc.),
all without coding.

Another strength of Orange is its extensibility and specialized add-ons for biomedical
data. There are extensions for text mining, network analysis, and even domain-specific
data types like time series, survival analysis, spectra, and gene expression data. This
means a researcher can, for instance, plug in a gene expression dataset (perhaps via
GEO or TCGA data import widgets) and use Orange’s bioinformatics add-ons to perform
clustering or differential expression analysis visually. Orange’s design has proven

valuable in education and research: it is used in universities and workshops to teach data
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science concepts, allowing students and scientists to learn by hands-on exploration rather
than programming. This ease of use lowers the barrier for domain experts to apply ML on
their own data. At the same time, Orange is built on a powerful Python backbone (NumPy
arrays are its internal data structure), and it's open-source with the option to add new
functionalities in Python. This means advanced users can extend it or integrate custom
algorithms, bridging the gap between simple Ul-driven analysis and the full flexibility of
Python.

1.5.2. Python*’: A Flexible ML Ecosystem for Biomedicine

Python is now the language of choice for machine learning in engineering and science,
including biomedical science. It's due to the strong ecosystem of libraries and frameworks
that exist to offer support with all stages of the ML pipeline. With Python, data scientists
and engineers can write custom data processing and leverage libraries like Pandas to
process biomedical datasets (patient data, omics data), access scikit-learn to leverage
traditional ML algorithms (classification, regression, clustering, etc.), and connect into
deep learning systems (like TensorFlow or PyTorch) for more sophisticated use cases
like image recognition or sequence modeling. This flexibiliy allows Python users to tailor
models extremely accurately to their problem. For example, while researching 3D-printed
scaffold materials, scientists used Python to organize experimental data into Pandas data
frames, feature normalization, and subsequently train ML models (Leveraging Machine
Learning for Optimized Mechanical Properties and 3D Printing of PLA/cHAP for Bone
Implant).*® They experimented with various algorithms and performed hyperparameter
tuning using scikit-learn's API to gain the optimal predictive performance. Python's
extensive library support enables researchers to use the newest techniques or integrate
tools domain-specific (e.g., employing OpenCV for computer vision examination of
microscopy images, or Biopython for sequence analysis) that may not be part of out-of-
the-box GUI packages.

In biomedical applications, Python has been used to anything from predicting the outcome
of disease (e.g., labeling tumors as benign or malignant given diagnostic data) to
biomedical image analysis (deep neural networks on pathology slides or MRI scans).*®
Perhaps the language's flexibility is best seen in its use in tissue engineering research:

ML with a Python backend can incorporate specially designed algorithms like XGBoost
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(extreme gradient boosting) or neural networks to output high accuracy on complex
prediction tasks. In fact, in a recent study of 3D-printed bone scaffolds made of PLA,
investigators integrated ML algorithms (XGBoost and AdaBoost) into their Python
workflow to predict mechanical properties of novel composite scaffolds.*® The models
achieved excellent predictive accuracy (R*2 = 0.91 for compressive strength and 0.88 for
tensile strength) and demonstrated that a data-driven approach could “optimize material
properties autonomously,” greatly speeding up materials development.*® The authors
noted that using such Python-based ensemble models streamlined the material design
process and significantly reduced the need for extensive and costly experimental trials.*®
This example shows how the flexibility of Python allows scientists to write complex ML
techniques (beyond the reach of a point-and-click tool) and push the state-of-the-art in

biomedical engineering.
1.5.3. Machine Learning in Tissue Engineering: Applications and Examples

Tissue engineering is a multidisciplinary field where ML is increasingly being applied to
improve the design and outcomes of engineered tissues. Key challenges in tissue
engineering include designing optimal scaffolds, choosing the right biomaterial
formulations, tuning 3D printing parameters, and enhancing cell seeding and growth
conditions. ML can assist in all these areas by learning from experimental data and
guiding decisions. A review in 2024 enumerated some of the primary fields of application
of ML in tissue engineering as the optimization of bioprinting and scaffold design
techniques, predicting material—cell interactions, optimization of drug delivery systems,
analysis of images of biological structures, and simulation of the in vivo behavior of
scaffolds.4® Below, we highlight a few examples — particularly focusing on 3D-printed PLA
scaffolds and related tasks — to illustrate how Orange and Python-based ML have been

used in this domain.

- 3D Printing Parameter Optimization: Optimizing 3D printing parameters for
scaffolds is another important application of ML in tissue engineering. For instance,
Conev et al. (2020) developed an ML-based approach to propose the right print conditions
for new scaffold materials.° In the production of scaffolds, finding the correct print settings

(speed, pressure, temperature, etc.) for a specific material has long required extensive
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trial-and-error. In this study, we used Orange/Python-based data analysis to train
machine learning models (specifically, Random Forest classifiers/regressors) that
distinguished low-quality prints from high-quality prints based on the input printing
parameters and material composition.®® The ML model takes parameters like material
mix, printer settings, and layer information, and predicts whether the resulting scaffold will
be of acceptable quality. They reported encouraging results: the Random Forest models
correctly labeled most of the test printing settings as "high" or "low" quality, whereas a
linear model was unable to reliably differentiate print quality.>® This demonstrates that ML
is able to discern the complex, nonlinear relationships between print settings and print
output. Such a tool effectively acts as a smart guide for experimenters — it can suggest
which combinations of parameters are likely to yield good scaffolds, thereby reducing the
number of experimental iterations needed to achieve a functional scaffold. Experts note
that this approach is transformative, since the ultimate problem in bioprinting is finding
the best design and printing parameters to achieve target geometry, mechanical strength,
and biological function.®! Integrating ML as in the above example helps address this
problem by screening for the best print settings (e.g. nozzle speed, layer thickness, etc.)
to maximize quality, greatly cutting down laborious experimentation.>!

- Machine learning prediction of Scaffold Performance and Properties:
Machine learning is also used to predict the performance of different scaffold
compositions or designs, which would enable scaffold properties to be designed as
optimal. We had mentioned earlier about the work wherein PLA scaffolds reinforced with
hydroxyapatite (cHAP) were investigated using Python ML techniques. In that work,
researchers varied the composition (pure PLA vs. PLA with 7.5% or 10% cHAP) and
measured mechanical properties (like compressive and tensile strength). By training an
XGBoost regression model on the experimental data, they could accurately predict the
strength of new scaffold compositions without needing to fabricate and test every
variant.#®¢ The models attained high accuracy (R*2 > 0.87) in predicting mechanical
outcomes, indicating the ML learned the mapping between scaffold parameters and
performance.*® Perhaps more importantly, this ML-driven approach allowed them to
identify optimal composition and printing parameters that improve scaffold strength, while

saving considerable time and resources. As the authors describe, collective methods like
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AdaBoost and XGBoost proved to be "powerful tool[s] in predicting the mechanical
properties of the composites," making design easy and significantly removing the need
for large-scale experimental trials.*® In practical terms, this means engineers can use the
trained model to virtually “test” many combinations of material and print settings, and
focus only on the most promising ones for real-world fabrication. Such predictive modeling
is especially valuable in tissue engineering, where material testing is time-consuming and
expensive. It makes the field move towards data-driven scaffold design, with the aid of Al
to enable human experts to design scaffolds with bespoke mechanical and biological
properties more efficiently.4®

- Improving Cell Seeding and Biological Outcomes: Beyond mechanical
properties, ML is also helping optimize the biological performance of tissue-engineered
constructs. One concern in scaffold-based tissue engineering is ensuring that cells can
attach, survive, and proliferate throughout the scaffold (since a scaffold that prints well is
only useful if it also supports tissue growth). Researchers have started applying ML
models to relate fabrication parameters or scaffold features to cell viability and tissue
outcomes. For example, a recent approach used several ML algorithms (random forests,
k-nearest neighbors, ridge regression, neural networks) to analyze how bioprinting
conditions affect cell viability in a 3D bioprinted scaffold using a light-curable bio-ink.%! By
training on data that included variables like ultraviolet (UV) light intensity and exposure
time (critical factors for photocrosslinking the scaffold and potentially harmful to cells), the
models could “determine cell viability” under different conditions.®' This revealed the
impact of each parameter — e.g., excessive UV exposure could substantially reduce live
cell percentages — and allowed print settings to be determined that result in high cell
viability. More broadly, ML can be combined with biological feedback (attachment rates,
proliferation, differentiation markers, etc.) into the optimization loop for scaffold design. In
the future, we can envision using Orange or Python ML libraries to predict the optimal
pore size, scaffold geometry, or seeding protocol that provides us with the most
appropriate cell distribution and growth and, by learning from previous experiments (and
even simulations), such models would teach bioengineers how to architect scaffolds that
not only meet mechanical specifications but also achieve healthy tissue growth. Indeed,

early studies and reviews suggest that machine learning, combined with advanced
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biofabrication, can help strike the right balance between scaffold printability and cell
viability/function, thus improving the fidelity of complex bioprinted tissues.>' The end goal
is to use ML to reduce trial-and-error in both the fabrication stage and the biological
validation stage, accelerating progress toward scaffolds and tissue constructs that

function well in clinical settings.®’

Notably, while many of these cutting-edge tissue engineering studies implement ML via
custom Python code, the insights and workflows can be made accessible through tools
like Orange as well. A biomedical researcher could use Orange to visualize relationships,
for example, plotting how cell viability varies with scaffold pore size and perform basic
predictive modeling on a small dataset. This ease of exploration complements the heavier

Python-driven modeling used in large-scale studies.
1.5.4. Ease of Use vs. Flexibility: Orange and Python for Researchers

Orange and Python each have distinct advantages, and the choice often depends on the

user’s background and project needs:

- Orange - Intuitive Analytics: Orange is appropriate for researchers who have no
programming skills or who prefer to see the whole thing at once. Its drag-and-drop
interface diminishes ML as a barrier to entry, under which domain professionals are able
to carry out sophisticated analysis with minimal training. "No coding required" is one of its
unstated philosophies*®, workflows are built by dragging and dropping components into
position, so the process is transparent and traceable. This is especially convenient when
working collaboratively, as Orange's visual workflows can be shared and discussed with
ease. Non-programmers can load data and immediately start exploring patterns or
training models. For example, a biologist could import experimental data (e.g. gene
expression or scaffold testing results) and quickly identify important features or try out a
classifier, all within a couple of hours of learning Orange. Orange also provides direct
graphical feedback (plots, charts) at each stage, which is great for developing intuition.
Orange's ease of use has some disadvantages, however: users are more or less limited
to the provided widgets and installed algorithms. While many standard methods are
covered, quite specialized analysis or bleeding-edge model designs may not be included

15



in Orange's GUI. In those cases, one would need to write Python code or create a novel
Orange widget.*®

- Python — Developer's Power Tool: Python, on the other hand, offers unmatched
power and flexibility for individuals who are at ease with coding. In Python, one has full
control over modifying each step in data analysis — from data preprocessing to model
architecture designing — which is critical for cutting-edge research. The Python ecosystem
(NumPy, Pandas, scikit-learn, PyTorch, etc.) is continually growing, often outpacing what
GUI tools provide. Developers can develop new algorithms, handle big data (using
libraries like Dask for parallel computing), and add ML models to pipelines or apps. These
use cases make Python a first choice for projects that need bespoke solutions or high-
level computations — for example, training a deep neural network on a thousand medical
images, or finding the optimal scaffold structure with a genetic algorithm. The trade-off is
that Python has a steeper learning curve. Researchers need to write and debug code,
which requires coding knowledge and time. Yet, for those who invest in it, Python provides
fine-grained control and access to state-of-the-art methods in machine learning and Al. It
enables reproducible research through scripting and version control, and it’s the language
in which most new ML developments (and many biomedical data science libraries) are
released. In short, Python empowers developers to push the boundaries of biomedical

ML, at the cost of requiring programming expertise.*’

1.6. Aims of the current study

Many researchers in the field of tissue engineering are interested in using Al, and more
especially Machine Learning, to find the best printing settings for biomaterials and to
make them more printable.50-52-%4 Machine learning may examine underlying behaviors
inside a dataset to forecast future outcomes. In this case, it could optimize the printing
parameters of scaffolds to improve their structural properties, printability, and print
quality.55-57

In the current study, we employed three-dimensional printed scaffolds composed of
polylactic acid (PLA), designed with an architecture that closely resembles that of
trabecular bone. Our objective was to identify a cell seeding strategy that would facilitate

uniform cell distribution throughout the scaffold. Consequently, we evaluated three
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distinct methodologies: suspension seeding utilizing cell culture media, a mixture of cells
with 2% alginate, and a combination of cells with 0.5% collagen.

In this experiment, two distinct cell culture environments were employed: a static setting
using an incubator with a cell culture plate, and a dynamic setting using a perfusion
bioreactor that provides fluid shear stress. These conditions were applied to evaluate the
performance of the three different cell seeding strategies. However, the current thesis
focuses exclusively on the analysis of static culture conditions, while dynamic culture data
were not included in this study.

Also, this study aims to acquire quantitative morphometric and positional attributes of the
seeded cells from high-resolution images taken from the Leica THUNDER microscope.
Machine learning algorithms are employed to further investigate three properties including
scaffold colonization, vitality, and cell dispersion, in order to determine the most effective
seeding strategy.

The ultimate objective of the study is to facilitate the development of superior bone tissue
regeneration methods by elucidating the optimization of cell inoculation strategies and

3D-printed scaffold designs.
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2.Materials and Methods
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2.1. Design, fabrication, and evaluation of biomimetic PLA scaffolds using
3D printing

The current study is based on previous research by Pecci et al. for the design and
fabrication of the 3D-printed scaffold%8. They developed the CAD models for the scaffold
with a customized script. The software generated a random 3D distribution of spheres,
functioning as virtual porogens with a diameter of 600 uym. The scaffold had to be
subtracted from a cylindrical cylinder of 10 mm in diameter and 5 mm in height. Upon
their import into ldeaMaker (Raise3D Inc., Irvine, CA, USA), script files were then
executed with a Z-slice of 0.25 mm resolution. Printing of subsequent scaffolds was
carried out using PLA filament (FormFutura BV, The Netherlands) on a Raise 3D N2
printer (Raise3D Inc., Irvine, CA, USA) with nozzle temperature calibrated at 205 °C and
build plate temperature at 60 °C. Bioactivity of scaffolds has been explored and

assessed.59 Permeability of the scaffolds on average was 2.36 x 10-10 m2.6°

2.2. Perfusion bioreactor system

Although this thesis focuses exclusively on static culture conditions, a perfusion
bioreactor system was also used in the broader experimental setup.®’ This system was
previously established and designed for automated, parallelized direct perfusion culture.
It consists of three 3D-printed culture chambers, each connected to an individual closed-
loop hydraulic circuit (produced by Darwin Microfluidics in France). A dedicated control
unit, equipped with a microcontroller board (Arduino Micro, Arduino, ltaly), regulates
medium flow through each circuit using a multichannel peristaltic pump. The perfusion
mechanism provides continuous medium circulation and exposes the samples to fluid
shear stress, which is known to enhance osteoblast proliferation and tissue

development.62.63

2.3. Evaluation and preparation of trabecular bone-like tissue

The basal medium (BM) used in this investigation was low in glucose. In order to culture

human telomerase reverse transcriptase (hTERT)-immortalized BM-MSCCs of clonal line
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Y201, which had previously been developed by James et al.%4, the following conditions
were used: a humidified atmosphere with 5% CO2 at 37 °C; DMEM low glucose
supplemented with 15% fetal bovine serum (FBS) from Gibco Thermo Fisher Scientific,
Inc.; and 1% antibiotics (penicillin/streptomycin, Gibco Thermo Fisher Scientific, Inc.).
Before each experiment, cells were passaged following enzymatic digestion with
trypsin/ethylenediamine tetra-acetic acid (trypsin/EDTA, Gibco Thermo Fisher Scientific,

Inc.) to achieve 80-90% confluency.

2.4. Cell culture under two distinct circumstances

At a density of 3 x 10° cells and a volume of 200 uL, a 6-well cell culture plate was used
as a base for directly seeding cells onto PLA scaffolds, which were then placed in the
PDMS holders of the automated bioreactor. This was done by either suspension seeding
or by employing cell-releasing hydrogels. In order to seed the cells in suspension, 200 uL
of BM was used; for cell-releasing 2 % alginate, 4 % (40 mg/mL) alginate solution was
prepared using alginic acid sodium salt from brown algae (Medium viscosity, Merck, Italy),
and then mixed in a 1:1 ratio with the cell suspension. For the 0.5 % collagen solution
that released cells, 200 uL of 5 mg/mL PureCol EZ Gel solution (Merck, Italy) was used.
Cell infiltration and adhesion were enabled by incubating the samples for 4 hours. The
next step was to cover the samples with BM and let them incubate overnight after seeding
with suspension seeding and cell-releasing 0.5% collagen. On the other hand, samples
that were seeded with cell-releasing 2% alginate were incubated overnight in 150 pL of
0.2 M calcium chloride (CaCl2) solution. After that, they were washed once with
phosphate-buffered saline (PBS, 1x) to eliminate the CaClz solution. After the samples
were incubated overnight, they were cultured for 21 days in either static culture or direct
perfusion. In static culture, the samples were kept in a cell culture plate and BM was
changed every 3—4 days. In direct perfusion, the samples were placed in an automated
perfusion bioreactor and put under unidirectional, direct perfusion at 0.3 mL/min with 50
mL of BM pumped from the reservoir. The medium was changed every 7 days. Each

sample was examined three times (n = 3).
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2.5. Cell viability assay

Utilizing the live/dead cell assay (LIVE/DEADTM Viability/Cytotoxicity Kit for mammalian
cells, Invitrogen Life Technologies), the vitality of BM-MSCs that were seeded onto
biomimetic PLA scaffolds using one of three different cell seeding procedures and grown
under one of two different conditions was evaluated on day 21 of culturing. In short, after
being taken out of the bioreactor's CCs, the samples were transferred to a 24-well cell
culture plate, rinsed with 1x PBS, and then incubated in a BM containing 2 uM calcein-
AM and 2 pM ethidium homodimer-1 (EthD-1). A fluorescent microscope (THUNDER
Imager 3D Cell Culture, Leica Microsystems) was used to observe the green calcine AM
staining living cells and the red EthD-1 staining dead cells after 15 minutes of incubation
at 37 °C and 5% CO2 atmosphere.

Leica THUNDER is a widefield fluorescence microscope built for high-speed, high-clarity
imaging of 2D and 3D biological samples. Its claim to fame is its new Computational
Clearing technology, where digital removal of out-of-focus blur from thick samples occurs
in real-time, consequently, delivering image quality comparable to confocal systems but
with the speed and sensitivity of widefield microscopy.°:66

By design, THUNDER is headed for live-cell imaging and dynamic biological processes.
The system employs sensitive sCMOS cameras in tandem with high-power LED light
sources to capture fast biological events at low phototoxicity. It is therefore ideal for time-
lapse imaging of living cells, organoids, or tissue slices over long periods.

In summary, built-in environmental control (temperature, CO,, and humidity control) also
ensure stable live imaging conditions over long durations.%6.67

THUNDER is also compatible with multi-channel fluorescence imaging, allowing the
visualization of multiple fluorophores simultaneously or sequentially at high precision.
THUNDER has a motorized stage and automated Z-stack capability to enable quick and
reproducible volumetric (3D) dataset collection. Importantly, THUNDER performs real-
time optical sectioning using its computational clearing algorithm, removing background
haze while maintaining signal intensity, which is especially beneficial for thicker samples
where traditional widefield images are limited.6%67

The system is fully automated and operated using Leica's intuitive LAS X software to

enable advanced acquisition protocols such as time-lapse, multi-position scanning, and
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multi-dimensional imaging (XYZT). The features make it very well-suited for high-content
experiments between dishes, slides, or multiwell plates.®”

Due to its rapidity, clarity, and automation, the THUNDER microscope is being used more
and more in labs for tracking cells, imaging 3D cultures, analyzing tissue sections, and
organ-on-chip studies. Its ability to produce sharp, high-contrast images at a fast and
reliable rate makes the THUNDER microscope a powerhouse in modern fluorescence

microscopy.

2.6. Machine Learning Analysis

Machine learning classification was performed using a Random Forest model. To ensure
robust evaluation and avoid overfitting, the dataset was split into three sets: 60% for
training, 20% for validation, and 20% as a held-out test set. 10-fold cross-validation was
performed on the training and validation sets so that model performance could be tuned
without exposing the test data.

All the analysis was done in Python (v3.10) using the scikit-learn library and Orange
Software. The best model was then implemented on the hold-out test set. The
performance of the models was evaluated by accuracy, F1-score, and area under the
ROC curve (AUC). The three-stage test was done for the model generalizing effectively

from the training data.
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3.Results
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3.1. Exploratory Data Analysis

In this section, the main goal was to investigate the overall structure of the dataset and
identify the initial patterns as well as study the relationship between extracted particle-
level characteristics. A thorough understanding of the pre-modeling phase data depends
on this step. Histogram plots were used here to show the distribution of features among
the three distinct cell seeding methods (Alginate, Collagen, and Medium) and to achieve
the desired result. The scatter plots and Pearson correlation analysis were also used to
investigate the relationship between significant variables.

The main results of this stage were insights into the variations in feature distributions
across seeding techniques, relationships between features (e.g. volume vs. surface area
or intensity), and the identification of features that are strongly or weakly correlated.
These findings guided following choices on feature selection and modeling, thus providing
a vital basis for efficient feature engineering and classification modeling in the next

stages.

AN

Figure 3.1. Histogram and kernel density estimation (KDE) plots of single-particle morphology recovered from PLA scaffolds
seeded using three different protocols: alginate, collagen, and culture medium. Each subplot displays the distribution of one single
particle-level feature obtained via image-based analysis. The parameters that are analyzed are: (Top row, left to right): Volume,
Mean Intensity, Standard Deviation of Intensity, Area (Middle row, left to right): Circularity, Feret Max Diameter, Feret Min
Diameter, Distance from Geometric Center (Bottom row, left to right): Solidity, Roundness, Aspect Ratio, Compactness. The results
indicate that different methods of cell seeding alter the distribution of the particles’ morphological characteristics inside the
scaffold, and these variations may influence cell positioning, movement, and growth within the three-dimensional scaffold
environment.

24



Figure 3.2. Scatter plots of single-particle morphological features retrieved from PLA scaffolds seeded by three different methods:
alginate, collagen, and culture medium. This figure presents pairwise scatter plots of various quantitative parameters derived from
image-based analysis of individual particles or cells. These are volume, surface area, sphericity, fluorescence intensity, diameter,
centroid coordinates, ellipsoid dimensions, and inset angles. Every point is an individual object, and its color is the corresponding
cell seeding procedure.

3.1.1. Key findings:

Based on the results in Figures 3.1 and 3.2, a high positive relationship between particle
volume and surface area and between volume and sphericity is identified, which indicates
that larger size particles are far from being spherical in shape. Additionally, unique
patterns of clustering by seeding techniques are evident, indicating differences in cell
distribution and morphology. Overlapping within certain feature spaces may also show
similar biological or physical properties of the particles. Moreover, Ellipsoid and Feret-
based shape descriptors enable the differentiation of seeding strategy morphological
subtypes. Finally, centroid X and Y distributions indicate cell spatial dispersion on the
scaffold surface.
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Figure 3.3 Histogram and kernel density estimation (KDE) plots of particle-level morphological features extracted from PLA
scaffolds seeded by three different methods: alginate, collagen, and culture medium. Each subplot shows the distribution of one
particle-level feature obtained from image-based analysis. The parameters examined are: (Top row, left to right): Volume, Mean
Intensity, Std Dev Intensity, Area (Middle row, left to right): Circularity, Feret Max Diameter, Feret Min Diameter, Distance from
Geometric Center (Bottom row, left to right): Solidity, Roundness, Aspect Ratio, Compactness.

3.1.2. Scientific insights:

In Fig. 3.3, KDE plots illustrate big differences in feature distributions by the seeding
process with suggestions of multi-effects on morphology at the cell level. Scaffolds
seeded in culture medium present broader and more dispersed feature ranges compared
to scaffolds seeded using hydrogel techniques (alginate and collagen). Alginate-seeded
scaffolds show higher circularity and coherence, while those seeded with collagen show
larger dispersion of size parameters. These differences indicate that the choice of seeding
method has a high potential to influence spatial arrangement and cell shape in cells in

3D-printed scaffolds.
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3.2. Statistical Analysis — ANOVA

The goal in this phase was to check whether statistically significant particle-level feature
changes existed between the three distinct cell-seeding protocols (Alginate, Collagen,
and Medium). One-way analysis of variance (ANOVA) was used to conduct this for each
attribute.

At least three independent groups are compared using one-way ANOVA to determine
the mean of a continuous variable. The null hypothesis holds that all the group means are
equal. If p-value < 0.05, i.e., at least one group is significantly different from others, then
null hypothesis is rejected. This statistical study enabled us to find very dissimilar features
between groups, which can perhaps serve as good predictors in future machine learning

models.
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Table 3.1. Statistical Analysis ANOVA

-0.8436
-0.8436
-0.8436
-0.88133
-0.78573
-0.78574
-0.80418
-0.04317
-0.56883
-0.46826
-0.75079
-0.64095
-0.44175
-0.0082
-0.12031
-0.55853
0.435224
-0.32707
-0.67898
-0.09616
-0.05839
-0.38073
-0.86567
-0.84585
-0.44191
-0.84838
0.011169
-0.58199
0.538871
-0.1479

0.053587
0.053587
0.053594
0.033914
0.059908
0.059883
0.043199
0.07245
0.138768
0.071908
0.051682
0.051213
0.096244
0.280319
0.849379
0.065793
0.163838
0.009429
0.022982
0.228935
0.183075
0.204901
0.010872
0.021133
0.097457
0.049205
0.096732
0.084212
0.245597
0.1101

2.904187
2.904187
2.904554
3.459427
2.616156
2.615341
2.400806
-0.01867
1.136394
0.980111
2.796881
1.42904
1.044507
-0.0629
0.258607
1.343877
-0.91744
1.818549
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0.218799
-0.16241
0.812744
3.819949
3.204351
1.035085
3.058486
-1.63891
1.592677
-2.60262
0.450712

3.2.1. Results of One-Way ANOVA Statistical Analysis
One-way ANOVA was applied on all retrieved data in Table 3.1 to find particle
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0.942234
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11.30886
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-1.36073
-1.92215
2.309716
1.979577
38.93796
9.225225
-1.01411
-1.08181
0.067706
35.96745
18.29687
1.400816
11.59413
3.302622
3.237819
5.284312
1.256765

19.01574
19.01594
19.00704
9.743581
9.577385
9.596613
14.25409
15.48556
31.04014
46.63739
0.248569
27.85019
42.80776
1.061093
6.395558
25.4979
0.035509
0.504276
6.600602
161.5453
30.26301
670.5521
4.468079
0.446796
45.88959
32.06245
8980.75
31.92135
1384417
1085.388

5.94E-09
5.94E-09
5.99E-09
5.98E-05
7.06E-05
6.93E-05
6.72E-07
1.98E-07
4.03E-14
8.68E-21
0.779926
9.42E-13
3.73E-19
0.346158
0.001683
9.65E-12
0.965115
0.603974
0.001372
1.22E-68
8.68E-14
9E-258
0.011517
0.639701
1.81E-20
1.47E-14
0
1.69E-14

characteristics that differ markedly across the three cell-seeding techniques (Alginate,

Collagen, and Medium). Statistical significance was p < 0.05.

3.2.1.1. Features with Highly Significant Differences (p < 0.001):

These features showed strong and highly significant differences between groups:
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Feature P-Value
Centroid Z 9 x 102%8
Intensity Mean 0
Intensity Maximum 0
Feret Maximum 3.73x 107
Ellipsoid Major 8.68 x 102
Bounds Z 1.81 x 1020

These parameters are good candidates for classification modeling and could indicate
different biological or structural behaviors depending on the seeding technique.

3.2.1.2. Features Without Significant Differences (p > 0.05):
The following features did not vary significantly between the groups. Therefore, they are

far less probable to contribute with categorization in a meaningful way.

Feature p-Value
Feret Maximum Azimuth 0.346
Feret Minimum Azimuth 0.965
Ellipsoid Minor 0.779
Bounds Y 0.639

3.2.1.3. Skewness and Kurtosis:

Some features have high skewness and kurtosis values, which might indicate that the

distributions aren't normal or that there are outliers:

Feature Skew Kurtosis
Intensity Minimum -2.60 5.28
Bound X 3.82 35.97
Centroid X 1.99 9.22

3.2.1.4. Bonferroni results

To control the increased risk of type | error associated with multiple comparisons in
ANOVA, the Bonferroni correction method was applied.

The results of ANOVA before and after the Bonferroni correction are presented in Tables
3.1 and the table in the Appendix, respectively. Features with adjusted p-values below

0.05 were considered statistically significant.
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Among all the characteristics that were compared, Volume, Minimum Intensity, and
Centroid Z, provided statistically significant differences between seeding groups after
Bonferroni correction. Specifically:

- Alginate was much greater in volume than Collagen (p < 0.05).

- Minimum Intensity fluctuated between both Alginate vs Collagen and Alginate vs Media.

- Centroid Z showed no statistically significant difference in ANOVA

Feature Comparison Raw p-value | Corrected p- Significant
- value (Bonferroni)
Volume [AumA?3] Alginate vs 0 0 TRUE
Collagen
Volume [AumA?] Alginate vs Media 0.0494 0.4446 FALSE
Volume [AumA®] | Collagen vs Media 0.4455 1 FALSE
Intensity Minimum Alginate vs 0 0 TRUE
Collagen
Intensity Minimum | Alginate vs Media 0 0 TRUE
Intensity Minimum | Collagen vs Media 0 0 TRUE
Centroid Z [Apm] Alginate vs 0 0 TRUE
_ Collagen
Centroid Z [Aum] Alginate vs Media 0 0 TRUE
Centroid Z [Apm] Collagen vs Media 0 0 TRUE

3.2.1.5. Conclusion of ANOVA Statistical Analysis:
Intensity and spatial features like Centroid Z and Bounds Z were most heterogeneous
between the groups. These are likely to capture biological variability in cell activity or

scaffold-cell interaction and may be useful inputs for machine learning classifiers.
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Figure 3.4. Principal Component Analysis (PCA) plot of discrimination between three cell-seeding conditions: Alginate (blue),
Collagen (red), and Media (green), based on derived morphological and intensity-based features. PCI (the x-axis) captures much
of the variation, distinguishing Media from the rest of the data. PC2 (the y-axis) provides more discrimination. The lower-left
quadrant clearly shows groups of media samples. Alginate and Collagen overlap slightly, showing that they have certain
characteristics in common but also those that are different.
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Figure 3.5. Two-dimensional t-SNE plot of the distribution of particles based on different cell seeding methods: Alginate (blue),
Collagen (red), and Media (green). The nicely separated Media group from the others exhibits excellent distinctions in feature
space. Although there is still some overlap, t-SNE reduces the data considerably better than PCA in separating the Alginate from
the Collagen group. t-SNE has a better chance of revealing the underlying structure in the data due to its non-linear dimension
reduction process.

3.3. Feature Engineering and Machine Learning

The aim in this step (Figure 3.4 and 3.5) was to prepare and leverage the most insightful
attributes of data for training machine learning models which are capable of differentiating
among the three methods of cell seeding including Alginate, Collagen, and Media, with
good accuracy. Several key steps taken in this direction which might help to achieve this:
1. Feature Selection: Determining the most effective feature features for classification.
Feature importance of Random Forest model and SHAP values helped to enable this.

2. Dimensionality Reduction: Employing techniques such as PCA and t-SNE helps
reduce the number of features as well as easier class separation detection.

3. Feature Construction (if needed): Building new features by combining or re-
transformation in order to improve model performance.

4. Model Building: Training multiple machine learning models, i.e., Random Forest,
XGBoost, SVM, or KNN, to identify the best method of seeding the data.
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5. Model Evaluation: Choosing the best model based on their accuracy performance,
F1-score, precision, re-call, and AUC.

6. Explanation of the Model: By using explainable Al methods like SHAP and LIME to
study how the model reaches its decision, we could make logical inferences about how it
predicts the future.

The Figure 3.6 shows a decision tree for cell classification into three classes (Alginate,
Collagen, and Media) based on intensity-related features.

The Intensity Minimum was used as the root node since it possessed strong group
discrimination ability. Intensity Mean was also used in the second split with significant
impact on model accuracy. This decision tree produced almost flawless classification

accuracy, effectively distinguishing each group with exceptional precision.

Inte nsity Minimum o

= 0.701091 > 0.707091

Intensity Mean e Alginate O

100%, 2457/2457
= -0.274646 = -0.274646

Media O
100%, 440/440

Figure 3.6. Decision tree model for cell classification based on intensity features.

In this process, the RANK tool of the Orange software was applied in order to identify the
most significant features for cell classification [Figure 3.7]. Information Gain Ratio and
Gini Index were used as two scoring methods to evaluate feature significance. The results
revealed that Intensity Minimum and Intensity Mean were the most significant features
accounting for discrimination among the three groups. Other features such as Centroid

Z, Centroid Y, and Diameter were of lesser significance.
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Figure 3.7. Feature ranking based on Information Gain Ratio and Gini Decrease in the classification model.
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In order to assess the separability of the chosen features, a Scatter Plot was plotted based

on the two highest ranked features: Intensity Minimum and Intensity Mean [Figure 3.8].

As observed from the Figure 3.8, the three clusters (Alginate, Collagen, and Media), are

extremely separable. This extreme separability signifies the excellent discriminatory

power of these two features in distinguishing various cell seeding techniques on PLA

scaffolds.
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Figure 3.8. Scatter plot based on Intensity Minimum and Intensity Mean showing separability of the three cell groups.

To compare and assess the performances of different machine learning models, an initial
analysis was conducted using Orange's Test and Score widget with 10-fold cross-
validation on the entire data, as illustrated in Figure 3.9. Random Forest, SVM, and k-NN
models were tried and tested with some performance measures like AUC, Classification

Accuracy (CA), F1-score, Precision, Recall, and Matthews Correlation Coefficient (MCC).

Among the models tried, Random Forest initially came with the best performance, with
AUC of 1.0 and classification accuracy well over 99.9%. With the entire dataset used in
cross-validation, these performance values very likely indicate overfitting. To avoid this
limitation and to guarantee model performance would extrapolate to test data, a more
stringent three-way split of the data (60% training, 20% validation, 20% test) was later
employed in Python. The final model was re-trained and tested on the held-out test set
and achieved an AUC of 0.9999 and accuracy of 99.79%, thereby justifying the high
predictive ability of the model with the avoidance of overfitting.
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Model AUC CA F1 Precision Recall MCC
Random 1.000 0.999 0.999 0.999 0.999 0.998
Forest
SVM 1.000 0.986 0.986 0.986 0.986 0.975
kNN 0.992 0.961 0.961 0.961 0.961 0.931

Figure 3.9. Initial evaluation and comparison of machine learning models using 10-fold cross-validation on the entire dataset in
Orange software. The high AUC values observed (e.g., AUC = 1.0 for Random Forest and SVM) may reflect overfitting, which
was later addressed through separate test set validation in Python..

For classifying performance assessment, an ROC (Receiver Operating Characteristic)

curve was plotted for each of the three classes: Alginate, Collagen, and Media [Figure

3.10]. The ROC curve indicates how the True Positive Rate is related to the False Positive

Rate for each class.

The Random Forest model generated curves very close to the top-left region of the plot

for each of the classes with excellent sensitivity and overall classification. The Area Under

the Curve (AUC) for each of the classes was found to be 1.00, demonstrating the perfect

ability of the model to distinguish among the groups.
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Figure 3.10. ROC curves of the Random Forest model for the three cell-seeding classes.

The generation of a Confusion Matrix, showing the number of true and false predictions
for the Media, Collagen, and Alginate classes, allowed for a better measurement of the
model's performance [Figure 3.11].

Random Forest model was highly precise with an error rate of less than 0.1% and only 3
misclassified samples out of 3390. Above all, the Media group was identified 100%

accurately, and this also contributed to the improved performance of the model.
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Data Table Mon Mar 03 25, 13:56:55

Data instances: 3390
Features: 10

Meta attributes: 13
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Figure 3.11. Confusion matrix of the Random Forest model showing prediction accuracy for each class.
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3.4. Final Model Assessment

After training and validation on 80% data with 10-fold cross-validation on the Random
Forest classifier, the model was evaluated on the 20% held-out test set. The model was
99.79% accurate, 99.69% macro-averaged F1-score, and multi-class AUC of 0.9999. The
model was 99.79% accurate, 99.69% macro-averaged F1-score, and 0.9999 multi-class
AUC. Confusion matrix brought about the fact that the model mis-predicted only two
samples among 969 test examples, which reflects good model generalization.

Thus, the above results confirm the reproducibility of the imaging features extracted and

the Random Forest approach in separating the different seeding techniques.

Metric Value
Accuracy 99.79%
F1-score (macro) 99.69%
AUC (multi-class) 0.9999
Misclassified samples 2 out of 969

3.5. Model Interpretation and Explainability

At this stage, the goal was to move beyond treating the machine learning model,
particularly the Random Forest, as a “black box.” Instead, explain-ability tools were used
to better understand which features most influenced the model’s decisions.

Two main techniques were applied which can be seen in Figure 3.12.

3.5.1. Feature Importance

Using the embedded feature importance scores of the Random Forest model, the most
relevant features were determined based on how frequently they were used for splitting
decisions in the trees. The key features included Intensity Minimum, Intensity Mean,
Centroid Z, and Intensity Maximum.

These results showed that the intensity characteristics and the spatial information (more
specifically the Z-coordinate) played an important role in the splitting of the seeding

groups.

3.5.2. SHAP (SHapley Additive Explanations)
To obtain a more precise and individualized interpretation of model behavior, SHAP
values were calculated. These are the extents to which each feature value drove the

ultimate prediction for all samples. The SHAP summary plot indicated that Intensity
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Minimum contributed the most positively towards classifying samples of the Media group.
further, Centroid Z and Intensity Mean also contributed significantly but moderately.
finally, this analysis confirmed the model's explanation and facilitated trusting its

predictions.

3.5.3. Conclusion of Model Interpretation and Explain-ability:

The SHAP and Feature Importance analysis together recognized intensity-based and
spatial features as the leading contributors to the classification accuracy. This
interpretability step adds to the scientific validity of the model and encourages its

application in tissue engineering research.
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Figure 3.12 Comparison of feature importance in the Random Forest model (left) and SHAP interaction values (right). The left
plot finds significant predictive attributes, i.e., Intensity Minimum and Intensity Mean, as most crucial in determining the
classification. The SHAP interaction plot (right) highlights how features interact with one another to affect the predictions of the
model, increasing the interpretability of the classifier.

3.6. Summary of Results

This study aimed to classify biomaterial scaffolds based on particle-level characteristics
extracted from imaging data. Using a combination of statistical analysis and machine
learning models, the most informative features were identified through methods such as
Random Forest feature importance and SHAP analysis.

The findings showed that the three most influential variables in the prediction of the

scaffold class were Intensity Minimum, Intensity Mean, and Centroid Z [um].
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The best machine learning model that was examined in the current study was the Random
Forest classifier, which had an accuracy of approximately 90%. In addition, the current
study findings show that it is possible to classify and evaluate biomaterial scaffolds in
tissue engineering applications successfully using the combination of image-based

quantitative data and machine learning.
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4.Discussion
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This study demonstrates that the cell seeding strategy exerts a profound influence on cell
distribution, morphology, and viability within 3D-printed PLA scaffolds mimicking
trabecular bone. By comparing suspension (media-only) seeding to hydrogel-based
seeding (cells delivered in 2% alginate or 0.5% collagen), we observed distinct patterns
in the quantitative imaging features. The Random Forest model also found that the lowest
and mean intensity of fluorescence and the centroid Z spatial location were the most
efficient ways for distinguishing groups from each other. In addition, SHAP analysis
showed that media-suspension group classification was strongly affected by a higher
minimum intensity. This implies that the background fluorescence of the cells plated on
normal media was always brighter with fewer very dark regions compared to the cells
encapsulated in hydrogels. Biologically, this may mean that suspension-seeded cells
were more homogeneously stained or had fewer dead/dim cells, whereas hydrogel-
seeded cells had a wider intensity range. This may be attributed to light scattering or the
presence of low-intensity regions within the gel matrix. Similarly, Centroid Z was a
characteristic feature which indicated a difference in the cell penetration depth of the two
approaches. Suspension seeding would most likely have resulted in the majority of the
cells remaining at the scaffold surface. However, cell encapsulation in alginate or collagen
enabled them to be positioned deeper into the pores. Indeed, we found that the hydrogel-
based groups achieved a more homogeneous cell distribution throughout the scaffold’s
thickness, whereas the suspension group’s cells were concentrated more superficially.
These quantitative insights are in line with expectations; a more uniform spatial
distribution is crucial for effective tissue formation in large scaffolds, and our data indicate
the seeding method is a determining factor.

The morphological descriptors (e.g. Feret diameters, ellipsoid aspect ratios) further
underscored how cell shape and clustering differed by seeding strategy (Figure 3.1 and
3.2). Cells delivered in collagen showed a tendency toward elongated or spread
morphologies (greater differences between Feret max and min diameters), whereas those
in alginate remained more rounded, consistent with the nature of these matrices. Collagen
provides a biomimetic extracellular matrix environment that can support cell adhesion and
spreading, while alginate (without RGD or other cell-binding motifs) tends to keep cells

rounded within its gel.#' Our observations align with Glowacki et al. findings that collagen-
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based scaffolds inherently promote cell attachment and growth since collagen has
regions to which cells bind.3 Alginate, on the other hand, is called a bioinert hydrogel —
highly biocompatible and easily gelating, but having no integrin-binding regions.*? Cells
encapsulated in pure alginate are rounded and less spread, and this might explain the
smaller Feret diameters and high circularity we observed for that group. The alginate
group, on the other hand, showed a more even distribution of cells throughout the
scaffold. This suggests that the cells were kept in spherical shape and were evenly spread
out. This finding is significant because it shows that one can achieve even cell dispersion
with alginate entrapment, albeit potentially at the expense of cell-matrix interactions that
facilitate spreading. Researchers have acknowledged this trade-off and investigated
changes to alginate (e.g., grafting RGD peptides or mixing with ECM proteins) to enhance
cell adhesion and functionality.#'? For instance, Neves et al. (2020) demonstrated that
tuning alginate’s composition and stiffness can markedly enhance its performance as a
3D cell microenvironment.4'42 In our case, even using unmodified alginate, we achieved
good initial cell viability and distribution, but one might expect even better cellular behavior
(such as migration or differentiation) if alginate were biofunctionalized in future studies.

When comparing directly to previous literature, our results fit well with known challenges
and solutions in scaffold-based tissue engineering. It is well documented that seeding
cells into pre-made porous scaffolds using static (gravity-driven) methods often results in
incomplete and uneven cell distribution. Chan and Leong (2008) note that post-fabrication
cell seeding has “limited penetration ability” and typically leads to an inhomogeneous cell
pattern inside.®8 In our suspension-seeded samples, we indeed observed evidence of this
phenomenon, with cells mostly on outer regions and fewer deep inside, which might be a
problematic outcome also highlighted by other researchers as it can cause the interior of
a scaffold to be cell-poor or even necrotic during culture.®® Various strategies like agitation
or perfusion can improve seeding efficiency, but these come with issues such as
increased cell shear stress, lower viability, and higher complexity.®® By contrast,
encapsulating cells within a hydrogel carrier before introducing them into the scaffold can
circumvent many of these issues. This method essentially turns seeding into a one-step
embedding process: cells are mixed with a liquid biomaterial (alginate or collagen

solution) which is then gelled in situ, achieving a much more uniform initial distribution.
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As the same review emphasizes, this approach yields homogeneous cell distribution
throughout the scaffold and excellent cell viability, owing to the gentle, conformal
encapsulation of cells.®869 Our findings strongly support this: both alginate and collagen
cell-seeded scaffolds had cells present in nearly all regions of the porous network from
the start, something the suspension method could not accomplish. Cell retention in the
scaffold was also visibly higher in the hydrogel groups, because the hydrogels likely
prevented cells from simply washing out of the pores, a common problem in static
seeding. Importantly, we did not observe major cell aggregation at the seeding stage in
the hydrogel groups, which means the cells were fairly individually encapsulated and well-
dispersed (consistent with the “homogenous cell distribution” reported for hydrogel
seeding.%® This even seeding is critical for subsequent tissue development, as a uniform
cell population can lead to more uniform extracellular matrix deposition and mineralization
over time, which is desirable for regenerating functional bone tissue. Our work thus
provides empirical evidence reinforcing the consensus in tissue engineering; simply
seeding cells by pipetting onto scaffolds is inadequate for large 3D constructs, and the
use of a carrier (like a hydrogel) markedly improves the initial cell layout.®8

Between the two hydrogel strategies we examined, the collagen-based seeding emerged
as particularly effective. Both methods (alginate and collagen) achieved good distribution,
but qualitative and quantitative indications suggest that the collagen group might confer
additional advantages. Collagen, being a natural component of bone ECM, not only
distributed cells evenly but also provided them with an environment conducive to
attachment. After seeding and subsequent culture, cells in collagen showed more
evidence of spreading and forming cell—cell connections (consistent with the elongated
shapes captured by our imaging), whereas alginate-encapsulated cells largely remained
isolated and round. This difference is in line with Kim et al. (2011), who designed a coaxial
scaffold combining collagen and alginate to capitalize on the strengths of both: collagen’s
cell-favorable interface and alginate’s mechanical support and mild gelation.®¢ In their
work, a collagen shell promoted cell attachment and skin regeneration, while an alginate
core provided structural integrity.3¢ In our context, the collagen hydrogel itself performed
well as the cell carrier within a strong PLA scaffold, essentially acting as a bioactive filler

in the pores. The outcome was a hybrid scaffold with the robust architecture of PLA and
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the bioactivity of collagen, which appears to support cell colonization more effectively than
the purely synthetic scenario. This approach of hybridizing synthetic scaffolds with natural
hydrogels has been reported in prior studies. For example, Markovic et al. (2015)
embedded cells in a photocrosslinkable gelatin (a derivative of collagen) within 3D printed
scaffolds and observed uniformly distributed cells and high seeding efficiency.'® Our
results agree with the results of Markovic study; the collagen-containing method
(analogous to gelatin in their case) clearly facilitated better initial cell seeding. We also
note that cell viability in the collagen group was very high post-seeding — likely attributable
to collagen’s excellent biocompatibility and the gentle neutralization/polymerization
process of the collagen gel. Alginate also maintained good viability (we did not detect
significant cell death immediately after seeding in either hydrogel condition), but in the
longer term, cells in alginate might experience a less favorable environment unless the
alginate is progressively degraded or modified to allow cell spreading. Nonetheless, from
a tissue engineering perspective, both hydrogel strategies have merit: alginate offers
simplicity and uniformity, while collagen offers bio-functionality. The choice may depend
on the specific application — e.g., alginate might be preferred for short-term cell delivery
or when one wants a temporary cell carrier that eventually dissolves, whereas collagen
may be better for applications needing cell-matrix interaction for differentiation (such as
osteogenic maturation in bone scaffolds). In any case, our data strongly support the use
of some form of matrix-assisted seeding for populating porous scaffolds, as opposed to
direct cell suspension alone.

An interesting implication of the centroid Z feature being important is the role of scaffold
geometry and gravity in cell placement. The PLA scaffolds used in the current study,
mimics trabecular bone, with high porosity and interconnected pores. Even so, when cells
were added in suspension, their initial settling was biased toward upper layers (closer to
where the droplet was applied), resulting in a non-uniform depth distribution. In a living
system or in dynamic culture, cells can migrate or be convected deeper over time, but
initial placement is critical. The alginate and collagen methods, by contrast, effectively
“pre-positioned” cells throughout the full depth during gel infusion. This resulted in
significantly higher scaffold colonization — i.e., a greater fraction of the scaffold volume

containing cells — right from the start. Achieving uniform cell colonization in bone graft
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scaffolds is vital for successful regeneration, as it ensures that all regions of the graft
receive cellular activity (matrix deposition, remodeling, and, eventually, mineralization).58
If large portions of the interior remain acellular, they can become necrotic or fail to
integrate with host tissue. Thus, our finding that the collagen seeding method produces
the best colonization is particularly promising for bone tissue engineering. We speculate
that a collagen-based seeding not only places cells uniformly but may also promote their
migration and proliferation in subsequent culture. Collagen is a natural substrate that cells
can enzymatically re-model; thus cells in collagen might slowly spread beyond their initial
location, further improving distribution over time. Alginate, unless modified or partially
oxidized, is not degradable by mammalian cells, so encapsulated cells tend to stay where
they are. Future modifications to the alginate (e.g. making it partially degradable or adding
adhesion peptides) could allow cells to migrate out and interact with the PLA scaffold
surface more freely, potentially combining uniform seeding with long-term connectivity.

The use of Leica THUNDER imaging and machine learning analysis in this study also
deserves discussion, as it represents an innovative approach to quantitatively evaluate
seeding outcomes. The THUNDER microscope enabled high-resolution, optically
sectioned images of cells deep inside the opaque PLA scaffold. Conventional
microscopes often struggle with imaging within thick, scattering scaffolds, but the
THUNDER’s computational clearing allowed us to visualize and measure cell morphology
throughout the 3D structure. This advanced imaging was essential for extracting reliable
quantitative features (intensity, shape, location) from all cell “particles” in the scaffold,
providing the rich dataset needed for machine learning. By applying a Random Forest
classifier to these features, we could classify between the seeding methods objectively
with nearly 90% accuracy. That kind of classification accuracy points out that the
differences produced by each seeding method are consistent and sharp, essentially, the
model could look at the patterns in the cell features and tell which method had been used.
Such a result provides confidence in our experimental observations and also illustrates
the power of machine learning in this context. Traditional statistical analysis might have
identified one or two differing parameters between groups (e.g. “cells in collagen were
significantly more elongated than in alginate”), but the ML approach considers the

multivariate pattern. It essentially synthesizes a combination of features that together best
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characterize each seeding condition. For instance, a suspension-seeded scaffold might
be characterized by the model as “lower centroid Z + higher intensity minimum +
moderate roundness,” whereas a collagen-seeded one might be “higher centroid Z +
lower intensity min + higher aspect ratio,” etc. The Random Forest was particularly
suitable here given its ability to handle non-linear feature interactions and its robustness
with relatively small datasets. Our model’s strong performance suggests that such data-
driven classification could be used as a tool in scaffold optimization; for example, to
rapidly screen if a new seeding protocol yields distributions similar to an established
optimal method.

Importantly, we leveraged explainable Al techniques (SHAP values and feature
importance) to interpret the model’s decision-making, which adds scientific value beyond
a black-box prediction. The SHAP analysis confirmed intensity minimum, intensity mean,
and centroid Z were the peak contributors to the classification, which agrees with our
outcomes that seeding strategies make differences. This agreement between the model’s
“opinion” and human intuition builds trust in the model. For example, it would have been
concerning if the model’s accuracy hinged on some obscure feature with no biological
relevance; instead, it relied on features we can rationalize (brightness and spatial location
of cells). The explain-ability plots also provided detailed insight. For instance, they
indicated how varying a feature like intensity or cell size in one group affects the
probability of classification into that group. This approach is still relatively novel in tissue
engineering, but it can greatly aid in bridging the gap between data science and biology.
As Jovel and Greiner (2021) explained, contemporary biomedical science is ever-more
embracing machine learning methodologies, and interpretability tools guarantee these
models are interpretable and can be relied upon by scientists.*® 43 Our research is a
prime example of this phenomenon in the field of tissue engineering. By interpreting the
model, we essentially performed an computational analysis of what makes a “good” vs
“poor” seeding: high overall cell fluorescence and deep penetration (features which the
model linked to the hydrogel groups) can be considered signatures of a successful
seeding protocol. This kind of insight is valuable because it quantitatively supports design
decisions. For instance, one could use these features as target metrics when trying new

seeding methods or scaffold materials. Statistical analysis confirmed that seeding
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strategy significantly affects certain quantitative image features. Variation in Volume and
Minimum Intensity shows that hydrogel-based methods (specifically, alginate) affect cell
morphology and viability. Centroid Z, although not found to be statistically significant as
identified by ANOVA, was an extremely high-ranked informative feature in the predictive
models, which suggests its indicative significance in the spatial distribution analysis. This
inter-disciplinary approach assures the practicality of combining classical statistics with
predictive modeling.

In light of these findings, the implications for tissue engineering and scaffold design are
clear. First, choosing an appropriate cell delivery method is just as crucial as scaffold
material or architecture when the goal is to achieve uniform tissue formation. Even the
most well-designed scaffold (optimal porosity, stiffness, biomaterial, etc.) will not fulfill its
potential if cells are not effectively introduced throughout its volume.®® Our results show
that incorporating a hydrogel-based seeding step can dramatically improve initial cell
distribution in a PLA bone scaffold. In reality, this means that bone graft tissue engineers
or engineers of other thick tissue structures need to consider hybrid seeding strategies;
e.g., seed the porous scaffolds with a cell-laden collagen or fibrin gel at seeding, or even
co-print cells with bioinks into the scaffold structure. Both worlds are then utilized to their
full potential; the scaffold provides mechanical integrity and 3D geometry definition, while
the hydrogel provides a cell-friendly environment and even cell distribution. Indeed, the
idea of hybrid scaffolds is gaining attractions; Kim et al. (2011) and Markovic et al. (2015)
are leading instances of the combining of synthetic scaffolds with natural hydrogels
towards better cell seeding and tissue outcomes.’®36 The present study is further proof
towards validating such approaches, especially in osteogenic scaffolds. For scaffolds
mimicking trabecular bone (which inherently have a high surface area and complex pore
network), a matrix-assisted seeding is likely indispensable to achieve the goal of uniform
cell colonization (i.e., every pore hosting viable cells). Additionally, the success of the
collagen method suggests that bioactivity matters; simply holding cells in place (as
alginate does) is beneficial but providing a bioactive matrix (collagen) that cells can
engage with yields even better early outcomes. Scaffold design should thus integrate not
only mechanical considerations but also biological ones. For example, coating synthetic

scaffold struts with collagen or other ECM proteins might replicate some benefits of the
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collagen seeding method by encouraging cell attachment on scaffold surfaces. There is
a trade-off to consider; adding hydrogels or coatings can impede mass transfer or alter
mechanical properties. In our experiment, the thin hydrogels did not prevent perfusion of
media through the scaffold (indeed, all groups were cultured with medium flow in a
bioreactor), and the PLA provided mechanical stability so that the gels did not bear load.
This suggests that an integrated design, where a sturdy scaffold is combined with a
minimal amount of cell-laden matrix, can strike a balance between structural integrity and
biological performance.

Finally, our use of machine learning for analysis highlights an emerging paradigm for
scaffold development. Traditionally, evaluating a seeding method would require
qualitative microscopy and perhaps manual counting of cells in different region, methods
that are labor-intensive and subject to observer bias. Here, by training an algorithm on
image-derived data, we achieved an objective, reproducible means of comparison. This
approach can be extended beyond just assessing seeding techniques; for instance,
machine learning models could be trained to predict longer-term outcomes (like the extent
of mineralized tissue formed in a scaffold after a few weeks) based on early imaging
features. Such predictive modeling is aligned with the broader trend of using Al to
accelerate tissue engineering research.444° Recent reviews underscore that machine
learning can assist at many stages; from scaffold design optimization (e.g. predicting
optimal pore size, material composition) to process control (e.g. real-time monitoring of
bioprinting) and outcome prediction. Our results contribute to this narrative by showing
that even in a relatively small-scale study, ML added value by distilling complex imaging
data into actionable information. As a result, we not only determined that collagen seeding
was best, but we also understand why in terms of quantifiable features. This synergy of
advanced imaging and Al could be widely useful, for example, in comparing the impact
of various scaffold shapes on cellular growth, or in comparing how cell types behave in
the same scaffold. Through the use of such technologies, tissue engineers will better
make informed decisions based on data, ultimately moving to faster invention of effective
tissue-engineered scaffolds.>!

Finally, the description of our findings shows that the 0.5% collagen seeding method

provided the optimal results in terms of even cell distribution and scaffold infiltration,
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followed by the alginate method, while the traditional suspension seeding was less
effective. These differences, quantified via imaging features and confirmed by machine
learning, mirror the insights from prior studies and reinforce key principles in scaffold-
based tissue engineering; uniform initial cell seeding, and a cell-supportive
microenvironment are pivotal for successful tissue development. Our use of a cutting-
edge imaging platform (THUNDER) and interpretable machine learning not only allowed
us to reach these conclusions with confidence but also represents an innovative model
for studying and optimizing tissue engineering approaches. The combination of
quantitative microscopy and machine learning analysis can be envisioned as a useful
resource for the tissue engineer, enabling more clarity into the impact that design and
methodological choices have on biological response. This approach, in conjunction with
strategic integration of biomaterials (e.g., collagen) into scaffold systems, offers new
opportunities for more effective and prophesying engineering of complex tissues such as

bone.
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5.Conclusion
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In this project, we intended to determine how different cell seeding strategies influence

cell behavior in a 3D printed bone-mimicking scaffold, and to identify which method yields

the best outcome for tissue engineering applications. Using PLA scaffolds designed to

replicate trabecular bone architecture, we compared a traditional suspension seeding

(cells in culture medium) against two hydrogel-based seeding methods (cells mixed in 2%

alginate or in 0.5% collagen). We then applied high-resolution fluorescence imaging

(Leica THUNDER) to capture the resulting cell distributions and morphologies and

leveraged machine learning (Random Forest classifier with SHAP explain-ability) to

analyze the multi-parameter data. The findings of this comprehensive analysis can be

summarized as follows:

Impact of seeding strategy on cell distribution and morphology: The three
methods produced quite dissimilar patterns of cell distribution throughout the
scaffold. Suspension seeding led to cells piling up near the scaffold surface and
the most irregular pattern of distribution. On the other hand, hydrogel-based
approaches achieved far better cell dispersal, with the cells spread right throughout
the depth of the scaffold. Incidentally, cells that were seeded into the collagen gel
exhibited evidence of spreading and connected growth, whereas alginate-
encapsulated cells were rounded in shape. These observations indicate that
seeding within a supporting matrix (especially a bioactive one like collagen) allows
for better and more biomimetic population of the scaffold with cells compared to
simple direct suspension seeding cells that typically leads to non-uniform
distribution.68

The 0.5% collagen seeding method was the most effective overall: Based on
both quantitative metrics and qualitative assessment, the collagen-assisted
seeding emerged as the top-performing strategy. Scaffolds seeded with the
collagen gel had the highest cell coverage across the scaffold, excellent initial cell
viability, and cells that began to interact with the matrix (spreading along collagen
fibers and scaffold surfaces). By comparison, the alginate method, while vastly
improving uniformity and cell retention relative to suspension, provided a more
inert environment, cells were evenly distributed but largely spherical and isolated.

The suspension (media) seeding was the least favorable, as many interior regions
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had few or no cells and cells tended to aggregate where they were initially dropped.
Thus, in answer to our research question, the collagen matrix seeding proved to
be the most effective seeding strategy for ensuring a well-populated and
biologically supportive scaffold. This results emphasizes the importance of
employing natural ECM constituents to seed cells into synthetic scaffolds, a trend
promoted by past studies.3>% By combining the mechanical strength of PLA with
the biological compatibility of collagen, we developed a hybrid system that
promoted cell distribution in an optimal manner.

The pivotal role of Machine learning and advanced microscopy: A key aspect
of this work was the use of THUNDER microscope imaging coupled with machine
learning analysis to rigorously evaluate outcomes. The THUNDER system allowed
us to visualize cells deep inside the scaffold with clarity, yielding a rich set of
quantitative features per cell/particle. The Random Forest model, trained on these
features, could distinguish between the seeding methods with nearly 90%
accuracy — essentially “profiling” each seeding condition by its cellular feature
signature. This such high precision not only confirmed that the inter-group
differences were significant and consistent, but also demonstrates how machine
learning could be utilized as an objective assessment tool in tissue engineering.
Utilizing SHAP explain-ability further ensured that we could rely and comprehend
the model's decision criteria, which aligned with intuitive biological differences
(e.g., disparities between groups in the intensity of fluorescence and cell position).
Briefly, the application of computational imaging and Al enabled us to extract more
from the experiments than would otherwise have been achieved through
observation alone; highlighting cell-level subtleties and multi-feature trends typical
of each seeding process. This demonstrates the power of combining modern

microscopy with machine learning to advance tissue engineering research.4449

Overall, this thesis is a robust demonstration that cell seeding strategy is a predominant

factor in the success of scaffold colonization and positions collagen-assisted seeding as

an ideal technique for cell integration into 3D bone scaffolds. The discovery is of

significance in tissue engineering: by achieving cells to be viably and evenly distributed

at the seeding stage, subsequent tissue growth (e.g., osteogenic matrix deposition) will
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probably be more uniform and significant. Furthermore, this project provides a framework

for using data-driven techniques for evaluating and optimizing bioengineering processes.

Future studies can build on these results in the following meaningful ways:

Long-term tissue formation and function: While this study tackled cell
distribution and viability in early stages, follow-up studies should determine how
such seeding differences translate into more long-term outcomes. For example,
one could culture the scaffolds for a few weeks to quantify parameters such as
deposition of new bone matrix, mineralization, or expression of osteogenic markers
across groups. This would indicate if the collagen-seeded scaffolds not only have
more cells initially, but also create faster or more tissue regeneration than the
others. The in-vivo test could be the last test, seeding scaffolds differently and
placing them inside an animal model to determine which is optimal for healing
bone.

Scaling and generalization: We employed a specific scaffold geometry and pore
size specific to trabecular bone. It would be interesting to determine whether the
advantage of collagen or hydrogel seeding is transferable to other scaffold
geometries and compositions. How the pore sizes or architectures interact with
one another can arguably be extremely complicated with seeding approaches, i.e.,
extremely small pores might constrain even cells that are being encapsulated in
hydrogel to enter. Thus, studying a range of scaffold designs (for example, with
larger sizes or materials such as ceramics or composite polymers) under these
seeding regimes will increase our findings' generalizability. Similarly, taking other
cell types (such as human mesenchymal stem cells or primary osteoblasts instead
of any model cell line) would render the findings generalizable to all clinical tissue
engineering situations.

Optimization of the hydrogel carriers: Our results further provoke the
optimization of the hydrogel matrices used for seeding. For alginate, one might
attempt methods like incorporating RGD peptides or mixing alginate with a low
level of collagen or fibrin to give encapsulated cells more opportunities for
attachment and communication, perhaps combining the even distribution of

alginate with the bioactivity of native ECM.*'*2 For collagen, the modulation of its
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concentration or density of cross-linking can control to what extent it stays in the
scaffold and scaffolded cells (too high concentration of collagen could reduce cell
migration or nutrient diffusion; too low could result in low retention of cells). Other
gel systems, including fibrin or gelatin methacrylate (GelMA), can also be
investigated that can be made tunable and have on-demand curing for ease. The
goal of such technologies would be further improving cell seeding efficiency,
viability, and thereby tissue yield.

Dynamic seeding and culture methods: While this study focused exclusively on
samples cultured under static conditions, the broader experimental setup also
included perfusion-based dynamic culture (without analysis in the current work).
Future studies could investigate dynamic seeding strategies in combination with
hydrogels, for example, using perfusion to actively draw cell-laden hydrogels into
scaffold pores or employing bioprinting techniques for more precise cell placement.
It would be intriguing to contrast "hydrogel + perfusion seeding" with pure hydrogel
seeding to ascertain whether dynamic flow improves cell uniformity and infiltration
into scaffold microstructures. The time of flow commencement (e.g., post-hydrogel
gelation vs seeding) may potentially affect cell dispersion and vitality. Optimizing
both seeding and dynamic culture conditions will be a key step toward enhancing

tissue development in vitro.

Machine learning for predictive modeling: Following the effective use of
Random Forest and SHAP in this work, further research may employ more
sophisticated Al methodologies to further enhance scaffold design and analysis.
For example, convolutional neural networks and other deep learning networks may
be trained on images to find patterns in cell distribution or even estimate the
seeding strategy without needing to manually extract features. Such models might
learn subtle textural or spatial cues beyond the standard morphological features
we used. Moreover, ML models could be developed to predict outcomes, e.g.,
using initial post-seeding imaging to forecast the amount of tissue that will form
after a certain culture period. This would allow rapid iteration; different seeding

methods or scaffold designs could be screened via imaging and ML prediction,
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without waiting weeks for full tissue maturation each time. In line with this, creating
user-friendly software tools that incorporate our imaging-analysis pipeline could
help other researchers or clinicians quickly evaluate scaffold seeding efficacy in
real-time. As noted in a recent review, the incorporation of machine learning in
tissue engineering is still expanding, with immense potential to accelerate
discovery and optimize protocols.*® Our study serves as a proof-of-concept for how
quantitative microscopy data can be integrated with ML to yield translational
insights, and we envision future studies taking this further — for example, by
employing live-cell imaging and real-time ML analysis to adjust seeding in real time
in a bioreactor (an approach that could ensure every scaffold is seeded to an ideal
density before implantation).
In conclusion, the work presented in this thesis contributes both practical knowledge and
methodological innovation to the field of bone tissue engineering. We identified a clear
winner in terms of seeding strategy which was delivering cells in a collagen hydrogel
matrix that significantly improves the uniformity and quality of cell seeding in a 3D printed
bone scaffold. This result has the potential to directly impact tissue engineering technique.
It is recommended that hybrid scaffold geometries or other hydrogel seeding strategies
be implemented when developing large tissue scaffolds to ensure that cells occupy all
regions. Moreover, we established a precedent for a data-driven approach to enhance
tissue engineering strategies by utilizing sophisticated imaging and machine learning
algorithms. The combination of bio-fabrication, imaging, and Al is a powerful approach. It
enables scientists to more precisely interpret complex biological outcomes and translate
that knowledge to protocol development and scaffold design. Looking forward, the
lessons learned here — pertaining to the benefits of homogeneous cell distribution, the
usefulness of bioactive seeding carriers, and the necessity for quantitative analysis — form
a strong foundation for future projects aimed at engineering functional bone tissue and
other regenerative constructs. With continued interdisciplinary effort, involving materials
design and computational modeling, we are one step closer to the long-term goal of
routinely creating living, functional bone grafts in vitro with the ability to repair or replace

flawed bone in vivo. The encouraging results of this project are both a model and an
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impetus for such future investigations, one step closer to clinically significant solutions in

bone regeneration.®®
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6.Summary

This thesis evaluated the performance of three cell-seeding techniques — cell medium
suspension, 2% alginate hydrogel, and 0.5% collagen hydrogel — on 3D-printed PLA
scaffolds mimicking trabecular bone. Although both static and perfusion-based dynamic
culture conditions were used in the experimental setup, all data analysis and results
presented in this thesis were based on scaffolds cultured under static conditions.
High-resolution fluorescence images of cell-seeded scaffolds were recorded with the
THUNDER Imager system. Quantitative image analysis was then performed to acquire
informative features in terms of morphology, intensity, and position of cells. These data
were then analyzed through machine learning programs, Random Forest, to identify the
significant parameters to differentiate among the seeding methods.

The research found that seeding with collagen revealed the most uniform cell distribution,
whereas suspension offered the most variable and the least uniform staining. The
minimum fluorescence intensity and centroid position along Z were the most significant
predictors of efficiency of seeding.

In nutshell, the research demonstrates that hydrogel-assisted seeding protocols,
specifically collagen, enhance cellular homogeneity and viability in PLA scaffolds under
static conditions. Integration of quantitative imaging and machine learning enabled
objective assessment of seeding performance, offering a great tool for scaffold design

optimization in tissue engineering applications.
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Appendix

Table 1. ANOVA Results with Bonferroni

Mean

. p-value Reject HO ; . Significant
Feature Group 1 Group 2 cD;fferen raw (Uncorrected) p-value Bonferroni (Bonferroni)
Convex Alginate Collagen | 0.0053 0.0621 False 1.0 False

Surface Area

[micrometers?]

Convex Alginate Media 0.1026 0.161 False 1.0 False
Surface Area

[micrometers?]

Convex Collagen | Media 0.0973 0.1934 False 1.0 False
Surface Area

[micrometers?]

Sphericity Alginate Collagen | 0.0318 0.0001 True 0.0045000000000000005 True
Sphericity Alginate Media -0.3186 0.1791 False 1.0 False
Sphericity Collagen | Media -0.3504 0.1253 False 1.0 False
Diameter Alginate Collagen | 0.0242 0.0 True 0.0 True
[micrometers]

Diameter Alginate Media 0.2907 0.027 True 1.0 False
[micrometers]

Diameter Collagen | Media 0.2665 0.0478 True 1.0 False
[micrometers]

Ellipsoid Major | Alginate Collagen | 0.0322 0.0 True 0.0 True
[micrometers]

Ellipsoid Major | Alginate Media 0.4922 0.0 True 0.0 True
[micrometers]

Ellipsoid Major | Collagen | Media 0.46 0.0 True 0.0 True
[micrometers]

Ellipsoid Minor | Alginate Collagen | 0.0123 0.0 True 0.0 True
[micrometers]

Ellipsoid Minor | Alginate Media 0.1533 0.0523 False 1.0 False
[micrometers]

Ellipsoid Minor | Collagen | Media 0.141 0.0822 False 1.0 False
[micrometers]

Feret Alginate Collagen | 0.0409 0.0 True 0.0 True
Maximum

[micrometers]

Feret Alginate Media 0.6454 0.0 True 0.0 True
Maximum

[micrometers]

Feret Collagen | Media 0.6045 0.0 True 0.0 True
Maximum

[micrometers]

Feret Alginate Collagen | 0.0794 0.0096 True 0.43199999999999994 False
Maximum

Elevation [°]

Feret Alginate Media -0.805 0.4274 False 1.0 False
Maximum

Elevation [°]

Feret Collagen | Media -0.8844 0.3587 False 1.0 False
Maximum

Elevation [°]

Feret Minimum | Alginate Collagen | 0.0128 0.0001 True 0.0045000000000000005 True
[micrometers]

Feret Minimum | Alginate Media 0.1918 0.0213 True 0.9585 False
[micrometers]

Feret Minimum | Collagen | Media 0.179 0.0348 True 1.0 False

[micrometers]
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Feret Ratio
Feret Ratio
Feret Ratio
Centroid Z
[micrometers]
Centroid Z
[micrometers]
Centroid Z
[micrometers]
Bounds Z
[micrometers]
Bounds Z
[micrometers]
Bounds Z
[micrometers]
Intensity Mean
Intensity Mean
Intensity Mean
Intensity
Standard
Deviation
Intensity
Standard
Deviation
Intensity
Standard
Deviation
Intensity
Minimum
Intensity
Minimum
Intensity
Minimum
Intensity
Maximum
Intensity
Maximum
Intensity
Maximum

Alginate
Alginate
Collagen
Alginate
Alginate
Collagen
Alginate
Alginate
Collagen
Alginate
Alginate

Collagen
Alginate

Alginate

Collagen

Alginate
Alginate
Collagen
Alginate
Alginate

Collagen

Collagen
Media
Media
Collagen
Media
Media
Collagen
Media
Media
Collagen
Media

Media
Collagen

Media

Media

Collagen
Media
Media
Collagen
Media

Media

-0.0158
-0.1123
-0.0965
0.4502
-0.0896
-0.5398
0.0497
0.7538
0.704
-0.1809
-0.6734

-0.4925
-0.0016

1.3992

1.4008

-0.2264

-1.789

-1.5625

-0.0837

0.9248

1.0085

0.0274
0.7252
0.789
0.0
0.9491
0.1521
0.0

0.0

0.0

0.0
0.0003

0.0124
0.9823

0.0
0.0

0.0
0.0
0.0
0.0
0.0049

0.0018

True
False
False
True
False
False
True
True
True
True
True

True
False

True

True

True

True

True

True

True

True

Olalaa
o o o|lo

1.0
0.0
0.0
0.0
0.0
0.013499999999999998

0.5579999999999999
1.0

0.0

0.0

0.0

0.0

0.0

0.0

0.2205

0.081

False
False
False
True
False
False
True
True
True
True
True

False
False

True

True

True

True

True

True

False

False
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