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ABSTRACT
Mimicking the extracellular matrix (ECM) is challenging due to the complex composition, architecture, morphology, and

mechanical properties of native tissues, which are key targets in tissue engineering. 3D printing enables the fabrication of

ECM models with high spatial resolution exploiting hydrogels retaining essential viscoelastic and water retention properties

for cell survival. In this study, a machine learning (ML)-assisted approach was developed to describe the printing behavior

of hydrogels, demonstrating the potential to predict printability, despite the limitations imposed by the small available dataset.

To generate the hydrogels, gelatin and hyaluronic acid were functionalized with γ-thiobutyrolactone and cysteamine, respectively.

Crosslinking was carried out via thiol–ene photochemical reaction with 4-arm-PEG functionalized with norbornene. The result-

ing formulations were assessed via swelling tests to evaluate their stability, and the most promising candidates were further

characterized chemically, morphologically, and rheologically. Cytocompatibility was validated through viability assays using

human bone marrow-derived mesenchymal stem cells. High-resolution 3D printing via stereolithography was performed to

confirm the printability of the selected hydrogels. Based on these results, a preliminary predictive ML model was developed

to estimate and predict hydrogel printability.

1 | Introduction

Reproducing the native extracellular matrix (ECM) composition,
architecture, and stiffness is crucial in tissue engineering [1, 2].
These features regulate key cellular processes fundamental
in directing cell behavior such as focal adhesion, cytoskeletal
organization, cell spreading, and lineage specification [3–5].
Hydrogels are increasingly used in tissue engineering due to their
structural and compositional similarity to the ECM, providing a
supportive environment for cell survival and proliferation [6, 7].
They are three-dimensional networks of crosslinked hydrophilic
polymers, with swelling capacity determined by functional
groups such as -NH2, -COOH, -OH, -CONH2, -CONH, and
-SO3H [8]. The combination of hydrophilic polymers composition
and crosslinking conditions (time, temperature, pH) determines

the rheological and mechanical properties of hydrogels, which
are critical for reproducing native tissue stiffness [9, 10].
Furthermore, 3D printing provides precise control over hydro-
gel architecture, allowing closer replication of tissue micro-
structures [11]. Factors such as stiffness, porosity, and
crosslinking density govern the structural stability of printed
constructs, influencing their potential applications [12–14].
Beyond extrusion-based methods, stereolithography has emerged
as a powerful approach for 3D printing hydrogels [15, 16]. This
technique relies on light-induced crosslinking to achieve high spa-
tial resolution and complex geometries with smooth surfaces
[17–19]. The main challenge lies in designing hydrogel formula-
tions that combine sufficient photoreactivity for rapid curing with
mechanical and structural properties suitable for the intended
application [20].

This is an open access article under the terms of the Creative Commons Attribution License, which permits use, distribution and reproduction in any medium, provided

the original work is properly cited.

© 2026 The Author(s). ChemNanoMat published by Wiley-VCH GmbH.

ChemNanoMat, 2026; 12:e202500774 1 of 23
https://doi.org/10.1002/cnma.202500774

ChemNanoMat

RESEARCH ARTICLE

https://orcid.org/0000-0002-5914-766X
mailto:laura.russo@unimib.it
http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1002/cnma.202500774
https://doi.org/10.1002/cnma.202500774
http://crossmark.crossref.org/dialog/?doi=10.1002%2Fcnma.202500774&domain=pdf&date_stamp=2026-07-02


The thiol–ene reaction is classified as a “click” chemistry because
it proceeds under mild conditions (aqueous solutions, physiolog-
ical temperature, and pH), without producing byproducts, and is
rapid, spontaneous, and highly selective [21–23]. Unlike many
other “click” reactions, thiol–ene is light-initiated, providing
excellent spatial control [24–26]. Specifically, under the action
of light or thermal initiators, thiol groups react with alkenes
to form thioether bonds. In this context, the very fast thiol–
norbornene photoclick reaction has been widely exploited for
tissue engineering applications [27].

Advances in computational simulation, together with the need to
develop materials capable of replicating the complexity of native
tissues, have enabled the use of machine learning (ML) and deep
learning approaches to accelerate materials development while
reducing time and cost [28–31]. In the study by Sarah et al.,
predictive ML models were developed for shear-thinning,
extrusion-based 3D printable hydrogels using rheological data
from alginate, gelatin, and TEMPO-nanofibrillated cellulose sys-
tems across a range of shear rates. The model enabled efficient
optimization of hydrogel formulations, reducing the need for
extensive experiments [32]. In this context, ML techniques can
be particularly useful for predicting the printability of hydrogels,
by incorporating parameters that are critical for guiding 3D print-
ing processes, especially those initiated by light [33, 34]. In
Ruberu et al., ML was exploited to optimize 3D bioprinting of
GelMA and HAMA hydrogels by evaluating the filament forma-
tion of the bioink and the layer stacking of the 3D scaffold to find
the optimal printing parameters [35]. While ML is widely used to
optimize extrusion-based 3D printing of hydrogels, its application
in stereolithography remains limited and underexplored. This
work therefore proposes a predictive framework for photocros-
slinkable systems.

In this study, thiol–norbornene crosslinking was explored to
develop gelatin and hyaluronic acid-based hydrogels for the fab-
rication of high-resolution 3D-printed scaffolds for tissue engi-
neering. This method uses a light-initiated reaction between
thiol and alkene groups, forming stable thioether bonds [36].
Gelatin was selected because it is derived from collagen, a key
ECM protein, and offers several advantages such as biocompati-
bility, biodegradability, low immunogenicity, and Arg-Gly-Asp
(RGD) sequences that enhance cell adhesion. Hyaluronic acid
is a non-sulfated glycosaminoglycan that plays a crucial role
in tissue hydration and homeostasis, while also modulating
inflammatory responses. Its viscoelastic and water-retaining
properties in aqueous environments make it particularly valuable
for tissue engineering applications [37–41].

After introducing thiol groups to gelatin and hyaluronic
acid, crosslinking was carried out with commercially available
4-arm-PEG functionalized with norbornene (PEG-NB), generating
various formulations by adjusting the concentrations of the com-
ponents. These hydrogels were then characterized chemically,
physically, and mechanically to identify the most suitable candi-
dates for 3D printing. Selected formulations were subsequently
printed and subjected to biological evaluation. Finally, a prelimi-
nary predictive model was developed to estimate and predict
hydrogel printability, and its performance was validated by print-
ing additional formulations and comparing the experimental
outcomes with the computational predictions.

2 | Materials and Methods

2.1 | Materials

Gelatin from porcine skin (gel strength 300, Type A), γ-thiobutyr-
olactone 98%, N-hydroxysuccinimide (98%, NHS), cysteamine
95%, sodium bicarbonate (98%, NaHCO3), sodium hydroxide
(97%, NaOH), DL-Dithiothreitol (99%, DTT), MES hydrate
(≥99.5%), dialysis tubing cellulose membrane (MWCO 14 kDa),
Lithium phenyl-2,4,6 trimethylbenzoylphosphinate (95%, LAP),
5,5 0-Dithiobis(2-nitrobenzoic acid) (DTNB), L-cysteine, sodium
azide (≥99.5%), deuterium oxide (99.9 atom %D, D2O, 0.05 wt.%
3-(trimethylsilyl)propionic-2,2,3,3-d4 acid, sodium salt, TMSP),
and Tartrazine (dye content, ≥85%) were purchased from
Merck (Milan, Italy). Hyaluronic acid sodium salt with an average
molecular weight of 1.0–2.0 million Da was purchased from
Carbosynth (Switzerland). Dulbecco’s phosphate-buffered saline
(DPBS) was purchased from Euroclone S.p.A. (Milan, Italy).
1-(3-Dimethylaminopropyl)-3-ethylcarbodiimide (>98% purity,
EDC) was purchased from TCI Chemicals Europe (Belgium).
4-arm-PEG-norbornene (PEG-NB) MW 10k was purchased from
Divbio Science Italia (Brenzone, Italy). For cell experiments,
human bone marrow-derived mesenchymal stem cells (hBM-
MSCs), mesenchymal stem cell basal medium, and mesenchymal
stem cell growth kit for bone marrow-derived MSCs (recombinant
human Fibroblast growth factor basic, rh FGF-b, recombinant
human Insulin-like growth factor 1, rh IGF-1, L-Alanyl-L-
Glutamine) were purchased from LGC Standards (Milan, Italy).
Fetal bovine serum (FBS), trypsin-EDTA solution (0.5 g porcine
trypsin and 0.2 g EDTA), and Penicillin-Streptomycin (P/S,
10,000 units penicillin and 10mg streptomycin/mL) were pur-
chased from Merck (Milan, Italy). Amphotericin B (AMP),
Alamar blue cell viability reagent, LIVE/DEAD for mammalian
cells, superfrost plus adhesion microscope slides, Fluoromount-G
mounting medium, and Alexa fluor 633 phalloidin were pur-
chased from Thermo Fisher Scientific (Monza, Italy).

2.2 | 1H-NMR Analysis

1H-NMR spectra were obtained using a Varian Mercury 400MHz,
with samples prepared by dissolving 5mg of the product in 500 μL
of D2O. For hyaluronic acid functionalized with thiol (HA-SH), the
degree of functionalization (DoF), defined as the ratio between
thiol groups and the total weight of the product, was determined
by comparing the ratio of the integrals of the peaks of the protons
adjacent to -SH groups and the TMSP reference peak integral
(Equation (1)). For gelatin functionalized with thiol (Gel-SH), it
was not possible to isolate the thiol groups in the spectrum due
to overlapping signals from Gel. Therefore, the decrease in the
ε-methylene protons of the lysine side chain at 2.9 ppm was quali-
tatively assessed as an indicator of successful functionalization.

DoF %½ �= m cysteamine
m sample

⋅ 100 (1)

Equation 1. Formula to calculate DoF from HA-SH 1H_NMR
spectrum: Briefly, the number of moles of cysteamine was
obtained using the integral calculated from 1H-NMR. Then,
the mass of cysteamine (m cysteamine) was calculated by mul-
tiplying the moles by the molecular weight of cysteamine
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(77.15 g/mol). Finally, DoF was obtained, where m sample is the
mass of the sample used in the test.

2.3 | Ellman’s Assay

Ellman’s assay is a colorogenic test used to quantify the concen-
tration of thiol groups in Gel-SH and HA-SH. Initially, three dif-
ferent solutions were prepared as follows: the first one was
composed by 1mM EDTA in PBS pH 8, the second one
0.3 mg/mLDTNB in PBS pH 8, and the third one a 2mg/mL sam-
ple solution in dH2O, preparing a triplicate for each sample.
Subsequently, 250 μL of sample solution was combined with
250 μL of first and 250 μL of second solutions and stirred at
1600 rpm for 30 min at room T. The blank was prepared in
the same way, except for the third solution, substituted with
250 μL of dH2O. Finally, solutions were transferred to a 96-well
microplate (100 μL per well), and absorbance at 412 nmwas mea-
sured using UV-Vis SPECTROstar Nano (BMG LABTECH,
Offenburg, Germany). Each sample was analyzed in triplicate,
and results were processed using the equation of the calibration
curve, obtained with cysteine solution at different concentrations
(1.4, 1.2, 1, 0.8, 0.6, 0.4, and 0.2 mM).

2.4 | Swelling Test

The equilibrium swelling ratio was evaluated at three different
pH values. Briefly, hydrogels were formed into cylindrical molds
with a diameter of 15 mm, 500 μL in triplicate for each formula-
tion, and their initial weight (w0) was measured. Subsequently,
they were incubated in PBS 5.5, 7.4, and 8.5 with 0.02% w/V
sodium azide at 37°C, and their wet weight (wt) was obtained
at different time points (t): 1, 2, 3, 4, 5h, and days 1, 3, 5, 7,
14, and 28. Finally, their swelling ratio Δw(t)% was calculated
using Equation (2).

ΔwðtÞ% =
wt−w0

w0
⋅ 100 (2)

Equation 2. Formula to calculate swelling ratio (Δw(t)%)

2.5 | Rheological Characterization

Rheological characterization of hydrogels was performed with a
Modular Compact Rheometer MCR-92 Anton Paar (Anton Paar
Italy, Rivoli, Italy), equipped with a Peltier temperature control
unit. A 50mm stainless steel parallel plate was used, with a
gap between the plates set at around 1000 μm; and the temperature
was maintained at 40°C. Oscillatory amplitude strain sweep test
was conducted to determine the elastic modulus (G’), the loss
modulus (G’’), the yield point (where G’ and G’’ are constant)
and the flow point (crossover of G’ and G’’) by applying a strain
sweep range from 0.1% to 1000% at an angular frequency of 10 s−1.

2.6 | Compression Test

Mechanical properties of formulations were investigated with
Texture Analyzer (Stable Micro Systems, Godalming, United

Kingdom) equipped with a 10 mm delrin cylindrical probe.
Briefly, hydrogels were formed in 12-well plates, in triplicate
for each formulation, and cut with a punch to obtain 10 mm
diameter and 2mmwidth cylinders. A compression test was con-
ducted until 25% deformation with a 10-s hold and unload. The
pre-test and post-test speeds were set at 600mm/min, the test
speed was 1.2 mm/min, and trigger force was 0.05 N. Some
parameters were calculated, such as yield stress and strain (σy
and εy, respectively), stress at 25% deformation (σ25), and hyster-
esis area at ε = 25%.

2.7 | SEM Analysis

Hydrogels were formed in 2mL Eppendorf tubes as described
below, frozen at –20°C overnight, and stored at −80°C until
freeze-drying. Cross sections were obtained from lyophilized
samples with a sharp blade, mounted on adhesive carbon black
and sputter coated with gold (Sputter Coater S150B, Edwards
Vacuum, Cinisello Balsamo, Italy). Images were acquired using
electron microscope (Gemini SEM500, Zeiss, Milan, Italy) at 5 kV
and 25mm working distance.

2.8 | Indirect Cytotoxicity Test

Indirect cytotoxicity test was performed to verify the non-
cytotoxicity of hydrogels since DTT was used, unless in small
quantities, to optimize the crosslinking. First, LAP stock solu-
tion 0.1 M was prepared and filtered, while Gel-SH, HA-SH,
and PEG-NB solutions were sterilized under biological hood
using UV light for 30 min. DTT was added before sterilization.
Then, 100 μL of hydrogel were formed in triplicate at specific
time points (day 1, day 3, day 7) for each formulation, following
the procedure described above, and left at 37°C for 30 min for
stabilization. Subsequently, hydrogels were immersed in cul-
ture medium (mesenchymal stem cell basal medium with 7%
FBS, 15 ng/mL Rh IGF-1, 125 pg/mL Rh FGF-b, 2.4 mM
L-Alanyl-L-Glutamine, 1% P/S and 1% AMP) for 1, 3, and 7
days. Culture medium was used as control. hBM-MSCs were
seeded at a density of 10 000 cells/well in a 96-well plate
and incubated at 37°C with 5% CO2. Eluates were then added
to seeded cells, and after 24 h, an Alamar Blue assay was per-
formed, measuring absorbance at 570 and 600 nm wavelengths
(UV-Vis SPECTROstar Nano BMG LABTECH, Offenburg,
Germany). Finally, percentage viability was calculated using
Equation (3).

Viability %½ �= EOXI600 ⋅ A570ð Þ− EOXI570 ⋅ A600ð Þ
ERED570 ⋅ C600ð Þ− ERED600 ⋅ C570ð Þ ⋅ 100 (3)

Equation 3. Equation for cell viability, where EOXI550 and EOXI600
are the molar extinction coefficients of oxidized Alamar Blue
reagent at 570 (80586) and 600 nm (117216), respectively,
A570 and A600 are absorbances of test wells at 570 and
600 nm, respectively, ERED550 and ERED600 are the molar extinc-
tion coefficients of reduced Alamar Blue reagent at 570 (155677)
and 600 nm (14652), and C570 and C600 are absorbances of neg-
ative control wells at 570 and 600 nm, respectively.
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2.9 | Viability Test and Morphological
Characterization of Cells

A viability test was performed under two different cell seeding con-
ditions: on the surface and within the hydrogels. Hydrogels were
prepared as previously described. For the condition with cells
inside the hydrogels, cells were added to the formulation before
UV crosslinking, whereas for surface seeding, cells were added
after the UV crosslinking step. In both conditions, cell density
was kept at 1 × 106 cells per sample, and cultures were maintained
for 21 days. Alamar Blue assays were performed at designated time
points (days 1, 3, 7, 10, 14, 17, and 21), measuring metabolic activ-
ity through absorbance. Absorbance values were also normalized
to those at day 1 for each time point. Cells plated directly on the
well bottom were used as the control group. Live-Dead staining
was performed on days 7, 14, and 21 to qualitatively determine
cell viability after printing and to compare the two seeding con-
ditions. Additionally, viability was semi-quantitatively evaluated
using Equation (4).

Viability %½ �= Ngreen

Ngreen +N red
⋅ 100 (4)

Equation 4. Formula to calculate cell viability from a Live-Dead
assay, where Ngreen and Nred represent the number of cells
stained with green fluorescent calcein-AM to indicate intracellu-
lar esterase activity and red-fluorescent ethidium homodimer-1
to indicate loss of plasma membrane integrity [37].

Morphological characterization was assessed with Phalloidin-DAPI
assay, in which nuclei were stained in blue and actin filaments in
red. Briefly, samples cultured until day 21 were washed with DPBS,
fixed in 10% formalin for 30min, and then rewashed with DPBS.
Hydrogels were then embedded in O.C.T. compound and frozen at
–80°C. Samples were then sectioned with a cryostat (Leica CM
1520, Cornegliano Laudense, Lodi, Italy) to obtain 50 μm thick cor-
onal sections and mounted on microscope slides. Hydrogel slides
were subsequently incubated with 0.1% Triton X-100 in DPBS for
5min for permeabilization, 20 nM Phalloidin for 30min, and 1X
DAPI for 10min at room temperature, washed with DPBS, and
mounted with Fluoromount-G medium. Roundness comparison
was performed using Fiji ImageJ, where roundness is defined as
Equation (5) [42]. Roundness assumes a value of 1 in the presence
of an ideal circle, unless it is lower in other shapes.

R=
4A

π ⋅ d2max
(5)

Equation 5. Equation used to calculate roundness of cell nuclei,
whereA is the nucleus area and dmax is the maximum diameter of
the nucleus

2.10 | 3D Printing Test

3D printing of hydrogels was performed with Lumen X LDP 3D
printer (Cellink, Göteborg, Sweden) with a UV wavelength of
405 nm. Briefly, materials were prepared as previously described
but 0.025% w/V Tartrazine was added before printing as photoab-
sorber to improve printing quality [43]. Printing parameters used
were 15 s as the exposure time, 3X as the first layer time scale factor,
and 90% as the projector power level. Printing was performed at

room temperature, and two samples for each formulation were pre-
pared. After printing, the samples were washed in PBS pH 7.4 until
they became transparent and then observed using an inverted
microscope (Zeiss Axio Observer/Cell Observer) in brightfield
mode. Printing parameters were analyzed to assess the quality
of the 3D-printed structures, with measurements obtained using
Fiji ImageJ. The spreading ratio (SR), which reflects the shape fidel-
ity of the printed structure, was calculated using Equation (6),
whereas an ideal value is close to 1, indicating a good match
between the actual and theoretical filament diameters [44, 45].

Spreading ratio SRð Þ= wi

w0
(6)

Equation 6. Formula used to calculate the spreading ratio, where
wi represents the measured width of the printed strand and w0

represents the theoretical strand width. An SR value close to 1
indicates high shape fidelity of the printed structure.

Furthermore, printing accuracy (PA) and uniformity factor (UF)
were calculated using Equations (7) and (8), respectively, based
on measurements from the inner squares of the 3D-printed struc-
tures. A PA value close to 100% indicates strong agreement
between the printed construct and the original 3D model design
[46]. UF was used to evaluate how closely the printed pores
matched the intended square geometry [45]. As reported in pre-
vious works, a UF value closer to 1 means well-defined square
shapes, while UF< 1 correlates with rounded shapes and
UF> 1 with rough pore sides [47, 48].

PrintingAccuracy PAð Þ %½ �= 1−
jAi −A0j

A0

� �� �
⋅ 100 (7)

Equation 7. Formula to calculate PA, where Ai and A0 indicate
the printed strand pore area and the theoretical square area,
respectively.

Uniformity Factor UFð Þ= ðpore perimeterÞ2
16 ⋅ pore area

(8)

Equation 8. Formula to obtain uniformity factor (UF), where
pore perimeter and pore area are measured on the squared 3D
printed structures.

Ten measurements were taken for each parameter, and the mean
values were used to calculate the three printing parameters.
Printed samples were then put in PBS 7.4 with 0.02% w/V sodium
azide at 4°C for 5 days, and the width increase (Δwi) was then
calculated using Equation (9).

Δwi =
wi day0

wi day5
(9)

Equation 9. Formula to calculate width increase of printed sam-
ples after 5 days of incubation in PBS 7.4

2.11 | Predictive Model for Printability

A predictivemodel was developed with RStudio [49] to evaluate the
printability of hydrogels and to predict the printability of new for-
mulations obtained with the same crosslinking chemistry and base
materials but varying their relative concentrations. The model was

4 of 23 ChemNanoMat, 2026

 2199692x, 2026, 7, D
ow

nloaded from
 https://aces.onlinelibrary.w

iley.com
/doi/10.1002/cnm

a.202500774 by U
niversity Studi M

ilano B
icocca, W

iley O
nline L

ibrary on [02/07/2026]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



based on the calculation of a printability score, which is a custom-
defined parameter used as an outcome measure to represent both
the resolution of the 3D printing process and its fidelity to the origi-
nal model. It was calculated by combining three experimentally
derived parameters calculated before (PA, UF and SR), normalized
to a 0–1 range, and combined according to Equation (10), wherew1,
w2, and w3 represent weighting coefficients that determine the rel-
ative contribution of each term to the overall printability index.
Several models were developed by varying these weighting coeffi-
cients to identify the most appropriate configuration and assess the
influence of each parameter on printing resolution.

Printability score =
w1 ⋅ PA+w2 ⋅ UF + w3 ⋅ SR

w1 +w2 + w3
(10)

Equation 10. Formula to calculate the printability score, where w1,
w2, and w3 are the weighting coefficients that determine the rela-
tive contribution of each term to the overall printability index

In the baseline model, equal weights were assigned (w1 = w2 =
w3), resulting in a simple arithmetic mean of the normalized
parameters. Initially, the parameters most suitable for the model
were selected by comparing the material and mechanical prop-
erties of the hydrogels. Subsequently, to optimize the model, the
input variables were expressed as the moles of functional groups
involved in the crosslinking reaction rather than their masses.
This conversion accounted for the DoF, previously determined
by 1H-NMR analysis. Different linear regression models were
then developed to describe the relationship between the print-
ability index and the composition of the hydrogels. To increase
the number of input data points, hydrogel formulations that were
initially excluded based on swelling tests were also included in
the analysis. Model 1 was defined using the normalized printabil-
ity index (equal weights, w1 = w2 = w3) as the dependent variable
and the molar concentrations of thiolated groups from Gel-SH
and HA-SH together with PEG-NB as predictors. Model 2 intro-
duced a z-score weighted printability index, in which the relative
contribution of each experimental parameter was adjusted
according to predefined weights. The weights were empirically
assigned based on the estimated influence of each parameter
on final printing resolution. PA reflects how closely the 3D-
printed structure matches the original model and was therefore
considered the most representative parameter of printability;
accordingly, it was assigned a weight of 0.5. UF assesses the
geometry of the printed pores relative to the 3D model and
was given a slightly lower weight (0.4), as it was considered less
critical than PA. Finally, SR evaluates the reliability of filament
deposition and is less directly related to shape fidelity, making it
the least important among the three parameters (−0.1). SR was
assigned a negative weight because higher values correspond to
poorer printing performance, unlike PA and UF, where higher
values indicate better print quality. Model 3 applied custom
weighting factors derived from regression coefficients obtained
by fitting the printability index to the standardized (z-scored)
parameters, providing a data-driven weighting scheme. In
Model 4, the degree of crosslinking (DoC), defined as the molar
ratio between total thiol groups and PEG-NB, was included as the
main predictor, allowing the model to capture the effect of the
network crosslinking density on printability. In this model, equal
weights were used consistently with Model 1. Finally, Model 5
combined the data-driven weighted printability index from

Model 3 with the DoC as predictor, resulting in a simplified
model linking printability directly to the extent of crosslinking
in the hydrogel formulation. All models were implemented in
R using the lm() function, and predicted printability values were
clipped between 0 and 1 to ensure a normalized output range.
Developed models are described in Table 1.

To evaluate the predictive capability of the models, three new
hydrogel formulations were considered, with varying amounts of
Gel-SH, HA-SH, and PEG-NB. For each formulation, the moles
of thiolated Gel/HA and PEG-NB were calculated, and the DoC
was derived as the molar ratio between thiol groups and PEG-
NB. Predicted printability indexes for each formulation were
obtained using Models 1–5, applying the same formulas and
weights as described previously. Experimentally, the new hydrogels
were 3D printed, and the corresponding printing parameters were
measured. Observed printability indexes were then calculated
using the same formulas and weighting schemes as for the models,
ensuring direct comparability between predicted and observed val-
ues. The performance of each model was evaluated by comparing
predicted and observed printability indexes. Additionally, the pre-
dictive performance of the models was evaluated by calculating the
Mean Absolute Error (MAE, Equation (11)) and the Root Mean
Square Error (RMSE, Equation (12)) on three independent formu-
lations used as validation set [50, 51]. These metrics, which quan-
tify the average deviation between predicted and experimental
values, were computed using the scikit-learn library in Python.

MAE=
1
n

Xn
i= 1

jyi −byij (11)

Equation 11. Formula to calculate MAE, where yi is the experi-
mental value, byi is the predicted value, and n is the number of
samples.

RMSE=

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
n

Xn
i= 1

yi −byið Þ2
s

(12)

Equation 12. Formula to calculate RMSE, where yi is the experi-
mental value, byi is the predicted values, and n is the number of
samples.

The ML-assisted workflow to predict hydrogels printability is
shown in Figure 1. The model development strategy focused
on reducing the number of input variables by selecting high-
impact mechanistic descriptors, such as the molar quantity of
reactive groups and the degree of crosslinking (DoC), instead
of relying on raw material masses. By using these chemically
meaningful features, the model was better regularized against
common challenges in small datasets, including overfitting
and high variance, resulting in improved predictive stability.
Data quality and chemical relevance were prioritized over data
quantity, following modern ML approaches that use physical
constraints to improve reliability.

2.12 | Statistical Analysis

Data were collected from samples produced in triplicate for each
experiment. Quantitative results are reported as mean ± standard
deviation (SD) (MS Excel). The number of significant figures for
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quantitative characterizations was determined based on the preci-
sion of the measuring instruments. Specifically, biological assay
results were rounded to two decimal places, while ML perfor-
mance metrics (MAE and RMSE) and regression coefficients were
maintained at four decimal places to ensure model sensitivity and
comparability. Statistical analysis was performed using one-way
ANOVA in OriginPro 2022b, followed by Tukey’s post hoc test
for multiple comparisons. A p-value<0.05 was considered statis-
tically significant. Tukey’s method identifies specific group pairs
with significant differences by comparing all possible mean com-
binations using the studentized range distribution [52, 53].

3 | Results

3.1 | Functionalization of Gelatin with Thiol
Groups (Gel-SH)

Gel-SH was obtained by promoting the nucleophilic attack
of lysine-exposed amino groups on the carboxylic group of

γ-thiobutyrolactone (Figure 2) [54]. The reaction, performed at
37°C, was adapted from a previous work [55]. Briefly, Gel (1 g,
10% w/V) was dissolved in 0.1M buffer bicarbonate pH 10 in
a round flask. Once fully dissolved, 0.45 mL γ-thiobutyrolactone
was added at three different time points, waiting 30 min before
each addition. It was added in excess to increase the functional-
ization. The solution was left under stirring overnight.
Subsequently, 264 mg DTT was added to the solution which
was left under stirring for another 24 h. The product (Gel-SH)
was dialyzed 24 h with 0.1 M NaCl and 48 h against deionized
water, changing the dialysis solution four times per day, filtered
(0.22 μm filter), freeze-dried using Vacuum Freeze Dryer
(Boyikang Laboratory Instruments Inc, Beijing, China) for
48 h at T=−50°C and pressure below 15 Pa and stored at
–20°C until further use.

The functionalization effectiveness was qualitatively evaluated
with 1H-NMR analysis, comparing Gel-SH and Gel spectra
(Figure 4A). The peak corresponding to -CH2NH2 lysine at
2.9 ppm (pink dot) significantly diminishes, indicating their
involvement in the reaction as conversion into a -CH2NH- group.

FIGURE 1 | ML-assisted workflow to predict hydrogels printability.

TABLE 1 | Summary of ML models developed to predict printability index of hydrogels.

Model
Dependent
variable Predictors Weighting scheme Rationale

1 Normalized
printability

index

Molar
concentrations of
thiolated groups
and PEG-NB

Equal weighting of printability
components

Baseline model using unweighted, normalized
printability index to evaluate direct

relationship between formulation chemistry
and printability

2 z-score
printability

index

Molar
concentrations of
thiolated groups

Empirical fixed weights:
PA= 0.5, UF= 0.4, SR=−0.1

Combined empirically weighting reflecting
relative importance of printability metrics

3 z-score
printability

index

Molar
concentrations of
thiolated groups

Data-driven weights derived
from regression coefficients of

standardized parameters

Fully data-driven model where weights reflect
statistical contribution of each parameter to

printability

4 Printability
index

DoC Equal weighting of printability
components

Evaluates predictive power of network
crosslinking density as a single mechanistic

descriptor of printability

5 Printability
index

DoC Data-driven weights derived
from regression coefficients of

standardized parameters

Simplified mechanistic-data hybrid model
linking printability directly to hydrogel

crosslinking extent
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Furthermore, new peaks at 2.55 and 1.53 ppm appear in Gel-SH
spectrum, which are characteristic of protons adjacent to a thiol
group, confirming the effectiveness of the reaction. The DoF was
calculated through Ellman’s assay: DTNB, upon reaction with
free thiols of proteins, generates a colored product (2-nitro-5-
thiobenzoate, TNB) that absorbs at 412 nm [56]. The DoF was
estimated by comparing the absorbance of Gel-SH to a calibra-
tion curve (Supporting Information S.1.), and the value obtained
was 7.03%, indicating a full functionalization of lysine groups.

3.2 | Functionalization of Hyaluronic Acid with
Thiol Groups (HA-SH)

HA-SH was obtained by condensation of the carboxylic acid of
HA with cysteamine exploiting EDC and NHS as condensing
agents (Figure 3). Briefly, hyaluronic acid (HA, 500mg, 0.5% w/V)
was dissolved at 50°C in dH2O, adjusting pH to 5.5 using 0.1 M
NaOH solution. After dissolution, 2.33 g EDC and 0.46 g NHS
were added to the reaction mixture, meanwhile cysteamine
(500mg, 5% w/V) was dissolved in dH2O. After 30min, cyste-
amine solution was added dropwise to the reaction mixture, which
was left under stirring at room T overnight. Subsequently, 1 g DTT
was added and left for 1 h under temperature-controlled sonica-
tion. The product (HA-SH) was dialyzed 24 h with 0.1M NaCl
and 48 h against deionized water, changing the dialysis solution
four times per day, filtered (5 μm filter), freeze-dried using
Vacuum Freeze Dryer (Boyikang Laboratory Instruments Inc,
Beijing, China) for 48 h at T=−50°C and pressure below 15 Pa
and stored at –20°C until further use.

In Figure 4B, its spectrum is shown compared to HA spectrum.
The characteristic peaks of cysteamine at 2.44, 2.69 and 2.91 ppm
are also present in HA-SH spectrum, confirming the functional-
ization. The total amount of cysteamine linked to HA was deter-
mined by comparing the area of the peak at 2.91 ppm, which
corresponds to protons adjacent to the amino group, to the

TMSP reference peak at 0 ppm, resulting in 20.70% substitution.
The peak at 2.44 ppm indicates the presence of protons adjacent
to an oxidized thiol group. The actual quantity of free-thiol
groups was therefore calculated using the peak at 2.69 ppm,
which corresponds to protons next to a free thiol group, yielding
a value of 5.33%. This result was confirmed by Ellman’s assay,
which gave a similar value of 5.48%. To increase the quantity
of free-thiol groups, HA-SH can be treated with DTT under soni-
cation. After adding 0.15% w/w of DTT, the Ellman’s assay gave a
result of 15.30%.

3.3 | Thiol–Ene Photoclick Hydrogel Formation

Hydrogels were prepared using radical thiol–norbornene step-
growth photopolymerization [27]. This process is initiated by
UV light, which generates thiyl radicals that react with alkenes
by directly breaking bonds in thiols, and photoinitiators are used
to enhance the efficiency of the reaction [58]. The scheme of the
reaction is shown in Figure 5. Briefly, Gel-SH, HA-SH, and PEG-
NB solutions were mixed, and the crosslinking mechanism was
initiated by a light-sensitive initiator, specifically LAP. DTT was
added prior to LAP to prevent the oxidation of thiol groups to
maximize crosslinking.

In all formulations, gelation occurred immediately upon UV light
exposure of the precursor solution; however, to ensure better
crosslinking stability, the hydrogels were exposed to UV light
for 180 s. Figure 6 shows the appearance aspect of the hydrogels
immediately after formation, with no significant differences
observed in the external appearance between six formulations.

Six different formulations were designed by varying the concen-
trations of Gel-SH, HA-SH, and PEG-NB (Table 2). The concen-
tration 70mg/mL of PEG-NB was determined to ensure equal
amounts of photo-crosslinkable moieties, considering DoF of
materials. Subsequently, the amount of PEG-NB was decreased

FIGURE 2 | Functionalization of gelatin with thiol groups, the equivalents are calculated based on the assumption that in mean gelatin has 5%

lysines.

FIGURE 3 | Functionalization of HA with thiol groups.

ChemNanoMat, 2026 7 of 23
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to adjust the norbornene–thiol ratio, allowing for excess func-
tional moieties to facilitate the selective attachment of target mol-
ecules. In all cases, the procedure was as follows: First, PEG-NB,
Gel-SH, and HA-SH each were dissolved in DPBS 7.4 at 37°C.
Then, the three solutions were mixed to form the hydrogel’s pre-
cursor solution. After the addition of 0.1% w/V DTT, a reducing
agent that breaks disulfide bonds, and 10mM LAP as photoini-
tiator, photochemical crosslinking reaction was induced by expo-
sure to 405 nm wavelength UV light.

The effectiveness of hydrogels formation was qualitatively and
quantitatively verified through 1H-NMR analysis, comparing
their spectra with their respective Gel-SH, HA-SH, and PEG-
NB not crosslinked blend. In this case, hydrogels were formed
and crosslinked directly in NMR glass tubes. The percentage
reduction of the characteristic PEG-NB double peaks at 5.99
and 6.25 ppm was calculated using Equation (13).

peaks reduction %½ �=
R
PEG−NB peaks no linkR
PEG−NB peaks link

⋅ 100 (13)

Equation 13. Formula to calculate the percentage reduction of
PEG-NB characteristic peaks after crosslinking, where “no link”
indicates before crosslinking and “link” after crosslinking.

3.4 | Swelling Test

A swelling test was carried out as a preliminary characterization
on the six formulations. The test was performed at three differ-
ent pH values (5.5, 7.4, and 8.5) as human tissues are charac-
terized by various pH, and the results obtained are displayed
in Figure 7. A decrease in swelling indicates that the hydro-
gel microstructure is beginning to break down due to the
high amount of absorbed liquid, leading to degradation.

FIGURE 5 | Scheme of the thiol–ene photoclick hydrogel formation.

FIGURE 4 | 1H-NMR spectra of Gel, Gel-SH, HA, HA-SH, and cysteamine. In Gel-SH, functionalization was confirmed by a decrease in the char-

acteristic peaks of ε-methylene protons (epsilon protons) of the lysine side chain at 2.9 ppm (pink dot) and by the appearance of characteristic peaks of

protons adjacent to a thiol group at 2.55 and 1.53 ppm. In HA and HA-SH, the characteristic peaks of the protons in the sugar rings are found between 3

and 3.8 ppm [57]; otherwise in HA-SH, characteristic peaks of cysteamine are observed at 2.44, 2.69 ppm (orange dot), and 2.91 ppm (light-blue dot),

confirming the effectiveness of the reaction.
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Formulations GelHA_0.24_70PEG and GelHA_0.38_70PEG,
characterized by higher PEG-NB concentrations, exhibited
greater resistance to pH-induced changes over time. In both
cases, the swelling rate increased with rising pH. Notably,
GelHA_0.38_70PEG absorbed more PBS, likely due to its higher
HA-NB content, which has known water-retention properties.
In contrast, the hydrogels GelHA_0.24_50PEG and GelHA_

0.38_50PEG performed poorly at pH 8.5: although initial
swelling was observed, they fully degraded before day 5.
Additionally, the formulation with higher HA-SH content
degraded by day 7 even at neutral pH. Interestingly, the two
50PEG formulations showed distinct swelling behaviors:
GelHA_0.24_50PEG swelled similarly at pH 5.5 and 7.4, while
GelHA_0.38_50PEG showed significantly greater swelling at

TABLE 2 | Thiol–ene photoclick hydrogel formulations obtained varying Gel-SH, HA-SH, and PEG-NB concentrations. EQ are equivalents.

Name
EQ -SH groups

Gel-SH
EQ -SH groups

HA-SH
c Gel-SH (mg/mL

hydrogel)
c HA-SH (mg/mL

hydrogel)
c PEG-NB (mg/mL

hydrogel)

GelHA_0.24_70PEG 1 0.24 18 2 70

GelHA_0.24_50PEG 1 0.24 18 2 50

GelHA_0.24_30PEG 1 0.24 18 2 30

GelHA_0.38_70PEG 1 0.38 17 3 70

GelHA_0.38_50PEG 1 0.38 17 3 50

GelHA_0.38_30PEG 1 0.38 17 3 30

FIGURE 6 | Hydrogels appearance after UV light-induced gelation.

FIGURE 7 | Swelling test results at pH 5.5 (blue lines), 7.4 (red lines), and 8.5 (green lines).

ChemNanoMat, 2026 9 of 23
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pH 5.5. Unfortunately, formulations GelHA_0.24_30PEG and
GelHA_0.38_30PEG exhibited a poor performance, totally
degrading at every pH by day 7. Formulations GelHA_
0.24_30PEG and GelHA_0.38_30PEG showed poor perfor-
mance, fully degrading at all tested pH levels by day 7. Due
to their instability under neutral conditions, GelHA_0.38_
50PEG, GelHA_0.24_30PEG, and GelHA_0.38_30PEG were
excluded from further analysis. In contrast, GelHA_0.24_
70PEG and GelHA_0.38_70PEG demonstrated greater stability
and consistent behavior across different pH levels and were
selected for further characterization. GelHA_0.24_50PEG was
also included due to its favorable swelling properties at pH 7.4.

3.5 | Real-Time 1H-NMR

Hydrogel formation was qualitatively verified with 1HNMR anal-
ysis, comparing their spectra with their respective Gel-SH,
HA-SH, and PEG-NB not crosslinked blend (Figure 8). In
GelHA_0.24_50PEG and GelHA_0.38_70PEG formulations, the
characteristic peaks of the norbornene double bond at 5.99
and 6.25 ppm were largely absent following gelation, indicating
a high DoC. In contrast, for GelHA_0.24_70PEG, these peaks
were reduced but still detectable, suggesting that a portion of
the norbornene groups remained unreacted. Quantitative analy-
sis confirmed these observations, with peak reductions of 68.3%,
86.9%, and 89.9% for GelHA_0.24_70PEG, GelHA_0.24_50PEG,
and GelHA_0.38_70PEG, respectively.

3.6 | Amplitude Sweep and Compression Tests

Rheological characterization of the hydrogels was performed
using amplitude sweep measurements to identify the linear

viscoelastic region (LVR), defined as the range where the com-
plex stress increases linearly with oscillatory strain, and both G 0

and G 00 remain constant. Figure 9 presents the results for the
three formulations tested. All hydrogels exhibited a similar
LVR, extending up to approximately 1% strain, beyond which
G 00 began to show strain-dependent behavior, while G 0 remained
stable up to 8%–10% strain. Notable differences were observed in
the absolute values of G 0 and G 00: GelHA_0.24_50PEG showed
the lowest G 0 (960 Pa) and G 00 (7 Pa), while GelHA_0.24_
70PEG displayed the highest values (G 0 = 2565 Pa; G 00 = 27 Pa).
Yield strain ranged between 8.0% and 10.5%, whereas the flow
point varied more substantially. GelHA_0.24_50PEG demon-
strated the highest flow strain, breaking at 267.5% deformation.
These results suggest that PEG-NB concentration plays a key role
in determining hydrogel viscoelasticity: higher PEG-NB content
enhances both G 0 and G 00, while reducing the deformability of
materials.

Compression test was performed on cylindrical hydrogel speci-
mens to assess their mechanical properties (Figure 10). The ini-
tial elastic region of the stress–strain curve was analyzed to
determine key parameters, including E, σy, and εy. GelHA_
0.38_70PEG exhibited the highest stiffness (170.9 kPa), while
GelHA_0.24_70PEG and GelHA_0.24_50PEG showed compara-
ble, lower values (15.3 and 15.9 kPa, respectively). In terms of εy,
GelHA_0.24_50PEG reached plastic deformation at 11.1%,
whereas the other two hydrogels remained in the elastic region
at 15.0% strain, with yield points of 16.1% (GelHA_0.24_70PEG)
and 17.2% (GelHA_0.38_70PEG), suggesting greater elasticity. At
25% strain, GelHA_0.38_70PEG also demonstrated the highest
stress (58.3 kPa), followed by GelHA_0.24_50PEG (17.2 kPa)
and GelHA_0.24_70PEG (11.2 kPa). These results indicate that
HA content, rather than PEG concentration, plays a more signif-
icant role in determining the mechanical strength of the

FIGURE 8 | 1H NMR spectra of the four hydrogels before and after gelation, where “no link” indicates formulations before crosslinking and “link”

after crosslinking. As a proof of the involvement of the norbornene units during the gelation process, the peaks of vinylic protons either disappeared or

diminished.
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hydrogels. All samples exhibited pronounced hysteresis between
loading and unloading curves, indicating plastic deformation
without structural failure. This effect was most evident in
GelHA_0.24_70PEG, which showed 69.1% permanent deforma-
tion, compared to 32.5% and 38.4% in GelHA_0.24_50PEG and
GelHA_0.38_70PEG, respectively.

3.7 | SEM Analysis

The results of the SEM analysis are presented in Figure 11.
Images were acquired in high-resolution mode at a magnification
of 500X. Prior to imaging, all samples were frozen at –20°C over-
night and then stored at –80°C until lyophilization. All hydrogels

FIGURE 10 | Stress–strain curves obtained from compression tests with 25% deformation, a 10-s hold, and unload test.

5

50
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0.1 1 10 100 1000

G
', 

G
'' 

[P
a]

γ [%]

[%][%]G’’ [Pa]G’ [Pa]Formulation

90.28.5272565GelHA_0.24_70PEG

127.58.4172270GelHA_0.38_70PEG

267.510.57960GelHA_0.24_50PEG

FIGURE 9 | Amplitude sweep test showing G’ (continuous line) and G’’ (dashed line) as functions of γ. Yield strain (γy) and flow strain (γF) points
were also identified for each formulation.

FIGURE 11 | SEM images of hydrogel cross-sections, magnification: 500X, scale bar: 20 μm.
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exhibited relatively homogeneous surfaces, a feature likely attrib-
uted to the crosslinking strategy. The small size of the functional
groups used for Gel and HA modification (γ-thiobutyrolactone
and cysteamine, respectively) promotes the formation of a com-
pact polymer network via the thiol–ene reaction. Formulations
GelHA_0.24_70PEG and GelHA_0.38_70PEG displayed pores
with diameters around 5 μm, whereas GelHA_0.24_50PEG
showed considerably larger pores ranging from 20 to 100 μm.
This difference in pore size is likely due to the lower PEG-NB
content, which provides fewer norbornene groups for crosslink-
ing and results in a more open, less dense network structure.

3.8 | Indirect Cytotoxicity and Direct
Cytocompatibility Tests

An indirect cytotoxicity test was conducted on the GelHA_
0.24_70PEG formulation, selected as the worst-case scenario
due to its higher PEG-NB content, a component that could poten-
tially cause adverse cellular responses. Furthermore, 1H-NMR
analysis revealed the presence of unreacted PEG-NB in this
formulation, reinforcing its designation as the most critical con-
dition. Consequently, if this formulation is confirmed to be
non-cytotoxic, it can be reasonably inferred that the other formu-
lations, with either lower PEG-NB concentrations or more com-
plete crosslinking, are also non-cytotoxic. The results of the
cytotoxicity test on the GelHA_0.24_70PEG formulation are
shown in Figure 12A, with cells cultured directly on well plates
used as the control group (CTRL). Tukey’s test enabled the

identification of samples with comparable biological behavior,
as indicated by shared letters in the table presented in
Supporting Information S.2. No statistically significant differen-
ces were found between GelHA_0.24_70PEG and the control
group at any time point, confirming that PEG-NB crosslinking
did not induce cytotoxicity. Additionally, based on ISO 10993-
5, which defines a 70% viability threshold, the formulation is clas-
sified as non-cytotoxic [37].

A direct cytocompatibility test was performed on all formulations
to evaluate their ability to support cell adhesion and prolifera-
tion. Due to the low porosity observed by SEM and the notable
mechanical characteristics of the hydrogels, two seeding condi-
tions were tested: hBM-MSCs seeded on the hydrogel surface
after crosslinking, and cells mixed into the formulations before
crosslinking. Cell metabolic activity was assessed at multiple
time points using the Alamar Blue assay and absorbance values
were recorded and normalized to day 1 to monitor cell growth
over time. The results are shown in Figure 12B,C.

During the initial days of culture, all formulations exhibited com-
parable levels of metabolic activity. However, from day 10
onward, cells seeded on the hydrogel surface demonstrated
higher metabolic activity compared to those embedded within
the matrix, with the difference becoming more pronounced by
day 21. While CTRL consistently showed the highest metabolic
activity across all time points, the gap between the control and
the surface-seeded samples was notably reduced by day 21. To
further evaluate statistical differences among the groups, a

FIGURE 12 | Viability of hBM-MSCs assessed at days 1, 3, and 7 during the cytotoxicity test (A). Metabolic activity measured by absorbance (B),

and absorbance values normalized to day 1 obtained during the cytocompatibility test up to day 21 (C). Cells seeded on well plates were used as controls

(CTRL).
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one-way ANOVA followed by Tukey’s post hoc multiple compar-
isons was performed, and the resulting table is reported in
Supporting Information S.3. Although many groups are present,
CTRL samples are mostly grouped together, but also include
hydrogels with cells seeded on the surface at days 17 and 21.
Another big group can be individuated between hydrogels with
cells on the surface at intermediate time points and hydrogels
with cells inside at time points 14, 17, and 21, and finally hydro-
gels with cells inside at time points 1, 3, and 7, with lowest
absorbance values. Regarding the overall comparison among
hydrogels, excluding controls, no major differences are present
with hydrogels with cells inside, although regarding cells on
the surface GelHA_0.24_70PEG has the highest metabolic activ-
ity and GelHA_0.24_70PEG the lowest.

3.9 | Morphological Characterization of Cells

Live-Dead analysis was carried out to investigate differences
in cell morphology among hydrogel formulations and seeding
conditions. Brightfield images were acquired prior to fluores-
cence microscopy, and representative results are provided in
Supporting Information S.3. Images were taken at two distinct
regions of each hydrogel to evaluate cell distribution and poten-
tial migration from the surface. In hydrogels containing cells
within the matrix, cells remained rounded throughout the
21-day culture, with only a slight increase in density in
GelHA_0.24_70PEG_IN and GelHA_0.24_50PEG_IN. This lim-
ited spreading is likely related to the high stiffness and low poros-
ity of the matrices, combined with the higher Gel content that
promotes adhesion via RGD sequences. In contrast, cells seeded
on the hydrogel surface initially formed aggregates visible from
day 1 to day 7, progressively elongating and adhering to the sur-
face. Starting from day 7, cell migration into the hydrogel bulk
was observed, with the number of migrating cells increasing
progressively over time. Among the different formulations,
GelHA_0.38_70PEG_ON showed limited migration from the sur-
face, probably for the higher structural rigidity, whereas cells on
GelHA_0.24_50PEG_ON exhibited more pronounced elongation
compared to other groups.

To better investigate cell morphology, Live-Dead assays were per-
formed at day 7 and day 14, with the results shown in Supporting
Information S.4., and at day 21, with the results presented in
Figure 13A. These observations confirmed what had been previ-
ously noted: cells embedded within the hydrogels remained
rounded and evenly distributed throughout the bulk, whereas
cells seeded on the surface initially formed aggregates and sub-
sequently began migrating inward over time. Viability was
also quantified, and the corresponding bar plot is shown in
Figure 13B. In all formulations, viability remained above 95%,
confirming the cytocompatibility of the hydrogels. ANOVA anal-
ysis revealed no statistically significant differences between
groups (Supporting Information S.3.). In addition, Figure 13A
reports fluorescent images of cells stained with Phalloidin and
DAPI, highlighting actin filaments and nuclei, respectively.
Qualitatively, encapsulated cells appeared at lower density and
retained a rounded morphology, while surface-seeded cells were
more elongated, particularly in formulations containing higher
Gel content. To complement this observation, nuclei roundness
was quantified using Fiji ImageJ, with the results presented as a

violin plot in Figure 13C. As expected, GelHA_0.24_70PEG_ON
and GelHA_0.24_50PEG_ON displayed lower roundness values
(0.51 and 0.43, respectively), reflecting greater elongation
and improved adhesion associated with higher Gel levels.
Conversely, embedded cells in GelHA_0.24_70PEG_IN and
GelHA_0.24_50PEG_IN showed higher roundness values (0.66
and 0.65), confirming that the mechanical stiffness of the net-
work limited their ability to elongate. This finding was reinforced
by GelHA_0.38_70PEG_ON and GelHA_0.38_70PEG_IN, which
presented even higher roundness values (0.71 and 0.75, respec-
tively), further supporting the conclusion that hydrogel stiffness
is the major factor influencing cell elongation, with surface seed-
ing partially mitigating this effect. Additionally, formulations
with lower PEG content exhibited not only reduced mean round-
ness values but also greater variability, suggesting a broader het-
erogeneity in cell responses within these networks.

3.10 | 3D Printing Test

3D printing of hydrogels was performed to assess the suitability
of the different formulations for additive manufacturing. Since
crosslinking was induced by UV light, a Lumen X LDP 3D printer
was selected for its ability to fabricate high-resolution structures.
An STL file was designed with a mesh diameter of 0.4 mm, as
shown in Figure 14.

The resulting prints are shown in Figure 15A. All formulations
qualitatively demonstrated good printability, as the printed
meshes closely resembled the STL design. To evaluate the good-
ness of printed constructs in biological-like conditions, samples
were put for five days in PBS 7.4 with 0.02% w/V sodium-azide
(Figure 15B). After incubation time, all samples swelled but
maintaining their printed 3D structure, confirming their suitabil-
ity to be used for tissue engineering purposes. To quantitatively
evaluate print fidelity, parameters were measured under a micro-
scope, accounting for the varying rheological and mechanical
properties of the formulations. For SR, GelHA_0.38_70PEG
and GelHA_0.24_50PEG both yielded values of 1.06, while
GelHA_0.24_70PEG showed a slightly higher value, indicating
a less accurate match between the theoretical and actual filament
diameters. Nonetheless, as all SR values were close to 1, the over-
all shape fidelity can be considered high (Figure 15C). PA was
assessed to evaluate the correlation between the printed con-
structs and the original 3D model. Formulations with higher
Gel content exhibited higher PA values, with GelHA_0.24_
50PEG reaching 96.4%. In contrast, GelHA_0.38_70PEG showed
the lowest PA, with a value of 76.1% (Figure 15D). It should be
noted, however, that the STL mesh diameter was very small, and
therefore all obtained values can still be considered acceptable.
Regarding UF, all values were below 1, reflecting slightly more
rounded geometries in the printed models compared to the STL
design (Figure 15E). The variation of width lengths after 5 days of
incubation in PBS was also evaluated, with the resulting graph
shown in Figure 15F. Values obtained for GelHA_0.24_70PEG
and GelHA_0.38_70PEG are comparable, indicating that their
swelling behavior is similar, confirming the swelling test per-
formed in the previous chapter. Furthermore, GelHA_0.24_
50PEG exhibited a slightly lower value, indicating that a lower
PEG-NB quantity determines a lower water retention. All the cal-
culated parameters are summarized in Figure 15G.
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3.11 | Preliminary Predictive Model for
Printability

A preliminary predictive model for the printability of hydrogels
was developed based on printing parameters previously calcu-
lated. Cell viability was not included as a variable in the model

because Gel and HA contents, as well as cell adhesion, were com-
parable in all formulations and the only observed differences
concerned whether cells were seeded on the surface or within
the hydrogels. In this model, printing parameters such as expo-
sure time, first layer time scale factor, and projector power level
were kept constant, as was the total material content of the

FIGURE 14 | Top (A) and isometric (B) views of STL model used for hydrogel 3D printing; 2D drafting of the designed 3D model, including the

corresponding dimensions indicated in mm (C).

FIGURE 13 | Live-Dead (scale bar: 100 μm) and Phalloidin DAPI (scale bar: 20 μm) images taken on formulations after 21 days of culture (A),

viability calculated with Live-Dead assay with standard deviation (SD) error bars (B) and cell roundness violin plot (C).
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hydrogels (2%), while other parameters were varied as input var-
iables. To determine the most relevant predictors for the model,
the influence of both material and mechanical properties on
hydrogel printability was initially evaluated. Two linear regres-
sion models were built: the first, based on material properties,
used the concentrations of Gel-SH, HA-SH, and PEG-NB as input
variables; the second, based on mechanical properties, included
E, G’, and G’’. The results of these models are presented in
Supporting Information S.4. At the end of this analysis, a com-
parison of the models indicated that material composition
parameters exhibited a stronger correlation with the printability
index than mechanical properties and were therefore selected as
the primary inputs for subsequent modeling. To better explain
the chemistry between hydrogels, masses were substituted with
moles. In fact, only thiol groups of Gel-SH and HA-SH are
involved in the crosslinking and not the total mass of samples.
Equally, in PEG-NB, only terminal norbornene groups are
involved; thus, the moles of reactive groups were determined

using DoF calculated with 1H-NMR. Once the model was estab-
lished, it was compared to the previous mass-based model, show-
ing no evident differences, as moles are proportional to mass; the
mole-based approach is, however, chemically more accurate.
The comparison scatter plot is presented in Supporting Infor-
mation S.4. Following the establishment of the mole-based
model, additional hydrogel formulations, including those previ-
ously excluded based on swelling tests, were included to increase
the number of input data points. In fact, from a tissue engineer-
ing perspective, which aims to develop new in vitro functional
tissues, only hydrogels that remain stable after swelling tests
were considered, since a minimum requirement for supporting
tissue growth is a suitable degradation rate, but a formulation
can be printable even if it does not exhibit sufficient stability dur-
ing swelling tests. For this reason, these additional formulations
were also used into the dataset used for model development.
Figure 16 shows the results of 3D printing for these formulations.
For GelHA_0.24_30PEG, printing achieved good resolution and

FIGURE 15 | Hydrogels immediately after 3D printing (A) and after 5 days in PBS 7.4 (B); some printing parameters were calculated after microscope

observation, such as swelling ratio (C), printing accuracy (D), uniformity factor (E) and variation of width length after 5 days in PBS 7.4 (F); data are

expressed as mean ± SD in graphs, although in the table only the mean values are summarized (G).

ChemNanoMat, 2026 15 of 23
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maintained the intended shape, allowing the calculation of print-
ing parameters. In the case of GelHA_0.38_50PEG, the hydrogel
was printed, but the structure did not retain its shape during
washing, while for GelHA_0.38_30PEG, printing did not occur.
Since the models assume constant printing parameters, values of
0 were assigned for all three printing parameters in these two
formulations.

Five different linear regression models were then developed to
evaluate the printability index under varying assumptions:
Model 1 used equal weights with molar concentrations of the
materials as predictors, Model 2 applied empirically chosen
weights based on the relative influence of each parameter on
printing resolution, and Model 3 used regression-derived coeffi-
cients from standardized parameters. Models 4 and 5 were
derived from Models 1 and 3, respectively, by including the
DoC, calculated as the molar ratio between thiol groups and ter-
minal groups of PEG-NB, as the input variable. The final dataset
given in input is shown in Table 3.

To evaluate the performance of the predictive models, the
predicted printability indexes were compared with the experi-
mentally observed values obtained from 3D printing for both
the original and newly added hydrogel formulations. In
Supporting Information S.4., the comparison between observed
and predicted values for each model is presented, enabling the
assessment of model accuracy and consistency across different
weighting schemes and the inclusion of the DoC. To further val-
idate the models, their predictive capability was tested by provid-
ing as input three additional hydrogel formulations, for which
theoretical printability indexes were calculated and subsequently
compared with the experimentally determined ones (Table 4).

In Figure 17, the 3D-printed structures of the three new hydrogel
formulations are shown, together with their corresponding cal-
culated printing parameters. All formulations were successfully
printed, exhibiting good resolution and structural fidelity, with
the second formulation showing particularly well-defined fea-
tures. Following printing, printability indexes were calculated
from the experimental printing parameters and compared
with the theoretical values predicted by the five models, and
the results of this comparison are reported in Supporting
Information S.4.

Model 1, based on equal weights, showed acceptable agreement
for the second formulation but tended to underestimate print-
ability for the first and third formulations. Model 2, which
applied empirically determined weights, exhibited the lowest pre-
dictive accuracy, with binary-like behavior (predicted values
equal to 0 or 1), indicating an overfitting effect due to the limited
dataset and the arbitrary weighting scheme. Model 3, which used
regression-derived custom weights, provided a significantly
improved correlation between predicted and observed data, dem-
onstrating that data-driven weighting enhances the reliability of
the printability prediction. The inclusion of the DoC in Models 4
and 5 further improved the correspondence with experimental
values. Among all, Model 5 (custom weights + DoC) exhibited
the best overall performance, with predicted printability indexes
closely matching the observed ones for all three formulations.

To further visualize the predictive behavior of the models, scatter
plots were generated for all models, while heatmaps and contour
plots were additionally produced for Model 5, which demon-
strated the best predictive performance. The scatter plots com-
pare predicted versus experimentally obtained printability
indexes, with the y= x line representing perfect agreement;
the closer the data points lie to this line, the more accurate
the model (Figure 18). Heatmaps were used to illustrate predicted
printability as a function of Gel-SH and PEG-NB concentrations

FIGURE 16 | 3D printing of hydrogel formulations that were previously excluded based on swelling tests, which were included to increase the

number of input data points for the model, along with their respective printing parameters.

TABLE 3 | Final dataset of hydrogels given in input to models.

m Gel
(mg)

m HA
(mg)

m PEG
(mg)

mol
thiols

mol
PEG-NB DoC

18 2 70 0.0176 0.028 0.629

18 2 50 0.0176 0.020 0.880

18 2 30 0.0176 0.012 1.470

17 3 70 0.0163 0.028 0.582

17 3 50 0.0163 0.020 0.815

17 3 30 0.0163 0.012 1.358

TABLE 4 | New formulations given to the model to validate its

capability to predict their printability.

m Gel
(mg)

m HA
(mg)

m PEG
(mg)

mol
thiols

mol
PEG-NB DoC

17 3 60 0.0176 0.024 0.733

18.5 1.5 70 0.0157 0.028 0.561

16 4 55 0.0189 0.022 0.859
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for each fixed HA-SH value, where red regions indicate higher
printability and white regions lower printability (Figure 19, first
column). Complementary contour plots provide a gradient-based
representation of the same data, facilitating the identification of
optimal hydrogel compositions. These visualizations allow for an
intuitive assessment of the effects of material composition and,
when included, the DoC on hydrogel printability, highlighting
regions where printing performance is predicted to be highest
(Figure 19, second column).

To quantitatively evaluate differences between models and to find
which is the best to predict printability, MAE and RMSE param-
eters were calculated for these formulations used as validation test,
and the results are shown in Table 5. MAE and RMSE values equal
to zero indicate perfect agreement between predicted and experi-
mental values; therefore, lower values correspond to better predic-
tive performance. As observed, Model 2 shows the poorest
performance, with relatively high MAE and RMSE values.
Model 1 exhibits slightly lower errors, but its predictive capability
remains limited. In contrast, Model 3 yields error values below 0.2,
indicating an acceptable level of prediction accuracy, and compa-
rable results are observed for Model 4. The lowest errors are
obtained for Model 5, consistent with previous observations, sug-
gesting that the combination of data-driven weighting and DoC
leads to improved predictive performance.

These results confirm that adding both chemically meaningful
parameters (moles of reactive groups and DoC) and statistically
optimized weighting factors leads to a more robust and accurate
prediction of hydrogel printability. However, the predictive per-
formance remains limited by the small size of the input dataset,
which should be expanded to improve model generalization and
reliability.

4 | Discussion

In this study, Gel and HA were both functionalized to introduce
thiol groups, which are essential for crosslinking via UV-
promoted thiol–ene radical addition [43, 48, 49]. By combining

these biomaterials, six formulations were prepared via thiol–ene
radical addition with PEG-NB, a mild reaction triggered by
405 nm UV light that occurs immediately upon exposure. This
thiol–ene crosslinking approach has previously shown favorable
results, as reported by Holmes et al., where Collagen-SH was
crosslinked with PEG-NB using both LAP and I2959 [59]. The
study demonstrated that I2959, when used at 365 nm, resulted
in longer gelation times, whereas LAP was the most efficient
initiator, supporting our choice for this system. Swelling tests were
conducted at three different pH values to identify the most suitable
formulations for tissue engineering applications. Formulations
with lower PEG content showed poor performance, fully degrad-
ing by day 7 at all tested pH levels. Similarly, GelHA_0.38_50PEG
was unstable under neutral conditions, leading to its exclusion
along with the 30PEG formulations. In contrast, higher PEG con-
tent hydrogels, GelHA_0.24_70PEG and GelHA_0.38_70PEG,
demonstrated greater stability and consistent swelling across pH
levels, while GelHA_0.24_50PEG was also included for its favor-
able swelling at pH 7.4, highlighting the influence of both PEG
content and material composition on hydrogel behavior [51].
Hydrogel formation for the selected formulations was confirmed
by 1H-NMR analysis, showing peak reductions of 68.3%, 86.9%,
and 89.9% for GelHA_0.24_70PEG, GelHA_0.24_50PEG, and
GelHA_0.38_70PEG, respectively. Amplitude sweep test was per-
formed to compare hydrogel formulations from a rheological per-
spective, examining G 0 in relation to the concentrations of Gel-SH,
HA-SH, and PEG-NB. All hydrogels displayed a similar LVR up to
�1% strain, after which G 00 became strain-dependent, while
G 0 remained stable up to 8–10% strain. Formulations with higher
PEG content exhibited increased G 0 values, whereas reducing PEG
led to higher flow strain. These results suggest that crosslink den-
sity, driven mainly by PEG-NB concentration rather than bioma-
terial content, dominates hydrogel viscoelasticity: higher PEG-NB
increases both G 0 and G 00 while reducing deformability, in agree-
ment with a previous study in which greater PEG-based crosslink-
ing enhances hydrogel stiffness and storage modulus [60].
However, compression tests revealed that HA content, rather than
PEG concentration, had a stronger influence on hydrogel mechan-
ical strength. This finding is consistent with our previous work,
where enzymatically crosslinked hydrogels exhibited enhanced

FIGURE 17 | 3D printing of new hydrogel formulations developed to validate the predictive model.
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mechanical properties with increasing HA content [37]. To assess
cell survival and spreading potential within hydrogels despite their
low porosity and high stiffness, hBM-MSCs were seeded using two
approaches: encapsulated within the hydrogel prior to crosslinking
or seeded on the hydrogel surface after crosslinking. Metabolic
activity showed a slight increase in the encapsulated samples,
while surface-seeded samples exhibited a more pronounced
increase over time. Live-Dead staining confirmed high cell viabil-
ity in all conditions, with only a few dead cells observed across
time points. Notably, differences in cell morphology were detected
between the two seeding strategies. In surface-seeded hydrogels,
cells initially formed aggregates and exhibited elongation during
the early days of culture, subsequently migrating into the hydrogel
bulk. In contrast, encapsulated cells remained rounded and uni-
formly distributed throughout the hydrogel. Quantitative round-
ness analysis following Phalloidin and DAPI staining confirmed
these observations and additionally revealed that cells in hydrogels

with higher Gel content, particularly GelHA_0.24_50PEG, tended
to adopt a more elongated morphology, both for encapsulated and
surface-seeded populations. Stiffness is known to influence cell
adhesion and spreading, with intermediate stiffness generally pro-
moting optimal cellular behavior; therefore, the target application
of the construct should guide the selection of hydrogel mechanical
properties [61, 62]. In this study, hydrogels with enhanced
mechanical strength were developed to improve printing resolu-
tion and enable the fabrication of complex structures. Because
softer hydrogels, characterized by a lower crosslinking density,
tend to poorly retain their shape after printing, particularly under
swelling conditions, we instead designed stiffer hydrogels intended
for post-printing cell seeding.

Hydrogel 3D printing was carried out using stereolithography,
which enables crosslinking through UV light exposure. To assess
printing fidelity, an STL mesh model with a fine strand diameter

FIGURE 18 | Scatter plots comparing the predicted and experimental printability indexes for the different models. The orange dashed line represents

y= x, corresponding to a perfect agreement between predicted and observed values. Blue points indicate the printability index of each hydrogel formu-

lation; the closer they lie to the orange line, the more accurately the model predicts the actual 3D printing behavior.
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of 0.4 mmwas designed. All formulations demonstrated excellent
printability and accurately reproduced the mesh architecture,
outperforming structures produced by extrusion-based methods.
For comparison, previous studies reported PEG–heparin scaf-
folds fabricated by extrusion with a similar mesh design, but with

lower resolution and fidelity, highlighting the superior precision
of stereolithography [63]. In addition, a previous work
highlighted that an ongoing challenge in biofabrication is the
3D printing of hydrogels with lower stiffness, as most used hydro-
gels exhibit G’ above 5000 Pa, which can negatively affect cells. In

FIGURE 19 | Heatmaps and contour plots of results.
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that study, a Gel-SH and PEG-NB hydrogel system was shown to
provide optimal printability while maintaining a soft matrix [64].
Building upon this, we included HA, which plays a crucial role in
supporting cell viability due to its swelling capacity and water-
retention properties. SEM analysis showed a uniform, compact
hydrogel structure with minimal porosity. Therefore, the small
functional groups used to modify Gel and HA (γ-thiobutyrolac-
tone and cysteamine) likely promote the formation of a dense
network via thiol–ene crosslinking. Troncoso-Afonso et al.
[65] reported similar findings with thiol–ene Gel-NB and
Gel-SH hydrogels, which exhibited a distinct porous structure
characterized by small, dense pores. In comparison, hydrogels
formulated with alginate or carboxymethylcellulose displayed
larger, less compact pores. These results suggest that the observed
dense network is a combined effect of the presence of Gel and the
thiol–ene crosslinking strategy, as the crosslinking method alone
would produce larger pores when applied to other polymer
systems.

Following these results, a preliminary predictive model was
developed to estimate the printability of thiol–ene crosslinked
hydrogels and to assess whether computational prediction could
reliably evaluate their printing behavior. This approach is partic-
ularly relevant in the context of AI-guided material design, which
can optimize material parameters by predicting them from final
properties. By analyzing large amounts of experimental and
computational data, ML algorithms can extract underlying rela-
tionships and construct models capturing the complex interplay
between material composition, structure, and properties
[30, 66, 67]. Unfortunately, the application of machine learning
in biomaterials design is limited by several factors, including the
availability of high-quality data required to train the models [68].
Although the dataset available in this study was small, which
could lead to issues such as data imbalance and over- or under-
fitting [69], the modeling algorithm was specifically designed to
handle limited datasets. Additionally, hydrogel formulations that
had been previously excluded based on swelling tests were
included as input to expand the dataset. Nevertheless, further
increasing the number of data points would likely enhance
the predictive performance of the models. After identifying the
most relevant parameters describing hydrogel printability, five
different models were developed, varying the weighting assigned
to each calculated printing parameter and adding the DoC as an
additional input where appropriate. Linear regression was
selected due to the limited size of the available dataset, which
restricts the robustness of more complex nonlinear models
and increases the risk of overfitting. In this context, a linear
approach provides a more stable and interpretable framework

for analyzing the relationship between input parameters and
printability score. These regression-based models were subse-
quently compared to determine which approach best captures
the printability behavior of the formulations within this limited
dataset. The formulation of the printability score involves a
degree of subjectivity in the assignment of weighting coefficients.
However, the object of this study was not to assume a predefined
weighting scheme, but to identify the most suitable printability
model by systematically varying both the input parameters and
their associated weights. Specifically, different weighting strate-
gies were explored, including equal weights, empirically assigned
weights based on the perceived importance of each parameter,
and data-driven weights derived from regression analysis. The
resulting models were then compared based on their ability to
reflect experimental observations and discriminate between
printing outcomes. Within this framework, sensitivity to the
weighting scheme is an expected and integral aspect of the model
selection process, rather than a limitation.

To validate the models, new hydrogel formulations were devel-
oped and 3D printed, and their experimentally measured print-
ability indexes were compared with the predicted values. Model 2
performed the worst (MAE= 0.6326), as it relied on empirically
assigned, human-defined weights. In contrast, Model 5 showed
the best performance (MAE= 0.0773), accurately capturing
printability behavior by integrating data-driven weights with
the degree of conversion (DoC). These results highlight the
importance of combining chemically meaningful parameters
with data-driven approaches to achieve optimal predictive per-
formance. Furthermore, ML models trained on appropriate
chemical descriptors can provide reliable predictions even when
only small datasets are available. This work represents a proof of
concept, as MAE and RMSE evaluated on a limited dataset
require cautious interpretation of generalizability. In this “smart
data” framework, these metrics are used for model comparison
rather than universal validation, with the low RMSE–MAE gap
indicating locally robust predictions enabled by mechanistic
descriptors such as DoC.

Regression is a widely used method in ML and has demonstrated
good reliability. In Xu et al., Bayesian regression was applied
using experimental parameters as input to predict the behavior
of unknown data points, with the resulting model aligning with
experimentally observed property trends, reflecting the practical
utility of the approach [70]. In another study, regression-based
machine learning methods were used to model the relationship
between synthesis conditions and hydrogel swelling behavior,
demonstrating that the chosen model could predict discrete
swelling states and generate swelling curves [71]. Despite these
examples, the application of regression-based models in light-
initiated 3D printing remains limited. Therefore, the approach
presented in this study, even with a small dataset, provides a
valuable strategy to explore the link between ML and 3D printing
of hydrogels.

5 | Limits and Perspectives

A key limitation of this study is the relatively small dataset used
for model development, which increases the risk of overfitting

TABLE 5 | MAE and RMSE values obtained for validation

formulations of models.

Model MAE RMSE

1 0.5474 0.6354

2 0.6326 0.6405

3 0.1615 0.1810

4 0.1681 0.1979

5 0.0773 0.1011
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and limits the generalizability of the results. For this reason, the
proposed models should be considered as a proof of concept
rather than fully predictive tools. This work is intended as an
exploratory analysis to identify relevant trends between printing
parameters and printability rather than to provide a universal
predictive framework. Future studies based on larger datasets
will be required to validate and extend these findings.
Additionally, future studies with larger datasets may explore
methods such as support vector regression or Gaussian process
regression to better capture nonlinear relationships. Another lim-
itation is that the current model does not include metrics related
to the biological activity of the hydrogels. Due to the limited
number of input formulations, adding biological parameters
would likely increase the risk of overfitting; therefore, the model
was deliberately simplified to focus on printing-related proper-
ties. Future studies with larger datasets could integrate biological
descriptors to enable the simultaneous prediction of printability
and biological performance. For example, an extended version of
the model could include a biological spreading score to quantify
the relationship between printing resolution and the ability of
hydrogels to support cell migration.

6 | Conclusions

This study focused on the optimization of Gel-SH and HA-SH
hydrogels for high-resolution stereolithographic 3D printing.
Exploiting thiol–ene photocrosslinking, we generated constructs
with superior structural fidelity compared to conventional
extrusion-based methods, while maintaining a biocompatible
environment for hBM-MSCs. Selected formulations showed suit-
able mechanical properties, and biological tests confirmed their
ability to support cell adhesion and proliferation. A key contri-
bution is the development of an ML-based predictive framework
effective even with limited data. By integrating mechanistic
descriptors such as DoC and functional group ratios, the model
achieved improved predictive performance, highlighting the
advantage of combining chemical insight with data-driven
approaches. This work represents a proof of concept, as metrics
such as MAE and RMSE were evaluated on a small dataset and
should be interpreted cautiously. In this context, these metrics
are primarily used for methodological comparison rather than
universal validation, with the low RMSE-MAE gap suggesting
locally robust predictions driven by mechanistic descriptors.
The high crosslinking density ensured structural stability but
may limit cell migration, representing a key trade-off for future
work. Further developments will focus on integrating biological
descriptors, defining a biological spread score, and introducing
degradable crosslinkers. In conclusion, this ML-guided approach
accelerates biomaterial optimization by reducing experimental
effort while providing a robust proof of concept for the design
of high-precision, customizable ECM-mimicking scaffolds for tis-
sue engineering.
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