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ORIGINAL RESEARCH ARTICLE

Machine learning-driven prediction of gel
fraction in conductive gelatin methacryloyl
hydrogels

Xi Huang*(2, Ye Xuan Wong, Guo Liang Goh'?, Xinchao Gao(?, Jia Min Lee'?,
and Wai Yee Yeong*

School of Mechanical and Aerospace Engineering, Nanyang Technological University, Singapore

Abstract

Gelatin methacryloyl (GelMA) hydrogels, combined with conductive fillers like Poly(3,4-
ethylenedioxythiophene) polystyrene sulfonate (PEDOT:SPSS), present significant
promise for tissue regeneration due to their biocompatibility, biodegradability, and
electrical conductivity. However, optimizing the curing process of the hydrogel
is challenging due to a lack of an existing model for gel fraction prediction. This
complexity is further heightened when additional variables such as bioink formulation
and crosslinking parameters are considered. This study leverages machine learning
(ML) to predict the gel fraction of GelMA-PEDOT:SPSS hydrogel based on the
combination of three types of features: Bioink formulation, crosslinking parameters,
and absorption coefficient. The two key objectives of this study are to develop an ML
model to predict gel fraction from bioink formulation and crosslinking parameters
such as ultraviolet (UV) power intensity and UV irradiation duration, and to create
an ML model to predict gel fraction through the absorption coefficient instead of
crosslinking parameter. In the first ML model, support vector regression achieved
the highest accuracy with a mean absolute percentage error (MAPE) of 3.13% and
an R? of 0.79. This model allows the user to select optimum bioink formulation
and crosslinking parameters to achieve the required gel fraction with minimal
experiment. For the second ML model that utilizes a combination of absorption
coefficient and bioink formulation, deep neural network models achieved a MAPE
of 6.31% and an R? of 0.54. The absorption coefficient model shows promise for a
non-destructive, real-time assessment of gel fraction, enabling more precise control
over the hydrogel properties during the curing process. These results demonstrate
MLs capability to efficiently optimize hydrogel formulations, significantly cut down
experimental efforts, and improve precision in 3D bioprinting and other hydrogel
applications, thereby advancing the field of tissue regeneration.

Keywords: 3D bioprinting; 3D printing; Biofabrication; Machine learning; Hydrogel;
Composite

1. Introduction

Hydrogels have wide usage in 3D bioprinting application."” Among these, gelatin
methacryloyl (GelMA) was highly valued due to its biocompatibility, biodegradability,
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and tunable mechanical properties.** These characteristics
makeGelMA anexcellentcandidatefor creatingextracellular
matrix in the field of tissue regeneration. Electrical signals
are crucial to the electroactive tissue in the human body,
such as heart,® muscles® and nerves.’ The cells are highly
regulated by affecting the intracellular signaling pathways as
well as intracellular microenvironment.'® Therefore, the use
of conductive hydrogel for tissue regeneration will facilitate
the transmission of electrical signals, thereby promoting cell
communication, proliferation, and differentiation within
the engineered tissue.'>'* Poly(3,4-ethylenedioxythiophene)
polystyrene sulfonate (PEDOT:SPSS) is known for its
biocompatibility, solubility, excellent electrical conductivity,
and mechanical flexibility.*"* The integration of GelMA
with PEDOT:SPSS opens up new avenues for developing
multifunctional biomaterials that leverage the strengths of
both components.'®"”

Adding conductive fillers such as PEDOT:SPSS into
GelMA hydrogels significantly affects the curing process.'®"
The incorporation of these fillers can enhance the electrical
conductivity of the hydrogel, which is beneficial for
applications involving electroactive tissues.”**! However,
this enhancement comes with a tradeoft. The presence of
conductive fillers can impede light transmission through
the hydrogel, affecting how far the light can penetrate.'¢
Since the curing process of GelMA often relies on
photoinitiated crosslinking, reduced light penetration can
lead to incomplete or inefficient curing, compromising the
mechanical properties and functionality of the hydrogel.
The balance between conductive filler concentration
and curing effectiveness is complex and requires careful
optimization. Increasing the amount of conductive
filler not only improves electrical conductivity but also
decreases light transmission, necessitating a precise
balance to achieve optimal curing efficiency. This delicate
interplay between filler concentration and curing efficacy
underscores the need for a comprehensive understanding
of the curing dynamics and the material properties
influenced by different filler concentrations.

Conventionally, the optimization for the crosslinking
of hydrogel is done by performing experiments on a
wide range of parameters, which is costly in terms of the
materials used and time-consuming. The experimentation
cost can be reduced by having a model to predict the gel
fraction beforehand, while the precision of the crosslinking
process can be improved with in situ characterization
technique by fine-tuning the curing process in real
time.”? There is an attempt on quantifying the degree of
conversion (DoC) of photopolymerizing resin from the
in situ measurement of the sample’s refractive index,* but
a bulky setup for the microscope system is required. For
vat polymerization, in situ ultrasonic monitoring can help

in determining the DoC of the sample,” but may disrupt
the cells in bioprinting. Most of the in situ measurement
setup is too bulky to be integrated in a 3D printer or
could be destructive to the bio-sample. Besides, although
these methods can help with the in situ measurement of
the crosslinking process, no prior work has been done on
gel fraction prediction from the bioink formulation and
crosslinking parameters to estimate the gel fraction before
the experiment. There is a need for a model capable of
predicting gel fraction based on the parameters before the
experiment, and a model for an easier in situ measurement
of the gel fraction.

Prediction and control of the gel fraction are of
critical importance in tissue regeneration, particularly
following the fabrication of engineered tissues and their
subsequent transplantation into in vivo environments. The
crosslinking parameters, including ultraviolet (UV) light
power and exposure duration, significantly influence the
gel fraction of the crosslinked hydrogel. On the one hand,
if the engineered tissue is not fully cured, it will degrade
more rapidly than anticipated. On the other hand, if the
engineered tissues are overcured, there willbea dimensional
mismatch between the designed structure and the actual
tissue, which is especially problematic for certain structural
features, such as narrowed channels within the engineered
scaffold. This dimensional mismatch could impede the
migration of cells into these channels, thereby hindering
the tissue regeneration process. While increasing the UV
energy absorbed by GelMA may enhance the mechanical
properties by achieving higher crosslinking, this is not
alwaysideal. A high mechanical strength often compromises
cell viability and proliferation,”* and the excessive UV
exposure can be detrimental to the encapsulated cells
in GelMA.?%32 Furthermore, each component of the
bioink, such as the concentrations of GelMA, lithium
phenyl(2,4,6-trimethylbenzoyl) phosphinate (LAP), and
PEDOT:SPSS, affects the crosslinking rate, adding an
additional layer of complexity. Generalizing a model for
the gel fraction thus requires analysis of an enormous
dataset, highlighting the difficulty of balancing multiple
parameters to achieve the desired hydrogel properties.

Machine learning (ML) techniques offer significant
potential in optimizing both the formulation of GelMA-
PEDOT:SPSS hydrogels and the bioprinting process
itself. ML algorithms can analyze vast datasets to identify
patterns, predict outcomes, and optimize parameters more
efficiently than traditional methods.**** ML is widely used
in material science for characterization and optimization
of synthesis processes.*”** By utilizing ML, researchers can
explore the parameter space, optimize the formulation, and
predict the performance of the hydrogels under various
conditions.**** In addition, ML can be applied to optimize
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3D bioprinting process, improving print accuracy, speed,
and resolution, while reducing material waste.*>* This
approach can lead to the creation of highly customized
and optimized biomaterials for specific tissue engineering
applications, ultimately enhancing the effectiveness and
precision of 3D bioprinting technologies. The large number
of factors for the gel fraction makes it difficult to determine
a model analytically or with traditional empirical methods.
In such cases, ML is an attractive method to solve the
problem.

Therefore, in this work, we used ML to optimize the
curing of GelMA-PEDOT:SPSS hydrogels by predicting
the gel fraction from three different feature groups. The
purpose of the three feature groups is to understand the
importance of different types of features on the prediction
accuracy and for different real-world applications. Feature
Group 1 utilizes bioink formulation and crosslinking
parameter as input. This is useful to predict the gel fraction
before the experiment as the optimized parameter for the
desired gel fraction can be selected without a wide range of
experiment, aiding in saving material cost and shortening
experiment time. Feature Groups 2 and 3 predict the gel
fraction without the prior crosslinking parameter. Feature
Group 2 has absorption coeflicient only as the input for
ML model, while feature Group 3 is a combination of
bioink formulation and absorption coefficient. The usage
of absorption coefficient with no crosslinking parameter
as input in feature Groups 2 and 3 will be significant for
in situ monitoring for gel fraction. In real application,
the UV power intensity and the UV exposure duration
will most likely be different from the input setting due to
imperfection of machine or human error. By predicting the
gel fraction with the measurement of absorption coefficient
instead of crosslinking parameter, the gel fraction can be
fine-tuned in real time with a non-destructive method to
improve the precision of the sample, at a relatively low cost
as only a UV sensor is required for the measurement.

2. Methods
2.1. Synthesis of GelMA

GelMA was synthesized according to previously
procedures described by Loessner et al.” Methacrylic
anhydride (Sigma-Aldrich) of 1.4 mL was added dropwise
into a 10% w/v gelatin type A (bloom strength 300, Sigma-
Aldrich) solution dissolved in 100 mL of 1x phosphate-
buffered saline (1x PBS, pH 7.2, Vivantis). The solution
was stirred at 400 rpm while maintaining a temperature
at 50°C, and 400 mL of 1x PBS was added to quench
the reaction after 3 h. The mixture was transferred into
50 mL tubes and centrifuged at 3500x g for 3 min. The
clear supernatant was transferred into 12 - 14 kDa cut-

off dialysis tubes and dialyzed against deionized water for
7 days at 40°C to remove unreacted methacrylic anhydride
and by-products from the initial reaction. After dialysis,
the GelMA solution was lyophilized for 7 days. Lyophilized
GelMA was kept at —20°C in the refrigerator until further
use. The chemical process for the synthesis of GelMA is
illustrated in Figure 1A.

2.2. Preparation of varying opacity samples

PEDOT:SPSS (Clevios PH1000, Heraeus) was adjusted to
the desired concentration stated in Table 1 using deionized
water. Lyophilized GelMA was added to the PEDOT:SPSS
solution and held at 37°C for 3h to ensure fully dissolved.
Subsequently, LAP (L0290, TCI) was added to the GelMA-
PEDOT:SPSS solution. The GelMA-PEDOT:SPSS solution
was casted into a cylindrical mold to yield samples with
8 mm diameter, and 2 mm height. The sample will be
crosslinked with UV light as shown in Figure 1B.

2.3. Data collection for gel fraction
2.3.1. Experiment setup

A high-intensity spot-curing system, Dymax BlueWave
QX4, equipped with a 405 nm LED wand (VisiCure LED
head, 405 nm), was used as the UV light source. UV light
transmission through the hydrogel was measured using a
UV light sensor (S§120VC, Thorlabs) covered with a square
pinhole with a size of I mm x 1 mm (S1000QK, Thorlabs),
connected to an optical power and energy meter console
(PM400, Thorlabs). The LED wand was mounted on a retort
stand and positioned directly above the UV light sensor.
The power output is controlled by adjusting the height of
the LED wand. For the mold setup, a clean glass slide was
used as the base beneath the mold. Two clips were used
for the securing of the mold to prevent liquid leakage from
between the mold and the glass slide, as seen in Figure 2A.
Post-crosslinking, the clips were removed to separate the
mold from the glass slide for hydrogel extraction, as shown
in Figure 2B.

2.3.2. Crosslinking of GelMA-PEDOT:SPSS hydrogel

The prepared and mixed hydrogel solution (120 puL) was
pipetted into the assembled mold setup. The mold was
placed above the UV light sensor, as shown in Figure 2C,
while curing the sample, to record the change in the
received UV intensity during the crosslinking process.
The UV light was shone on the mold for a specified power
and duration, allowing for the photopolymerization
process to occur. After the crosslinking process, the
hydrogel was removed from the mold and transferred into
a 35 mm petri dish of known mass, m . The experiment
was repeated three times for every combination of bioink
formulations, UV power intensity, and UV duration
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Figure 1. Chemical reaction for the synthesis and crosslinking of GeIlMA. (A) Schematic of the synthesis of GelMA. (B) Schematic of the crosslinking of

GelMA.

Table 1. Bioink formulation and crosslinking parameters used in the experiment

GelMA (% w/v) LAP (% w/v)

PEDOT: PSS (mg/mL)

UV Power intensity (mW/mm?) UV Duration (s)

10, 15 0.1,0.3 0.5,1.5,3.0

0.5,1.0 15, 30, 60

Abbreviations: LAP: Lithium phenyl (2,4,6-trimethylbenzoyl) phosphinate (LAP); GelMA: Gelatin methacryloyl; UV: Ultraviolet; PEDOT: PSS: Poly

(3,4-ethylenedioxythiophene) polystyrene sulfonate.

stated in Table 1. All the petri dishes containing the
hydrogel were lyophilized for 1 day. The mass of the
lyophilized hydrogel with the petri dish was recorded
as m, . 1x PBS solution was then added into the petri
dish, fully submerging the lyophilized hydrogel in PBS.
The samples were placed into the 37°C oven for 5 h to
allow the uncured hydrogel to dissolve. The PBS solutions
with the dissolved uncured hydrogel were then removed
with a pipette, the remaining cured hydrogel is shown
in Figure 2D. The hydrogel was lyophilized for another
1 day. The lyophilized hydrogel is as shown in Figure 2E.
The mass of the lyophilized hydrogel was measured and
recorded as m, ,. The mass was utilized to calculate the gel
fraction.

2.3.3. Gel fraction

Gel fraction is used to indicate the amount of crosslinking
in the sample. It is defined as the mass of the crosslinked
sample over the mass of the entire sample. As the uncured
hydrogel is dissolved and removed, the gel fraction of the
sample after the crosslinking process is calculated using
the following formula (Equation I):

Mass of lyophilized
undissolved hydrogel

Gel fraction (%) =
( 0) Mass of lyophilized hydrogel

before dissolving

iy, —m,

m, —m,

@

2.3.4. Absorption coefficient

As the UV light passes through the sample, the photons
are absorbed and scattered by the particles in the sample,
as illustrated in Figure 2F. The strength of this effect can
be quantified by the absorption coefficient. The absorption
coefficient of the sample is calculated with the Beer—
Lambert law (Equation II):

I=Ie™ (I1)

where I is the UV power intensity measured by the UV
sensor through the sample, as shown in Figure 2G; I, is the
UV power intensity measured when there is no sample on
the UV sensor, as depicted in Figure 2H; x is the thickness
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UV Detector

Measured as [

Figure 2. Experimental setup used in this work. (A) Mold filled with the bioink and secured by clip. (B) Crosslinked GelMA-PEDOT:SPSS hydrogel. (C)
Experimental setup for the photopolymerization process of the hydrogel. (D) Hydrogels with different bioink formulation and crosslinking parameters
after the uncured hydrogel is removed. (E) Lyophilized hydrogel. (F) Diagrams of photons scattered and absorbed by the particles in the sample. Adapted
with permission from. Hogan et al.* Copyright© 2014 American Chemical Society. (G) Measurement of UV power intensity through the sample, I. (H)
Measurement of the original UV power intensity without the sample, T .
Abbreviations: GelMA: Gelatin methacryloyl, UV: Ultraviolet, PEDOT:SPSS: Poly(3,4-ethylenedioxythiophene) polystyrene sulfonate.

of the sample (2 mm in this work); and a is the absorption
coefficient. The equation can be rearranged to the following
(Equation III) to calculate the absorption coefficient:

a=—tin L (1)
x I,
2.4. ML technique

In this study, ML techniques were utilized to understand
the relationship between the gel fraction with the bioink
formulation, crosslinking parameters, and absorption
coefficients. Bioink formulation consists of three separate
features in the dataset: GelMA concentrations, LAP
concentrations, and PEDOT:SPSS concentrations.
Crosslinking parameters are represented by two features, the
UV power intensity, and the exposure duration during the
photopolymerization process. The features are categorized
into three groups as shown in Figure 3A. Feature Group 1
consists of bioink formulation and crosslinking parameters.

N Pinhole (1 mm x 1 mm)

Sample (Thickness of X)
Mold

Glass Slide T

Glass Slide

N Pinhole (1 mm x 1 mm)

Measured as [

Features Group 2 has only one feature, that is, the absorption
coeflicient. Features Group 3 is the combination of bioink
formulation and the absorption coefficient.

The algorithms used in this work were linear regression
(LR), support vector regression (SVR), decision tree
regressor (DTR), random forest regression (RFR), and deep
neural network (DNN). Both LR and SVR are regression-
based models, where LR assumes a linear model, while
SVR is a non-linear model as radial basis function (RBF)
kernel is being utilized. DTR and RFR are decision tree-
based models, where DTR is the basic for the decision
tree-based technique, while ensemble method is used by
RFR to improve the accuracy of decision tree with the
tradeoff of low readability. DNN was included in the test as
it outperforms the traditional ML methods given sufficient
sample count. Scikit-learn® was utilized to implement the
ML models, while PyTorch was used for the implementation
of the DNN model. The suitability of regression-based
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techniques, decision tree-based techniques, and neural
networks in predicting the gel fraction was compared.
The brief introduction and the tuning parameters for the
models are detailed in the following section.

2.4.1.LR

The LR technique was selected for its simplicity and
interpretability. LR is ideal for identifying and quantifying
linear relationships between inputs and outputs. Its
straightforward nature provides a baseline model for
comparison with more complex algorithms. In addition,
when the relationship between variables is approximately
linear, LR can deliver fast and reliable predictions. The
LR model, represented in Equation IV, is fitted using the
ordinary least square method. In this work, x_, ., X,
and x, . are the concentration of GelMA, LAP, and
PEDOT:SPSS, respectively. x is the UV power intensity, x,
is the UV duration, and x_ is the absorption coefficient. w
are the coeflicients to be fitted.

Yea = Dana XamaTrap Xrap™Ppppor Xpeport@p Xpt@, X, T 0,
(IvV)
B
Activation Activation
RelLU RelLU
Feature

w, x,+w, x, was replaced with w_ x_in feature groups 2

and 3, while w_, ., X .t .0 was

removed in feature group 2.

“@pppor

'xLAP xPEDOT

2.4.2. SVR

The SVR model, a widely used ML regression technique,
was employed to compare its accuracy with the LR
model as both are regression-based methods. SVR
enhances performance over LR in the presence of outliers
by maximizing the number of data points within the
hyperplane area.”® To achieve a non-LR, the RBF kernel
was utilized. The regularization parameter C was set to 993
and y to 0.57 for feature Group 1, while C was 130 and y
was 0.53 for feature Groups 2 and 3. The gamma was set to
“scale” for all feature groups (1/(n_features * X.var())), and
the tolerance for the stopping criterion was 0.001.

2.4.3. Decision tree regression

DTR was selected for its adeptness at mapping complex
decision paths based on input parameters. Unlike
regression-based techniques, decision trees excel at

Activation
Linear

Activation
RelLU

Gel Fraction

—
Group 1/2/3
Hidden Layer Hidden Layer Hidden Layer Hidden Layer
16 Nodes 32 Nodes 16 Nodes 16 Nodes
A Dropout = 0.2 Dropout = 0.2 Dropout = 0.2 Dropout = 0.2
c Sample Distribution
Bioink Formulation 3.01®  ewexe o moummmmn xa0nx
« GelMA concentration ML Model i
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Figure 3. Details of machine learning (ML) models. (A) The three different feature groups used to train the ML models. (B) Architecture of the deep neural

network model. (C) Sample distribution
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capturing non-monotonic relationships between variables,
which are prevalent in systems when the variables interact
non-additively. The hierarchical structure of decision trees
is particularly useful for decomposing the decision process
into a series of simple rules, offering invaluable insights into
the relationships between parameters. The mean squared
error (MSE) criterion was used for splitting, employing the
“best split” approach to optimize the decision tree.

2.4.4. RFR

RFR constructs multiple DTR using subsets of the dataset
and averages their outputs to predict the target variable.”* This
approach improves accuracy and reduces overfitting compared
to a single DTR. However, RFR models are challenging to
visualize and interpret. The criterion for splitting used is MSE.
The number of trees in the forest was set as 15.

2.4.5. DNN

DNN outperforms traditional regression and decision tree
methods in conventional ML technique by automatically
extracting complex features, handling non-linear relationships,
and scaling effectively with large and high-dimensional
datasets. While regression models such as LR or SVR are
limited by theirlinear assumptions and decision trees-based
models such as DTR or RFR often risk overfitting, DNN
leverages multiple layers of non-linear transformations
to capture intricate patterns in data. However, DNN will
perform worse than conventional ML techniques when the
sample count is low.

The architecture of the DNN model used in this work
is illustrated in Figure 3B. It has four hidden layers, with
16 nodes in the first hidden layer, 32 nodes in the second
hidden layer, and 16 nodes in both the third and fourth
hidden layers. ReLU activation was used for the first, second,
and third hidden layers. The fourth hidden layer utilized a
linear activation instead. To prevent overfitting, dropout
with a rate of 0.2 was applied between each hidden layer.
The model was trained using standard backpropagation
and optimized with the Adam optimizer. The loss function
used was mean absolute percentage error (MAPE).

2.5. ML training procedure

The distribution of the gel fraction for 287 samples obtained
from the experiment in this work is depicted in Figure 3C.
There are six features and one label in the dataset. The six
features are GelMA concentration, LAP concentration,
PEDOT:SPSS concentration, UV power intensity, UV
duration, and absorption coefficient, with the gel fraction
as the label or output for the ML model. Every feature in
the dataset was normalized with a MinMaxScaler, which
transformed every feature to a range of 0 — 1. The sample
was then randomly split in a 70:20:10 ratio into training

set (200 samples), validation set (58 samples), and testing
set (29 samples). The training set was used for training for
the ML model, and the performance was tested against the
validation set.”® The testing set was kept untouched until
the end of all training to verify the effectiveness of the
models. Both MAPE and coefficient of determination (R?)
were used as the performance criteria for model validation.
MAPE was selected over other criteria such as MSE or
mean absolute error as the percentage error gives a better
interpretability on how much the prediction deviates from
the real value. Meanwhile, R? is dimensionless and can
be used to compare the performance of different models,
as an R? closer to 1 for a model indicates a better fit. All
the hyperparameters stated in sections 2.4.1 to 2.4.5 were
tuned with grid search method, while the default value was
used for the unmentioned parameters.

Each of the ML techniques described in section 2.4 was
trained against the gel fraction with feature Groups 1, 2,
and 3 as the input. The best ML technique for each feature
group was verified with the testing set.

3. Results and discussion

Figure 4A demonstrates that all variables in the dataset
influence the resulting gel fraction. Higher concentrations
of GelMA and LAP facilitate faster curing of the ink
(P < 0.05 for both in one tailed t-test), thereby increasing
the gel fraction. In addition, greater UV power and longer
exposure duration enhance the UV energy received by the
photoinitiator (P < 0.05 for UV power, P < 0.15 for UV
duration), leading to more crosslinking. Conversely, the
higher concentration of PEDOT:SPSS in the ink obstructs
the UV light from activating the photoinitiator, resulting
in reduced crosslinking and a lower gel fraction (P < 0.25).

The Spearman correlation shown in Figure 4B
corroborates these observations. According to the
correlation data, PEDOT:SPSS concentration has the most
significant impact on the gel fraction, followed by the
concentrations of GelMA, UV duration, UV power, and
LAP. The correlation coeflicients are not particularly high,
with the rank for PEDOT:SPSS concentration being —0.47.
This moderate level of correlation justifies the application
of ML to better predict the gel fraction.

It is also noteworthy that the absorption coefficient of
the samples is moderately related to the gel fraction, with a
correlation coefficient of —0.42. As observed in Figure 4C,
the UV intensity measured increases over time while the
absorption coefficient decreases as the sample cures. This
observation suggests the potential for using the absorption
coeflicient to perform in situ predictions of the gel fraction,
a concept which will be further elaborated in section 3.2.
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3.1. Prediction of gel fraction from bioink
formulations and crosslinking parameters

The performance metrics for each ML technique used to
train the model are presented in Table 2. SVR exhibited
the best performance, achieving an MAPE of 3.13%, a
standard deviation (SD) of 3.75%, and a coeflicient of
determination (R?) of 0.79. These results indicate that the
model has a very good fit and can accurately predict the gel
fraction. In contrast, LR demonstrated the lowest accuracy,
with an MAPE of 6.28%, an SD of 4.61%, and the lowest
R? at 0.41. Nonetheless, this still represents a reasonably
good accuracy, suggesting that the input features provide
sufficient information to predict the gel fraction effectively.

Although LR provides the lowest accuracy;, it is valuable
for gaining insights into the relationships between variables.
The LR model can be summarized by Equation V:

Gel (%)=1.719x
4x,+56.29

+17.26x,,,-3.814x

PEDOT

+9.560x,+0.106
(V)

GelMA

From the equation, it can be inferred that the increase in
GelMA concentration, LAP concentration, UV power, and
UV duration will result in a higher gel fraction. Conversely,
an increase in the concentration of PEDOT:SPSS will lower
the resultant gel fraction. These findings are consistent
with the conclusions drawn from the Spearman correlation
analysis.

Figure 5 illustrates the plot of predicted gel fraction
against actual gel fraction for the validation dataset.
Although the LR models exhibited lower overall accuracy,
it accurately predicted an outlier circled in red, a feat
not achieved by the other four models. Conversely, LR
struggled to predict the gel fraction at the lower end of
the dataset, as indicated by the blue circle, where the other
models performed accurately. This discrepancy was likely
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Figure 4. Relationship between the variables in the dataset. (A) Trend of average gel fraction by varying the individual curing parameters. (B) Spearman
correlation of all the variables in the dataset. (C) Ultraviolet intensity measured and the absorption coeflicient of a sample over time during the curing operation
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Table 2. Performance of different machine learning models
in predicting gel fraction from GelMA concentration, LAP
concentration, PEDOT: PSS concentration, UV power, and
UV duration

MAPE (%) SD (%) R?
Linear regression 6.28 4.61 0.41
Decision tree regression 4.05 4.63 0.67
Random forest regression 3.42 3.99 0.76
Support vector regression 3.13 3.75 0.79
Deep neural network 3.81 3.70 0.74

Abbreviations: MAPE: Mean absolute percentage error;

R2: Coefficient of determination; SD: Standard deviation,

LAP: Lithium phenyl (2,4,6-trimethylbenzoyl) phosphinate (LAP),
GelMA: Gelatin methacryloyl, UV: Ultraviolet, PEDOT: PSS: Poly
(3,4-ethylenedioxythiophene) polystyrene sulfonate.

due to the similarity in features between the data points
circled in red and blue. The predicted values within the
red circle were very close to the 61% value in the blue
circle for the other four models. The value in the red circle
might be an outlier caused by incorrect measurement,
with LR coincidentally providing accurate predictions by
overestimating.

The DNN model achieved an MAPE of 3.81% and an
R? of 0.74, which were close but slightly inferior to the
performance of SVR and RFR models. However, the DNN
model offers the potential for transfer learning, enabling
its application to other types of samples with reduced
training data requirements. The trained model can serve
as the initial weight for training on other GelMA mixtures,
or even hydrogel mixtures, enhancing its adaptability and
efficiency.

The high accuracy of these models enables users to pre-
select parameters tailored to achieve specific gel fractions,
significantly streamlining the optimization process for 3D
bioprinting. This capability reduces the need for extensive
experimentation, thereby saving time and resources while
enhancing precision in achieving the desired hydrogel
properties.

3.2. Prediction of gel fraction through replacing the
crosslinking parameters with absorption coefficient

From the Spearman correlation analysis, it was found
that the gel fraction correlates with the absorption
coefficient of the samples. This correlation implies that
UV measurements of the GelMA samples could be utilized
to determine the current gel fraction non-destructively.
Furthermore, in situ measurements of the gel fraction
could be performed during the curing process, thereby
allowing more precise control over the gel fraction.

Two different types of feature groups were trained with
different ML techniques to compare the effectiveness of
the absorption coefficient in the prediction of gel fraction,
with or without the information of sample composition
(GelMA concentration, LAP concentration, PEDOT:SPSS
concentration) as input. The performances of the models
are shown in Table 3. While the MAPE of the models with
just absorption coefficient was low at between 5.55% and
7.88% for different ML technique, the R? was very low with
RFR being the best at 0.27. The R* of regression-based ML
techniques such as LR and SVR was close to zero, at 0.03 and
0.02, respectively. In contrast, the decision tree-based ML
techniques had higher R* with DTR at 0.25 and RFR at
0.27. This indicates that the absorption coeflicient alone
does not have a linear relationship with the gel fraction,
and the general low R* implies that the noise is too large.

When the information of sample composition was
included, the performance of the models improved
significantly. DTR had the lowest MAPE at 3.13%, with an
R* of 0.67. RER had the best R* of 0.72 while having an
MAPE of 3.79%. The huge improvement in the accuracy
showed that the input of sample’s composition is vital for a
better prediction. Similar to the model without the sample
information, the decision tree-based techniques had a
better performance when compared to the regression-
based techniques. The increase in R* for the regression-
based techniques could be attributed to the sample
composition having a more linear relationship with the gel
fraction. However, the lower R? for the regression-based
techniques when compared to the feature Group 1 further
proved that a monotonic relationship does not exist
between the absorption and the gel fraction, as swapping
the absorption coefficient to UV power and UV exposure
duration can improve the R?to 0.79 for SVR.

From Figure 6A, LR, SVR, and DNN failed to
generalize the gel fraction when it was lower than
80%. Meanwhile, DTR and RFR could predict the gel
fraction at higher accuracy at that region. When the
bioink formulation was included as in Figure 6B, the
performance was generally improved, but LR, SVR, and
DNN were still having difficulty to predict the gel fraction
at below 70%. The DNN model shared a similar outcome
with the LR or SVR as there was not much data points at
lower gel fraction, thus the DNN was unable to generalize
the lower value.

The good accuracy of the ML model trained from feature
Group 3 makes it suitable for situations where the bioink
formulation of the GeIMA is known, but the crosslinking
intensity and the exposure duration of a specific area are
unknown, such as when the UV spot size is relatively small
compared to the entire GelMA construct, or when the
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Figure 5. Graphs of predicted values of gel fraction against actual values, for different machine learning models used to predict gel fraction from GelMA
concentration, LAP concentration, PEDOT:SPSS concentration, UV power, and UV duration. Red circle and blue circle represent the outliers consisting

of the same data points.

Abbreviations: LAP: Lithium phenyl(2,4,6-trimethylbenzoyl) phosphinate (LAP); GelMA: Gelatin methacryloyl; UV: Ultraviolet; PEDOT:SPSS: Poly(3,4-
ethylenedioxythiophene) polystyrene sulfonate.

Table 3. Performance of different machine learning models for predicting gel fraction based on absorption coefficient

Algorithm Without sample info With sample info

MAPE (%) SD (%) R? MAPE (%) SD (%) R?
Linear regression 7.88 9.11 0.03 6.58 7.16 0.38
Decision tree regression 5.55 7.21 0.25 3.13 5.94 0.67
Random forest regression 6.35 6.68 0.27 3.79 5.33 0.72
Support vector regression 7.31 9.35 0.02 4.97 7.41 0.53
Deep neural network 7.43 8.88 0.09 5.93 6.33 0.50

Abbreviations: MAPE: Mean absolute percentage error; R2: Coeflicient of determination; SD: Standard deviation.

crosslinking process is stopped abruptly. By measuring the
absorption coefficient, the gel fraction of that specific area
can be predicted.

3.3. Model validation

The model with the best R* from each feature group
was validated using an untouched testing dataset. The
performance for the best ML model in each feature
group is shown in Table 4. For feature Group 1, the
performance of SVR remained consistently high at an
R* of 0.79. However, for feature Group 2, where only
the absorption coefficient was used as the input for the
model, the performance of the models was low compared
to the validation dataset, with an R? of 0.02. This suggests

that the model trained was being overfitted, as absorption
coefficient alone was not enough to predict the gel
fraction accurately. In feature Group 3, while RFR was
the model with the best performance, its R* was lowered
from 0.72 to 0.41 in the testing dataset. This suggests that
there was some overfitting in the RFR model in feature
Group 3 too. It is noteworthy that R* of the DNN model
was relatively stable at 0.54 as compared to 0.50 of the
validation datasets. Figure 7 shows that the models
derived from feature Groups 2 and 3 will overestimate
the gel fraction at below 70%, with DNN having a slightly
better performance than RFR in that range. Meanwhile,
the SVR model from feature Group 1 can predict the gel
fraction accurately even at a lower range. This indicates
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Figure 6. Graphs of predicted values of gel fraction against actual values, for different machine learning models used to predict the gel fraction based on
absorption coefficient only (A), and absorption coefficient and bioink formulation of the ink (B)

that feature Group 1 provides enough information to Groups 2 and 3 inaccurate. Extrapolation beyond the

estimate the gel fraction at the lower range, even with a boundaries of the input variables may not yield reliable

relatively low sample size. results. Furthermore, this model is limited to sample with

3.4. Limitations a thickness of 2 mm. In future research, it is necessary to

This study acknowledges the lack of data points from widen the range of the data, such that the dataset consists

the lower gel fraction, with less than 10% of the data
points below 70% gel fraction, rendering the estimation different hydrogel thickness, so as to improve the reliability
of gel fraction at below 70% by the models from feature and the accuracy of the model.

of samples with gel fraction from 0% to 100% and with
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Table 4. Performance of the best machine learning models
from each feature group in predicting gel fraction

MAPE (%) SD (%) R?

Feature Group 1

Support vector regression 3.13 3.75 0.79
Feature Group 2

Random forest regression 9.10 9.92 0.02
Feature Group 3

Random forest regression 6.75 8.56 0.41

Deep neural network 6.31 5.78 0.54

Abbreviations: MAPE: Mean absolute percentage error; R2: Coefficient
of determination; SD: Standard deviation.
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Figure 7. Graphs of predicted values of gel fraction against actual values
for the testing dataset

Besides, this model assumed that no additional layer is
added on the sample after the crosslinking process. This
model is not suitable in a situation where the transmittivity
of the hydrogel is too low, which necessitates curing after
every layer. This could be solved by utilizing a recurrent
neural network by having the curing information from the
previous layer as the input for the prediction in the new
layer.

Furthermore, this model is limited to GelMA-
PEDOT:SPSS hydrogel. While this concept can be used to
train an ML model for a different hydrogel, it is preferable
to have a model that can be generalized for all hydrogels.
A possible solution is to use transfer learning to reduce the

sample size needed for the other hydrogel model. Common
properties for the crosslinking of polymer such as monomer
reactivity ratio and extent of reaction can be included in
the dataset for a more robust DNN model where the learnt
knowledge can be transferred easily between models.

4, Conclusion

This study demonstrates the feasibility of predicting
the gel fraction of GelMA-PEDOT:SPSS hydrogels
using ML models based on bioink formulation and
crosslinking parameters. SVR emerges as the best-
performing model, with an MAPE of only 3.13%. This high
accuracy minimizes the time and material costs typically
associated with optimizing hydrogel properties to achieve
the required gel fraction. Furthermore, by replacing
crosslinking parameters with absorption coefficient, we
demonstrated the potential for estimating gel fraction
without prior crosslinking information. The DNN model
achieved an MAPE of 6.31% for this scenario, indicating
its utility for in situ gel fraction measurements via a UV
detector. This capability can significantly enhance the
fine-tuning of GelMA-PEDOT:SPSS hydrogel properties
during 3D bioprinting by allowing non-destructive,
real-time measurement of the gel fraction. Overall, this
work contributes to reducing experimental costs and
improving the precision of hydrogel crosslinking, enabling
a more efficient process in hydrogel-related research.
Consequently, this accelerates advancements in the field
of tissue regeneration, providing a robust foundation for
future studies and applications.

Future work should explore the relationship between
gel fraction and various hydrogel properties, such as
rheological behavior, mechanical strength, and cell
viability. Integrating these data with the current models
will enable users to select optimal parameters tailored
to specific applications. Furthermore, the ML models
should be validated in a 3D printer to demonstrate its
effectiveness in optimizing the crosslinking of hydrogel
during 3D printing. This research lays the groundwork for
more efficient and effective design of hydrogels, enabling
advancements in 3D bioprinting and other critical
applications in biotechnology.
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