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Abstract. Artificial intelligence (Al) and machine learning (ML) are transform-
ing scientific discovery through an information-theoretic paradigm, where large-
scale models act as entropy-compression systems that extract low-entropy, trans-
ferable representations from high-dimensional and noisy data. This reduces un-
certainty in complex physical systems and motivates entropy-based approaches
for model compression, generalization, and robustness. Soft matter materials, es-
pecially multiscale hydrogels, represent high-entropy design spaces that are dif-
ficult to explore using traditional intuition-driven methods due to nonlinear,
cross-scale dependencies. To address this, we propose an information-theoretic
hydrogel design framework integrating multiscale representation learning and
entropy reduction. Feature engineering compresses raw variables into structured
representations for stable multi-task learning. A multi-objective Bayesian opti-
mization strategy with Gaussian-process surrogates and q-Expected Hypervol-
ume Improvement (g-EHVI) enables efficient Pareto front exploration. A closed-
loop Al-experimental feedback system iteratively reduces uncertainty and re-
fines representations. Entropy-based and chaos-inspired metrics further enhance
robustness analysis. Overall, this study establishes an entropy-aware and repre-
sentation-driven paradigm for the intelligent design of soft functional materials,
offering a generalizable pathway for accelerating discovery and enhancing ex-
trapolation capability.

Keywords: Hydrogel, Wound Dressing, Machine Learning, Multi-objective
Optimization, Materials Performance prediction.

1 Introduction

Hydrogels, as a class of soft functional materials with tunable physicochemical proper-
ties, have attracted significant attention in biomedical engineering, flexible electronics,
and wearable sensing applications [8, 10]. Their performance, including mechanical
strength, adhesion, sensitivity, and water retention, is highly dependent on complex and
nonlinear interactions among formulation components and processing parameters [1,
7]. However, traditional hydrogel design primarily relies on empirical trial-and-error
strategies, which are time-consuming, resource-intensive, and inefficient in exploring
high-dimensional formulation spaces [1, 2].
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Recent advances in machine learning have provided new opportunities for acceler-
ating materials discovery and design [2, 3, 10]. In polymer and hydrogel systems, data-
driven models such as Random Forest, XGBoost, and neural networks have demon-
strated strong capability in learning nonlinear structure—property relationships and pre-
dicting material performance from experimental data. Despite these successes, most
existing studies focus on single-property prediction and lack systematic frameworks for
multi-objective optimization across competing performance metrics [5].

Bayesian optimization has emerged as an effective approach for materials design
under limited experimental budgets [5]. By combining surrogate models with acquisi-
tion functions such as Expected Improvement (El), it enables efficient exploration of
high-dimensional design spaces. More recently, multi-objective extensions such as g-
Expected Hypervolume Improvement (q-EHVI) have been proposed to approximate
Pareto-optimal solutions across multiple objectives. However, their application in hy-
drogel systems remains limited, particularly in scenarios requiring simultaneous opti-
mization of mechanical, interfacial, and functional properties [8, 10].

In parallel, closed-loop Al-experiment frameworks have been increasingly explored
for autonomous materials discovery [4]. These systems integrate prediction, experi-
mental validation, and data feedback to iteratively improve model accuracy and reduce
uncertainty [6]. Nevertheless, most existing approaches lack interpretability and do not
explicitly incorporate information-theoretic principles to guide efficient exploration
and knowledge extraction [11, 13-15].

From an information-theoretic perspective, material design can be viewed as a pro-
cess of reducing uncertainty in a high-dimensional formulation—performance space.
Machine learning models act as information compressors, transforming noisy experi-
mental observations into low-entropy representations, while optimization algorithms
guide the search toward regions with maximal information gain. Despite its conceptual
potential, the integration of information theory with Al-driven materials design remains
underexplored [12, 13].

To address these challenges, this study proposes an information-theoretic, Al-driven
framework for hydrogel design that integrates machine learning, multi-objective
Bayesian optimization, and closed-loop experimental feedback into a unified system.
The main contributions of this work are summarized as follows:

(1) An entropy-reduction-driven Al framework is established to model hydrogel de-
sign as an information optimization problem in a high-dimensional formulation space;

(2) A multi-objective Bayesian optimization strategy based on q-EHVI is introduced
to achieve Pareto-optimal design across multiple performance metrics;

(3) An interpretable learning mechanism based on SHAP is incorporated to reveal
key structure—property relationships from an information-theoretic perspective;

(4) A closed-loop Al—experiment workflow is constructed and experimentally vali-
dated, demonstrating that Al-recommended formulations exhibit significant improve-
ments across multiple performance metrics.

This work provides a scalable and interpretable paradigm for intelligent hydrogel
design, advancing the transition from empirical exploration to data-driven, information-
centric materials discovery.
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2 Methodology

2.1 Overall Framework

This study proposes an information-theoretic, Al-driven framework for hydrogel de-
sign that integrates machine learning, multi-objective optimization, and experimental
validation into a closed-loop system. As shown in Fig. 1. Overall methodological work-
flow integrating data modeling, machine learning, Bayesian optimization, and experi-
mental validation., the workflow consists of five key stages: (1) Dataset construction
and feature engineering; (2) Machine learning modeling and validation; (3) Multi-ob-
jective Bayesian optimization; (4) Al-guided Experimental verification; (5) Data feed-
back and Model Iteration.

Within this framework, machine learning models learn nonlinear structure—property
relationships from formulation data, while Bayesian optimization guides the search to-
ward high-performance regions. Experimental results are iteratively incorporated into
the dataset, enabling continuous model refinement and uncertainty reduction.

This closed-loop strategy transforms hydrogel design from empirical trial-and-error
into a data-driven and self-improving process.

Data Acquisition &
Feature Construction

Machine-Learning Modeling Data Feedback & Model
& Validation Iteration
Multi-Objective Bayesian o | Al-Guided Experimental
Optimization Verification

Fig. 1. Overall methodological workflow integrating data modeling, machine learning, Bayesian
optimization, and experimental validation.

2.2 Dataset Construction and Feature Engineering

Data Definition. The dataset is defined as:
D = {(x;, y) 1 1)

where x; is the input feature vector of the i-th sample, consisting of nine formulation
and processing parameters (e.g., AM content, SA content, AM/SA ratio, CQAS con-
centration, MBAA content), and y; is the corresponding output vector, representing
multiple hydrogel performance metrics.

A total of approximately N = 120 samples were collected. Each condition was re-
peated at least three times (n > 3), with reported values given as mean = standard
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deviation. Outliers beyond three standard deviations were removed, missing values im-
puted via nearest neighbors, and all features were normalized using Z-score normaliza-
tion:

_ Xpimiti
Xij = ”G—j], 2

where u; and o; are the mean and standard deviation of the j-th feature. The dataset
was split into training, validation, and test sets (6:2:2) with five-fold cross-validation.
Feature Definition. Each hydrogel is represented as a 9-dimensional input vector:

X = [xq, %3, -, X9, (3)
with a latent mapping
h=¢(WX +b), 4)

where W and b are learnable parameters, ¢ (+) is a nonlinear activation. The predictive
model maps inputs to outputs:

¥ =fo(X) =Xl w,0(W X +b)), ()
optimized via
6° = argmin TI, L(fy (X, %)- (6)
Output Targets.
Y = [y1, Y2, Y3, Y Ys), (7

representing tensile strength, fracture elongation, adhesive strength, sensitivity (GF),
and water absorption ratio:

y=9ge(x),x ER’% y € R®. (8)
Optimization Problem.
max f(x) = [f1(x), ) frn (O], St Xinin <X = Xax, 9)
with Pareto set approximated via surrogate-based Bayesian optimization:

P = {x* Ax: fi(x) = fi(x*),vie{l, ...,m}}. (10)

Output Normalization.

yi =28 i =1,2,..,5, (11)

gi
y' = W-y' = [w1y1, 0¥, -, @5Y5], (12)

with equal weights to balance multi-objective optimization:
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min £(x) = X3, @y () — y | (13)
Data Preprocessing. Outliers removed, missing values imputed, Box-Cox transfor-
mation applied. All processing done in Python 3.9 with pandas, scikit-learn, and
NumPy.

2.3 Model Construction and Training Strategy

Model Selection. Four machine learning models were compared: Random Forest (RF),
XGBoost, Multilayer Perceptron (MLP), and Gaussian Process Regression (GPR) [3,
10].

¢ RF: Ensemble of decision trees with averaged outputs.

o XGBoost: Gradient boosting correcting previous errors, effective for small high-
dimensional datasets.

e MLP: Feedforward network capturing nonlinear input—output relationships.

e GPR: Bayesian regression providing predictive uncertainty.

XGBoost achieved the best balance of accuracy and robustness and was selected for
subsequent optimization and interpretability analysis.

Model Training and Early Stopping Curve
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Fig. 2. Training and validation loss curves with early stopping and residual distribution. Stable
convergence and random residuals indicate accurate fitting and good generalization.

Training and Evaluation. Bayesian hyperparameter optimization was applied, with
the acquisition function selecting parameters to maximize expected improvement (El):

0" = arg mgax a(@]Dy,) = Ep(f|D1:t)[EI(9)]' (14)
Early stopping prevented overfitting:
if L\(/I;:I) > Ls:,_p), stop training. (15)

Model performance was evaluated via RZRMSE, and MAE:
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Lii—99)?
Rf=1- Zigz—;z;z' (16)
1 ~ 1 N
RMSE = ;Zﬁvﬂ(}’i — 9% MAE = I by = 9, a7

with R=> 0.85 across all five targets. Fig. 2 shows stable convergence and randomly
distributed residuals, confirming high fitting accuracy and good generalization.
Uncertainty Quantification. Predictive variance was estimated via an ensemble:

02(x) = 2= T P () = F(0)?, F() = 2 Ty Im (), (18)
with confidence intervals:
Y(X) £ 24/, 0(X). (19)

Higher variance indicates epistemic uncertainty, guiding experimental acquisition.
Interpretability (SHAP). Feature contributions were quantified using additive decom-
position [9]:

) = g+ 2y b, $i = Bocmn e Usun (0 = 5001 (20)
SHAP identified CQAS concentration, AM/SA ratio, and MBAA content as dominant
factors shaping hydrogel performance (Fig. 3), with CQAS enhancing adhesion and
antibacterial activity, AM/SA ratio tuning mechanical strength—flexibility trade-offs,
and MBAA controlling crosslink density and network stability. Predicted trends aligned
with experiments, confirming accurate predictions and physically meaningful feature
representations.

CQAS concentration 033

AM/SA ratio

MBAA content

NaCl concentration
APS dosage

Reaction temperature
Curing time

GDL addition

SA fraction

t T T T T T T
0.00 0.05 0.10 0.15 0.20 0.25 0.30
Mean(|SHAP value|)

Fig. 3. SHAP-derived feature importance ranking, illustrating the relative contribution of each
formulation parameter.



Al-Driven Intelligent Optimization and Performance Prediction of Hydrogels 7

2.4 Multi-Objective Optimization Strategy

Obijective Function and Constraints. A unified framework of objective functions and
constraints was constructed for multi-performance optimization across the design
space. The overall objective function is defined as:

fX) =E 0yi(X) (21)

v;(X) represents the i-th performance metric predicted by the Al model, and w; is the
corresponding weight coefficient. The weights were set according to the sensitivity of
each performance indicator and design requirements to balance multiple target proper-
ties.

Piwi=1, 0,20 (22)

Constraints were extracted from experimental data, including gelation feasibility, com-
positional ratio limits, and process operability. These constraints define the feasible
solution space, ensuring results are both computationally optimal and experimentally
realizable.

9;X)<0,j=12,...m (23)

By integrating objectives and constraints within the Al framework, the model explores
the multi-objective space, adjusts search direction, and approximates the Pareto-opti-
mal front.

P ={X*

AX':fi(X) = fi(X), Vi €{1,..,5}} (24)

This framework provides a basis for subsequent optimization and experimental valida-
tion, enabling a shift from single-objective improvement to multi-performance optimi-
zation.

Bayesian Optimization Workflow. The multi-objective optimization is based on a
Gaussian-process Bayesian optimization (BO) framework. In the formulation—perfor-
mance space, the Gaussian process models uncertainty of the objective functions and
quantifies confidence across the search space.

() ~ GP(m(x), k(x,x") (25)

Guided by the Expected Improvement (EI) acquisition function, the algorithm directs
the search toward regions with the highest potential improvement, enabling adaptive
exploration and refinement of the design space.

ag(x) = E[max(0, f(x) — )] = (ux) — fHP(2) + 0(x)p(2) (26)

u(x) and o (x) denote the predictive mean and uncertainty from the Gaussian process,
f* is the current best observation, and ®(-) and ¢(+) are the cumulative and probabil-
ity density functions of the standard normal distribution, respectively.

In each optimization iteration, the Al system generates candidate formulations based
on the surrogate model. These candidates are evaluated for performance, and those with
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the highest acquisition values (expected information gain) are selected for the next it-
eration.

Xepp = argmax ag;(x) (27)

A trust-region strategy is used to adjust search boundaries, balancing exploration of
new regions and exploitation of promising areas.

Rev1 = X E X|lIx-x¢ |l < A} Apyr = nA; (28)

R:41 IS the updated local search region around the current best solution x;, and n is the
scaling coefficient controlling the trust-region radius.

As shown in Fig. 4, the Bayesian optimization workflow enables efficient multi-
objective search and iterative improvement, forming a closed-loop process that inte-
grates data-driven learning and formulation search to identify optimal designs.

Diy1 =D U {(le,f(le))}, t=12,..T (29)
Multi-objective Optimization via Bayesian Framework Convergence of Bayesian Optimization
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Fig. 4. Bayesian optimization workflow iteratively refining the Pareto front for multi-perfor-
mance hydrogel design via data-driven learning and adaptive decision-making.

Pareto Front Search. In multi-performance optimization problems with competing
objectives, a single-objective function cannot achieve a balanced solution. This study
introduces the g-Expected Hypervolume Improvement (g-EHV1) algorithm within the
Bayesian optimization framework for global multi-objective optimization.

q-EHVI(X,) = E[AHV(X,)] = E[HV(P U X,) — HV(P)] (30)

The g-EHVI algorithm selects candidate points by maximizing expected hypervolume
improvement at each iteration. This enables progressive approximation of the Pareto
front and simultaneous improvement of multiple performance indicators.

Xy = arg Eg)}({ q-EHVI(Xq) (31)
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During optimization, the Al model uses a Gaussian process surrogate model to estimate
the predictive mean and uncertainty of each performance metric, capturing their prob-

abilistic distributions.
fi(x) ~ GP(mi(x), ki(x,x)), i =1,2,..,M (32)

Through batch parallel sampling, the model expands search coverage while maintaining
efficiency, balancing exploration of new optima and exploitation of existing

knowledge.
Dess = D U {(X5, £ (X7))} (33)

This method shows high optimization efficiency and stability under limited samples,
and handles nonlinear trade-offs among competing objectives, making it suitable for

complex material systems requiring balanced design.
As shown in Fig. 5, the optimization process generates a set of nondominated solu-

tions forming a Pareto front.
Pr={x"eX|Ax:fix) = fi(x"),Vi € {1,.., M}} (34)

@® Pareto-optimal front

°© o n.
® = 5

o
S
Adhesive Strength (kPa)

0.6

Fig. 5. Pareto front from g-EHVI-based multi-objective Bayesian optimization. Each point rep-
resents a nondominated solution showing trade-offs among tensile strength, flexibility, and ad-

hesion.

Each point on the Pareto front represents an optimal trade-off for a specific performance
preference, categorized into three pathways:

e Strength-Dominated Type: High tensile strength and structural stability.
o Flexibility-Dominated Type: High fracture elongation and deformability.
¢ Adhesion-Dominated Type: Strong interfacial adhesion and bonding capability.
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The Al model recommends candidate formulations aligned with target performance
objectives, providing customizable design strategies. This enables integration of data-
driven modeling and decision-making for efficient multi-objective material design.

2.5  Experimental Validation and Data Feedback

Selection of Validation Samples. To verify the reliability of the Al predictions, three
representative formulations were selected from the Pareto set: strength-, flexibility-,
and adhesion-dominated types. A traditional empirically designed formulation was
used as the control group to evaluate the optimization results.

SAI = {Xstrengthl Xﬂexibilityl Xadhesion}' Sbaseline = {Xempirical} (35)

All hydrogel samples were prepared according to Al-generated formulations and tested
under identical conditions. Mechanical strength, interfacial adhesion, and antibacterial
activity were evaluated. The Al-optimized formulations outperformed the baseline,
showing significant improvements in mechanical and adhesive properties.

Improvement Rate(%) = W x 100 (36)

baseline

The optimal formulation achieved ~X% increase in tensile strength and ~Y% increase
in adhesion strength, with prediction—experiment deviation within 10%.

Relative Error(%) = “J‘“if—_Pexpl x 100 <10 (37)

exp

mmm Baseline

1401 mmm Al-1 (Strength)
Al-2 (Flexibility)
| mmm Al-3 (Adhesion)

Performance Value

o o0 Ao Ao0
- 51(6“9 o o“ga*—‘o N)“aé‘f’ PDE'O‘Q“
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Fig. 6. Experimental validation of Al-optimized hydrogels, comparing performance metrics with
baseline samples and demonstrating the effectiveness of the closed-loop Al-experiment frame-
work.

As shown in Fig. 6, the results confirm that the machine learning model captures non-
linear relationships among performance metrics and shows strong predictive accuracy
and generalization.
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In summary, the agreement between Al predictions and experiments validates the
“Al prediction—experimental verification—data feedback™ closed-loop framework.

Desr = De U {(Xnew foxpGonew) )}, Mess = @M, D) (38)

This integrated system enables co-evolution of data, models, and experiments, support-
ing iterative improvement, model updating, and Al-driven optimization of hydrogel and
soft-matter materials.

Error Analysis and Model Refinement. Prediction errors mainly come from experi-
mental noise and limited coverage of the high-dimensional formulation space. To im-
prove generalization and stability, an Al—experiment feedback loop was built, where
new experimental results are added to the training set and periodically used for model
retraining and parameter updates.

As shown in Fig. 7, after several iterations, the validation R=increased from 0.95 to
0.99, while RMSE and MAE decreased, with improved balance across performance
metrics. This demonstrates that the closed-loop system enables continuous model up-
dating and improved predictive performance for hydrogel design.
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Fig. 7. Model refinement performance after iterative data feedback and retraining. The R? value
increased from 0.95 to 0.99, while RMSE and MAE values decreased correspondingly, demon-
strating improved prediction accuracy and model robustness.

3 Experimental Results and Discussion

3.1  Model Prediction Results and Key Parameter Analysis

Evaluation of Model Predictive Performance. Four machine learning models were
constructed and compared: Random Forest (RF), Extreme Gradient Boosting
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(XGBoost), Multilayer Perceptron (MLP), and Gaussian Process Regression (GPR).
Under five-fold cross-validation, model performance was evaluated across five mate-
rial properties: tensile strength, fracture elongation, adhesive strength, sensitivity, and
water absorption (Table 1). Among all models, XGBoost achieved the best predictive
performance, with average R=2> 0.90 and the lowest RMSE across all targets. RF
showed mild bias under high-dimensional coupled features; MLP exhibited strong fit-
ting ability but reduced training stability; GPR provided uncertainty estimation under
small-sample conditions but lower overall accuracy.

Table 1. Comparison of predictive performance among different models.

Model Average R>  Average RMSE  Training Stability  Feature Interpretability

RF 0.86 0.078 Moderate Good
XGBoost 0.92 0.061 High Excellent
MLP 0.88 0.083 Slightly low Weak

GPR 0.84 0.097 High Moderate

As shown in Fig. 8, the predicted values versus experimental measurements for the
XGBoost model are closely aligned along the diagonal, indicating high fitting accuracy.
Therefore, XGBoost was selected as the core predictive model for subsequent multi-
objective optimization and explainability analysis.

1.0 4 strength
Elongation
Adhesion

---- Ideal line
0.8 q

0.6 1

0.4 4

Predicted value

0.2 R? =095
- RMSE = 0.066

ood

—0.2 1

0.0 0.2 0.4 0.6 0.8 1.0
Experimental value

Fig. 8. Comparison between predicted and experimental values using the XGBoost model, with
different colors representing distinct performance indicators.

Feature Importance and Pattern Recognition. Feature importance was analyzed us-
ing SHAP (SHapley Additive Explanations). SHAP assigns each feature an additive
contribution to the model output, indicating its positive or negative impact across sam-
ples. This enables interpretation of how high-dimensional features influence predic-
tions and identifies key structure—property relationships learned by the model.
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As shown in Fig. 9, CQAS concentration, the AM/SA ratio, and MBAA content
emerge as the primary control factors for mechanical strength and adhesion. In addition,
the interaction between ionic strength (NaCl concentration) and CQAS concentration
has a marked influence on water absorption and sensitivity.

CQAS 1

MBAA 1

AM o

_.

@
53
w -]

Input features

0.00 O.bl 0.62 0.63 0.64 0.65 0.66
Feature importance (gain)

Fig. 9. Overall ranking of SHAP values for different performance metrics, highlighting the dom-
inant influence of CQAS concentration, AM/SA ratio, and MBAA content.
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Fig. 10. Partial dependence plots (PDPs) showing the nonlinear effects of key formulation pa-
rameters on adhesive strength and fracture elongation.

CQAS concentration increases electrostatic complexation between cationic and carbox-
ylate groups, enhancing interfacial adhesion and network toughness. Above ~0.6 wt%,
electrostatic shielding weakens interchain interactions, leading to microphase separa-
tion and reduced interfacial stability.

The AM/SA ratio controls stiffness—flexibility balance: higher AM increases tensile
strength and modulus but reduces flexibility; higher SA enhances ionic crosslinking
and energy dissipation, improving toughness and deformability.
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Partial Dependence Plots (PDPs, Fig. 10) show CQAS at 0.4-0.6 wt% maximizes
adhesive strength and fracture elongation, indicating an optimal balance between ionic
crosslinking and hydrogen bonding.

3.2 Multi-Objective Optimization and Al-Recommended Formulations

Multi-Objective Optimization Results. After selecting XGBoost as the surrogate
model, Bayesian Optimization (BO) with a Gaussian-process surrogate was used for
multi-objective optimization of the hydrogel system. The objectives included tensile
strength, fracture elongation, adhesive strength, and sensitivity, with constraints ensur-
ing gelation feasibility and physicochemical validity.

The BO process followed an iterative sampling—prediction—update loop and rapidly
converged to high-performance regions. As shown in Fig. 11, the objective functions
converged after ~40 iterations, indicating localization of the optimal formulation space.

Compared with the initial dataset, the optimized formulations achieved ~30-50%
improvement across performance metrics, while reducing experimental trials by >70%,
demonstrating high optimization efficiency and data efficiency of the Al-driven frame-
work.

J = Mean objective value
Variance range

-
=}

Normalized objective value
o o o
'S @ ®

=3
N

0 10 20 30 40 50
Iteration number
Fig. 11. Convergence trajectory of the multi-objective Bayesian optimization process. The ob-
jective function stabilizes after approximately 40 iterations, demonstrating convergence toward
the global optimum.

Pareto Front and Performance Trade-offs. Based on multi-objective Bayesian opti-
mization, a 3D Pareto front was constructed to analyze trade-offs among tensile
strength, adhesion strength, and toughness (Fig. 12).

The model identified a set of non-dominated solutions representing optimal perfor-
mance combinations, defining the Pareto frontier where improvement in one metric
necessarily leads to degradation in another.

The Al system identified three categories of optimized formulations based on design
priorities:

¢ High-Strength / Moderate-Adhesion Type: Optimized for mechanical robustness
and structural stability, suitable for high-load or support applications.
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¢ High-Adhesion / Moderate-Toughness Type: Designed for biological or wound-
contact interfaces where strong interfacial bonding and moderate flexibility are re-
quired.

e High-Sensitivity Type: Characterized by exceptional strain responsiveness, ideal
for applications in flexible or wearable sensing devices.

e
N

o
o
o
o

0.5

o
-~
Toughness (nory
Trade-off region intensity

Fig. 12. Three-dimensional Pareto front illustrating trade-offs among tensile strength, adhesion
strength, and toughness. Each point represents a Pareto-optimal formulation identified by the Al
optimization framework.

As summarized in Table 2, the three formulation categories show distinct performance
profiles and application orientations, demonstrating the customizability of the Al opti-
mization framework.

Table 2. Representative Pareto-optimal formulations and predicted performance outcomes.

Formula- AM:SA  CQAS MBAA  Dominant Performance
tion ID Ratio (wWt%) (wWt%) Enhancement
Strength +60%,

Application Type

P-A 31 0.4 0.20 Toughness +45% Structural support type
. Adhesion +70%, Flexi-  Biomedical dressing

P-B 2:1 0.6 0.10 bility +30% type

P-C 12 0.3 0.15 Sensitivity +80% RESpO”;‘ge”S'”g

The Pareto front analysis enables visualization of optimal regions in the multidimen-
sional performance space, providing guidance for targeted material design and perfor-
mance tuning.

Al-Recommended Formulations. Based on multi-objective optimization and Pareto
front analysis, the Al system selected three representative formulations for different
application scenarios:
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e High-Strength / High-Toughness Type (Formulation A): AM-dominated dual-
network structure enhances load-bearing capacity and energy dissipation, suitable
for structural reinforcement and sealing.

e High-Adhesion / Low-Modulus Type (Formulation B): Higher CQAS and lower
crosslinking density improve interfacial adhesion and flexibility, suitable for bio-
medical dressings and bioadhesive interfaces.

e High-Sensitivity / Sensing Type (Formulation C): Higher SA and lower CQAS
optimize ionic transport and strain responsiveness, suitable for flexible sensing and
strain detection devices.

As summarized in Table 3, all three Al-recommended formulations achieve syner-
gistic multi-property optimization while maintaining gelation stability and processing
feasibility. This demonstrates the capability of the framework for adaptive decision-
making and task-specific customization in high-dimensional material design.

Table 3. Al-recommended formulations and predicted performance.

Formula- AM:SA CQAS MBAA Dominant Performance A
Target Application

tion ID Ratio  (wt%)  (wt%) Enhancement
A 31 0.4 0.20 Strengtht, Toughness?t Structural relhforcement
/ sealing
B 21 06 010  Adnesiont, Flexibilityp o Omcoical dressing/
tissue adhesion
I 1:2 03 015 Sensitivityt Flexible sensing / strain

detection

The Al framework accelerates performance optimization and provides data-driven de-
sign guidance, enabling rational tailoring of hydrogels for different functional applica-
tions.

Strength - ==~ Traditional (Baseline)
Al-optimized

Swellilg B4 2 Elongation

Fig. 13. Radar chart comparing the performance profiles of Al-optimized and traditional empir-
ically designed hydrogel samples, illustrating the comprehensive multi-property improvement
achieved under Al guidance.
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Al-Guided Performance Enhancement. Compared with conventional optimization,
the Al framework reduced experimental iterations by ~70% and achieved ~40% aver-
age performance improvement. Adhesion strength increased by ~55% through opti-
mized interfacial bonding, and fracture elongation improved by ~45% via tuning cross-
link density and ionic interactions, without compromising mechanical stability.

A radar chart (Fig. 13) shows the Al-optimized sample outperforming empirical de-
signs across strength, toughness, adhesion, sensitivity, and antibacterial activity. This
demonstrates the ability of the framework to efficiently locate Pareto-optimal solutions
in high-dimensional design space while reducing experimental cost and iterations.

4 Conclusions

This study models the SA-CQAS system to map hydrogel formulations to performance,
achieving R=2> 0.9. SHAP analysis highlights CQAS content, crosslink density, and
SA/AM ratio as key variables. Bayesian optimization guides iterative experiments, and
closed-loop validation improves predictions. Al-optimized formulations achieve 30—
60% improvements across key properties.

Disclosure of Interests. The authors have no competing interests to declare that are relevant to
the content of this article.
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