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Abstract 

The use of polymers in biomaterials was now key to designing the next generation of medical implants, 

which need to be strong and also compatible with living tissue. Tests for biocompatibility, such as those 

done in the laboratory and by doing experiments on animals, require much time and many resources, 

so the need for computer-based approaches becomes clear. An artificial intelligence approach was 

provided in this study to determine how polymer composites are biocompatible according to main 

physical, chemical, and mechanical factors. A synthetic clinical dataset made up of surface roughness, 

elastic modulus, degradation rate, hydrophilicity, tensile strength, and cytotoxicity was created and 

examined. During data preprocessing, I normalized the data, coded all the categorical variables, and 

imputed the missing entries. The research team used support vector machines and ensemble methods 

to classify biological compatibility and tested convolutional neural networks (CNNs) on the images of 

cell morphology. A combination of feature importance analysis, correlation maps, and visual analytics 

allowed us to find out which attributes guide cellular interactions the most. These models were found 

to be reliable by measuring accuracy, precision, recall, and ROC-AUC. The results confirmed that AI 

systems could model the complex ways in which materials affect biological results. Making sure data 

was correct, algorithms could be understood, and 

their results interpretable helped ensure matter in 

clinical practice. This study shows that machine 

learning can help in designing better biomaterials, 

speeding up experiments, and promoting safer 

implants for different needs in regenerative 

medicine. 
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INTRODUCTION 

The AI in biomaterials has made data 

interpretation faster, lowered the cost of research, 

enabled personalized design of materials, and 

enhanced the accuracy of prediction. Using AI for 

the initial assessment of polymeric materials can 

help cut out most in vivo tests and reliance on 

animals. It helps repeat experiments, uncovers fresh 

material pairings, and allows scientists to optimize 

workflows in a timely manner. For this reason, AI 

cannot be ignored in today’s biomaterials research 

and development. The use of AI has greatly 

improved the validation and safety of material for 
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biomedical uses. To test if materials are harmful to living tissues, scientists often use assays on cells 

and conduct animal experiments, which are slow, expensive, and not enough for large-scale testing [1]. 

In medicine, machine learning (ML) and deep learning (DL) can find detailed patterns in experimental 

data and help predict how in vivo materials behave very well. Using these technologies, scientists can 

foresee if cellular adhesion, toxicity, and activation of the immune system will occur when using a 

particular material [2]. 

 

Various models, like support vector machines (SVMs), random forest classifiers, and artificial neural 

networks (ANNs), have been used in recent times to determine the biocompatibility of new polymer 

composites. Improvements in unsupervised learning and reinforcement learning have played a role in 

uncovering the best material combinations and updating how fabrics are made [3]. How useful AI 

models are depends on knowing biomaterial interactions and the rules set up for their assessment. 

Cytocompatibility, hemocompatibility, genotoxicity, and immunomodulation are major areas that need 

to be tested by means of in vitro assays or animal studies [4]. Standardized protocols and advanced 

technologies have both made it simpler and more accurate to assess medical devices. Safety and 

function of materials in the body are often verified using data collected from small experiments and 

large databases [5]. PLA, PCL, PEG, and PMMA are often chosen for their ability to be adjusted in 

terms of aging and physical properties. Supplies comprehensive datasets for training AI models through 

integrating information from PubChem, MatWeb, and the Materials Project. Methods like PCA are 

applied to molecule weight, hydrophilicity, surface texture, and how quickly a molecule degrades to 

optimize the inputs for the model. With the help of CNNs, high-tech imaging devices can now be used 

to study and model the processes of genes in cells [6-7]. 

 

Molecular dynamics (MD), coarse-grained modeling, and finite element analysis (FEA) allow 

scientists to understand both the interactions happening at the nanoscale and the overall behavior of 

materials. They allow researchers to understand and predict how composites behave under mechanical, 

chemical, and biological stresses in different settings. Nevertheless, bringing AI-improved biomaterials 

into use for patients depends on strict compliance with rules, close teamwork, and taking ethics into 

account. Agencies such as the FDA and EMA regularly update their approach to AI in medical 

technologies, but standard rules for testing and confirming AI are still in the process of being developed 

[8]. When it comes to AI in healthcare, addressing data bias, ensuring users understand how the model 

works, and focusing on patient consent are key. Thanks to AI, scientists are able to predict the way 

polymer composites work in the body, making it easier and faster to design safe and effective medical 

implants for each person [9]. 

 

Recent advancements in artificial intelligence have significantly enhanced the design and 

functionality of biomedical materials. AI-assisted techniques are now capable of optimizing scaffold 

architectures, predicting mechanical strength, and modeling degradation behavior with high accuracy. 

Integration of deep learning with imaging tools such as SEM and CT scans enables accurate evaluation 

of porosity, structural integrity, and cell-material interactions. Additionally, AI-driven 3D printing 

technologies have allowed the fabrication of patient-specific implants with multifunctional 

performance, minimizing the need for manual customization. Emerging generative models are also 

being employed to accelerate material discovery and streamline formulation processes, offering rapid 

screening of candidate biomaterials for specific medical applications. Furthermore, machine learning is 

increasingly applied in smart biomedical devices, enabling real-time monitoring and adaptive feedback 

during clinical use. 

 

RESEARCH GAP 

Even with progress being made in biomaterials, there was still a need for significant AI-based 

research on assessing the biocompatibility of polymer composites in medical implants. Methods 

currently used aren’t supported by sufficient, reliable datasets that detail both the makeup of cells and 
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the cellular actions related to cytotoxicity, immunogenicity, and tissue integration [10]. Since few 

studies cover long-term results in vivo, it was difficult to rely fully on the predictions from AI. At 

present, most of the machine learning and deep learning methods show good promise but do not manage 

to connect changes at the molecular level with results at the organ scale. This restricts the accuracy and 

usefulness of predictions made using simulations. Missing from these systems are explainable AI 

methods that help increase understanding and trust among clinicians. Bias, privacy, and understanding 

models all create major hurdles for AI in clinical applications [11]. For this reason, systems are required 

that bring together standard data collection, efficient forecasting, different levels of simulation, and 

strict ethics to support the safe and successful application of polymer composites in medicine [12]. 

 

 
Figure 1. Methodology flowchart. 
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RESEARCH METHODOLOGY 
Material Selection: Biomedical Polymers and Functional Reinforcements 

The study centers on identifying and utilizing polymers that have a history of meeting high standards 
in the medical field as the research methodology shown in figure 1. These biomedical polymers are 
chosen due to their proven history of application in medical devices and implants. These materials are 
chosen for their distinct features. PLA offers biodegradation and is well-suited for materials requiring 
only short-term implantation; PEEK stands out for its resistance to fracture and the advantage of being 
radiolucent in medical imaging; PMMA demonstrates optical transparency and biostability; and PEG 
contributes significant hydrophilic and biocompatible properties. These polymers are screened based 
on their mechanical properties, degradation characteristics, ease of sterilization, and evidence of 
biocompatibility from regulatory data and scientific literature [13]. 

 
Fillers are added to these polymers to improve their mechanical, electrical, or functional properties. 

Nanoscale and microscale reinforcements such as carbon nanotubes (CNTs), graphene oxide (GO), and 
hydroxyapatite (HAp) are integrated to enhance the polymers’ properties. CNTs boast an outstanding 
combination of mechanical strength and electrical properties, allowing them to bolster both the 
structural properties and sensor function of polymer implants. Graphene oxide boasts exceptional 
surface area and versatility in modification, which makes it a promising option for drug delivery or 
functional coatings. Hydroxyapatite was added to encourage bone regeneration and boost tissue 
adherence in artificial implants designed for hard tissues. Advanced design strategies leverage the 
combination of polymers and reinforcements for creating polymer-based materials with enhanced 
properties needed for targeted biomedical applications [14]. 

 
Every composite material was analyzed for its target mechanical, chemical, and biological 

performance attributes prior to mechanistic design and fabrication. A scoring system was applied during 
the selection process that takes into consideration the material’s mechanical properties (e.g., Young’s 
modulus and yield strength), rate of degradation (e.g., hydrolysis and bioresorption profiles), and its 
contribution to a desirable biocompatibility and limited inflammatory response in the body [15]. 
Compatible material pairs are selected both on the basis of technical merit and conformance with 
pertinent standards and practices for medical applications. This approach selects a dataset for AI training 
that is representative of both the full range of available materials and any specific criteria [16]. 
 

Standardized data was created for every material selection to enable AI systems to accept the 
materials seamlessly. This structured data contains information on the chemical makeup, fillers’ particle 
sizes, processing heat ranges, and previous toxicity or in vivo test results associated with each material 
[17]. With this information, we can build an input matrix for advanced AI models in subsequent stages 
of the research process. Materials are annotated with binary and multiclass labels to train AI models for 
classification problems such as biocompatibility or mechanical failure prediction and regression for 
quantifying functional material attributes. By organizing materials into categorical and quantitative 
properties, the AI system can learn complex interrelations between chemical makeup and clinical 
efficacy [18]. 
 

This phase focuses on both delivering quality inputs to the AI model and ensuring that the material 
design reflects the requirements of particular biomedical uses. For example, formulations designed for 
use in cardiovascular devices place a greater focus on reducing thrombus formation and enhancing 
flexibility, whereas composites intended to support bone regeneration place importance on improving 
stiffness and promoting bone adhesion [19]. The AI model was able to predict material characteristics 
by considering target applications and setting appropriate limits on the feasible choice of materials. This 
approach integrates materials science and artificial intelligence to enable robust and reliable assessment 
of material biocompatibility [20]. 
 

Development and Application of AI Models for Polymer Composite Optimization 

The next step was to incorporate artificial intelligence in the process for designing and optimizing 

polymer composites that are used in medical implants. A variety of datasets are compiled by bringing 
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together information from published studies, material data repositories, and numerical simulations [21]. 

These datasets include input parameters like the type of polymer, filler shape and quantity, and 

fabrication technique, as well as outputs that measure material properties such as tensile strength, 

Young’s modulus, and cellular interaction. The datasets undergo data standardization, feature 

identification, and insight removal to guarantee robust training data for the AI models. Such carefully 

organized data allow the creation of AI algorithms that can identify and predict how different 

combinations of material characteristics influence important biomedical performance factors [22]. 

 
Different machine learning methods, such as support vector machines, decision tree regressors, 

random forests, and artificial neural networks, are used to model and forecast the physical and biological 
characteristics of the composites. The models are trained using multi-parameter data to discover less 
apparent associations between material ingredients and their properties [23]. The models are able to 
implicitly extract information on filler dispersion, polymer crystallinity, and interfacial bonding in order 
to predict tensile strength and bioactivity of the composites. Performance metrics like MAE, R², and 
cross-validation accuracy are used to demonstrate that the models can be relied upon to accurately 
predict mechanical and biological properties of novel composite materials [24]. 

 
The AI models are used to optimize composite materials in terms of performance for a wide range of 

medical applications. Multiple objectives are considered simultaneously to strike a balance between 
properties of interest, such as maximizing strength and biocompatibility at the same time [25]. Powerful 
optimization approaches like genetic algorithms, particle swarm optimization, and Bayesian 
optimization are applied to systematically explore different polymer-filler compositions that promise 
the best possible set of properties. The generated solutions are tested by means of simulations or by 
comparing them to previous studies, thus ensuring the design cycle was complete [26]. 

 
AI was used to predict and experiment with the effects of manufacturing conditions on composite 

properties. Methods such as regression or deep learning are used to study how processing parameters 
like curing time, extrusion temperature, and mixing speed affect the property evolution of the composite 
[27]. The process simulations indicate the optimal range of parameters for carrying out manufacturing 
techniques like injection molding and 3D printing. Process simulations using AI quicken product 
development and limit the wastage of raw materials. 
 

The application of artificial intelligence significantly improves the efficiency of the materials design 
process while also enabling more accurate engineering of biomedical composite materials. Testing 
multiple scenarios and evaluating the composite’s response at both physiological and mechanical levels 
allows the models to forecast the effectiveness, longevity, and safety of the biomedical implants [28]. 
These predictions help clinicians and engineers identify material combinations that are more likely to 
perform well in living tissues, thus minimizing the need for expensive animal studies or long-format 
clinical trials. Overall, the intelligent design and optimization system powered by artificial intelligence 
was a fundamental enabler for novel ideas and advances in engineering biomedical polymer composites 
[29]. 

 
AI-Guided Application and Monitoring of Biomedical Polymer Composites 

Polymer composite materials used in biomedicine can exhibit different levels of efficacy depending 
on the chosen fabrication technique. The study focuses on innovative fabrication methods such as 3D 
printing, electrospinning, solvent casting, and compression molding to fabricate implants with well-
designed microstructure and nanoscale components [30]. were chosen specifically for their 
compatibility with polymers like PLA, PEEK, and PEG and their capability to maintain the strength of 
nanofillers such as carbon nanotubes and hydroxyapatite. Each fabrication method provides unique 
advantages for manufacturing various types of biomedical devices [31]. 

 
AM was highlighted for its capability to fabricate custom and complex shapes on demand. AM 

enables the fabrication of personalized implants by selectively incorporating nanofillers to achieve the 
desired stiffness gradient and porous structure. A range of parameters, including the nozzle temperature, 
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layer height, extrusion velocity, and infill density, are carefully controlled and improved by employing 
AI models [32]. The AI predicts defects that arise during printing and identifies changes in print 
parameters to prevent their occurrence. These close process control parameters are essential to achieve 
consistent performance of implantable devices and ensure their regulatory approval and successful long-
term use [33]. 
 

Electrospinning was used primarily to develop fibrous scaffolds for applications in tissue 
engineering. Polymers are drawn into ultrathin strands simulating the architecture of tissue fibers. 
Adding various fillers to the electro spun fibers improves cell attachment, growth and medication 
uptake. Optimal values for variables like applied voltage, solution viscosity, and collector distance are 
determined by AI-based tools to achieve uniform fiber diameters, controlled porosity, and robust spin 
integrity. Computer models predict how environmental factors influence fiber generation. This helps 
reduce errors and waste during scaffold fabrication [34]. 

 
These manufacturing techniques produce composite sheets and films that find applications in sectors 

such as prosthetics and medical devices. Phase separation and filler agglomeration result when solvent 
casting is not performed correctly. AI enhances the prediction of solvent evaporation, enables the 
detection of filler clumping, and identifies regions prone to strain accumulation. Likewise, the pressure, 
mold temperature, and dwell time are efficiently regulated by AI in order to yield the desired properties, 
such as density uniformity, uniform surface appearance, and mechanical behavior [35]. 

 
The integrated AI in this system continuously monitors and predicts how fabrication conditions like 

temperature, pressure, and time influence properties like porosity, crystallinity, tensile strength, and 
biocompatibility. This integration of intelligent fabrication methods and predictive models results in the 
development of customized composites with tailored properties for various medical applications. AI-
driven fabrication overcomes the challenges of translating design concepts into commercial-scale 
manufacturing, ensuring that innovative polymer composites can be mass-produced and evaluated in 
patient care [36]. 

 
Implementation of Artificial Intelligence in Biomedical Polymer Composite Applications 

Artificial intelligence revolutionizes how polymer composite materials are designed and utilized in 
the field of medicine. AI technologies allow for the exact optimization of polymer composites to fulfill 
the requirements of various medical applications, including bone implants, delivery devices, and tissue-
like scaffolds. AI algorithms use patient information from diagnostic tools such as MRI and CT scans 
to create implants that match the patient’s anatomy precisely and ensure adequate mechanical 
performance to minimize the risks of fractures or premature failure. This method enables personalized 
treatments because it enables the fabrication of implants tailored to individual patients, which improves 
effectiveness and reduces the risk of adverse events [37]. 

 
AI enhances the capability to monitor polymer composites during their use by providing on-demand 

assessment via integrated smart sensors. Embedded sensors monitor changes in temperature, pH, or 
mechanical stress occurring within the implant during usage. Algorithmic analyses track fluctuations in 
the sensor readings to identify indications of implant malfunction, inflammation, or infection at their 
earliest stages [38]. The system gives medical staff advance warnings about possible adverse events, 
allowing them to respond ahead of symptom onset. The system enables passive implants to behave as 
smart, responsive devices that can detect problems and provide their own feedback, representing a 
significant achievement in biomedical engineering. 

 
AI was useful in selecting and improving polymeric materials in a wide range of bioengineering 

projects. AI models accurately forecast the delivery rate of drugs from implants using insights from 
polymer properties and the distribution of drug-carrying particles. It allows customizing the properties 

of composite materials for targeted adjustment of drug release rates. AI-assisted material selection 
guarantees that load-bearing implants satisfy the required strength criteria and are safe for the patient, 

thus minimizing the chance of implant failure or unwanted tissue reactions [39]. 
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AI significantly improves the accuracy of imaging-based analyses in biomedical composite 

applications. Applying computer vision algorithms to CT and MRI scans allows for analyzing the 

degree of implant integration, bone growth within implants, and the surrounding tissue’s response to 

the polymer composite. AI algorithms measure indicators like implant shifting, material bonding, and 

changes in the surrounding tissue as an implant degrades [40]. This technique enables more precise 

follow-up evaluations that guide the refinement of the composite design and surgical procedures. 

 

By integrating AI into biomedical composite applications, a self-improving data environment was 

created. The results obtained from patients, sensors, and imaging contribute to refining AI models’ 

interpretations and material recommendations. This approach facilitates a swift response to new clinical 

scenarios and patient requirements, propelling polymer composite innovations more quickly from 

development to clinical use. AI-guided materials engineering in biomedical applications leads to the 

next generation of smarter, safer, and more effective medical implants. 

 

AI-Based Characterization and Predictive Modeling of Polymer Composites for Biocompatibility 

Predicting the biocompatibility of polymer composites was essential to successfully creating 

implantable devices that can safely be placed within the body. Predicting biocompatibility has typically 

required extensive cellular assays on isolated cells as well as laboratory testing on live animals, making 

the process both expensive and lengthy. AI provides a significant advantage in rapid and economical 

estimation of how materials will respond in the body using readily accessible information. AI models 

were trained using data sourced from reputable biomedical resources like PubChem and MatWeb along 

with relevant ISO 10993 standardization results to forecast the compatibility of polymer composites 

with living cells and blood. It allows researchers to rapidly evaluate numerous potential biomaterials 

prior to complex and expensive in vivo testing. 

 

The models are trained using parameters such as polymer type, tensile strength, surface energy, 

degradation rate, and molecular interaction characteristics. Methods such as Principal Component 

Analysis (PCA) promote analysis and modeling of numerous, interrelated data points in an easily 

understandable and efficient way. A range of machine learning and deep learning methods are examined 

and tested, including Support Vector Machines, Random Forest, Gradient Boosting algorithms like 

XGBoost, and architectures such as Convolutional Neural Networks and Artificial Neural Networks. 

Simulation-based data—including molecular dynamics (MD) and finite element analysis (FEA)—are 

incorporated to enhance the models’ ability to anticipate how materials will react at the molecular and 

microscopic levels. 

 

In order to improve osteointegration and regeneration, composite materials in this field combine 

polymers with bioactive ceramics, specifically hydroxyapatite and β-tricalcium phosphate. Such 

polymer-ceramic composites have unique benefits, as the polymers make the structure strong, while 

ceramics give the material a bioactive ability. Characteristics such as the crystalline form, presence of 

pores, roughness of the surface and protein/cell-material interaction are used in the model. These factors 

are key for understanding the attachment, growth, and way the body defends the materials in the 

implant. 

 

The preprocessing of datasets plays a crucial role since info received from clinical and experimental 

studies often contains missing data or discrepancies. Missing values are resolved using KNN and 

multiple imputation approaches. In addition, continuous features like tensile strength, degradation rates, 

and area under the curve are normalized using methods such as z-score and min-max scaling. 

Categorical features such as polymer, surface treatment, and biological test are encoded with techniques 

like one-hot encoding and label encoding so that they can be incorporated into the AI models 

seamlessly. Preprocessing procedures enable the predictive model to perform accurately with diverse 

and naturally occurring data using effective data transformation methods. 
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The robustness of models was verified using k-fold cross-validation to estimate different metrics such 

as accuracy, precision, recall, F1-score, and receiver operating characteristic area under the curve 

(ROC-AUC). Explanation methods uncover the features that substantially impact model decisions, 

revealing crucial factors shaping material biocompatibility. At the same time, CNNs interpret SEM and 

fluorescence microscopy images, evaluating how cellular features like shape, attachment, and growth 

respond to exposure to different polymer types. Data preprocessing at the image pipeline stage enables 

the model to accurately identify different cellular behaviors based on imaged patterns. Integrating 

compositional data-driven SVMs with image-based CNNs allows simultaneous assessment of material 

characteristics and cellular reactions. This information aids in developing optimal biocompatible 

polymer composites. 

 

Combining AI-powered analysis and forecasting significantly cuts down the time spent in traditional 

testing and development of biomaterials. Integrating experimental, clinical, and simulation data enables 

accurate predictions of the polymer composite’s performance in the body, facilitating the development 

of targeted implants that ensure greater safety and effectiveness. This approach simplifies material 

selection and optimization while ensuring greater reproducibility and scalability of medical polymer 

composites, thereby facilitating the translation of intelligent biomaterials into clinical practice. 

 

RESULTS & DISCUSSION 

 igure 2 shows how the average strength of cell attachment changed with each of ten test runs for 

four different polymers: P A, PC , PEG, and PMMA. Along the  -a is, the "Test Number" shows you 

similar tests that were done the same way to check if the results are consistent. The y-a is shows how 

well cells stick to the surface of a material, which was really important for whether the material can 

actually be used in medicine. The stacked area chart format helps you see how each type of polymer 

adds to the overall strength of the glue as time goes by, making it easier to follow how the material gets 

stronger and notice which ones work better. 

 

 rom the chart, it's easy to see that P A often has the strongest grip on blocks, and you can tell this 

because it always appears at the bottom, which means it has the biggest depth out of the materials tested. 

This dominance means that when looking at how surfaces are made, things like how rough they are or 

how much energy they have can help support strong cell attachment. PC  comes ne t, then PEG, and 

finally PMMA, and all of these steps help reduce the si e of the chemicals left in smaller parts. This 

means that even though all four materials can help things stick together, P A and PC  are especially 

good picks when it comes to bio-related uses like putting scaffolds in the body, making implants, or 

using them as coverings for wounds. 

 

 
Figure 2. Average cell adhesion per polymer-test number. 
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Figure 3. Degradation rate across cytoto icity levels. 

 

Annotations and interactive points (like the highlighted PMMA result for Test 3) make the graph 

much easier to understand. help point out certain qualities and actions of each polymer, making the 

analysis easier to understand. It was clear from all the polymers that subsequent testing led to better 

adhesion for all of them. It was worth noting that steady changes are seen for PEG and PMMA, while 

the sharp incline for P A and PC  means these materials react more quickly or dynamically to changes 

during testing. By looking at this visuali ation, we can learn about the effectiveness and reliability of 

different biomaterials over time. As researchers see the performance of each polymer over time, they 

can note which top performers deliver the desired outcome again and again, which is important for the 

design of medical devices used long- term. 

 

In Figure 3, we can see how degradation rates (in mg/day) vary for assets at different cytotoxicity 

levels. Low, Medium, and High. The values in every box are those found in the middle 50% of the set. 

The straight line inside each box shows the median rate at which degradation happens, and the whiskers 

go out to include the lowest and highest values observed, except for any extreme outliers. 

 

The chart shows that there was little variation in the central tendency of degradation when looking at 

the three cytotoxicity categories. Yet, there are some finer points in how data gets passed around. More 

variation and uncertain behavior in breaking down are seen in the High cytotoxicity group, since its 

range was broader and the low end falls away from the rest of the group. Medium has a similar central 

tendency and degree of variation to the others, underlining how stable are. All in all, the findings show 

that the cytotoxicity levels were not strongly related to the degradation rate in the data used here. 

Cytotoxicity have an influence on cell functions, but it does not strongly change material break-down 

performance in the tested conditions. This was especially useful when selecting materials for biomedical 

uses, as the consistent loss of material was usually desired, regardless of the toxicity tested in the 

screening. 
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Table 1. Descriptive statistics. 

Record 

ID 

Filler 

content 

(%) 

Surface 

roughness 

(µm) 

Hydroph

ilicity (°) 

Tensile 

strength 

(MPa) 

Elastic 

modulus 

(MPa) 

Degradation 

rate 

(mg/day) 

Cell 

viability 

(%) 

Biocomp

atible 

200.0 200.0 200.0 200.0 200.0 200.0 200.0 200.0 200.0 

100.5 15.23 5.07 57.97 55.02 1531.46 1.05 75.14 0.69 

57.88 8.78 1.17 16.82 10.2 237.33 0.58 14.08 0.46 

1.0 0.15 1.11 31.2 28.03 894.03 0.06 50.38 0.0 

50.75 7.44 4.24 42.52 47.94 1368.78 0.51 62.84 0.0 

100.5 15.62 5.07 57.2 54.95 1528.03 1.1 75.95 1.0 

150.25 22.91 5.84 71.76 61.64 1679.58 1.51 86.3 1.0 

200.0 29.7 7.63 89.4 81.32 2131.73 2.0 99.71 1.0 

 

In Table 1, you can find a summary of clinical polymers that gives important information about their 

variability and distribution in key parameters for biocompatibility. Across numerical fields, the data 

showed a high level of consistency, with the means all falling within what was biologically acceptable. 

It was found that 75.14% of the cells were viable, and values varied between 50.38% and 99.71%. 

Because of this distribution, one can say that the studied polymers are usually compatible with cells and 

therefore fit for biomedical research. 

 

It was found that the mean surface roughness was 5.07 µm, and the highest value reached was 7.63 

µm. These values indicate a moderate to high level of micro-te ture on the surface, and this has been 

linked to better adhesion of cells to implants. The degree of hydrophilicity, shown by contact angle 

measurements, was between 31.2 and 89.4, averaging 57.97°. Wettability at a moderate level allows 

proteins to adsorb and cells to attach well, avoiding the risks of swelling and instability connected to 

very hydrophilic surfaces. 

 

Mechanical property data help make the dataset more useful by giving more details about how the 

materials are used or behave. Tensile strength had an average difference of 10.2 megapascals, while the 

elastic modulus had a bigger range with an average difference of 237.3 megapascals. This variability 

means you see different types of materials used, including fle ible and somewhat firmer plastics. 

Importantly, the dataset includes polymers that are weak when pulled apart, which can be useful for 

things like biodegradable parts or systems that slowly release medication, and it also has materials that 

can hold up to strong forces (over 2100 MPa), which are good for things like bone replacement products. 

 

Degradation rate data showed a lot of difference, going from 0.06 mg per day all the way up to 2.0 

mg per day, with an average of 1.05 mg per day. This range shows that bones can use materials that 

break down fast as well as ones that stay in the body longer. Such diversity was especially important 

for things like body scaffolds, where the amount of time the material takes to break down should match 

how fast a body can grow back damaged tissue. At the same time, looking at how different materials 

break down, what their surfaces are like, and how strong they are makes it possible to come up with 

useful and fle ible ways to predict how well biomaterials work with the body.  

 

As seen in Figure 4, a 3D plot maps how Elastic Modulus varies with different kinds of polymers and 

measurement samples. Using this Figure allows researchers to explore the stiffness properties of these 

materials. The vertical (z) row labels the Elastic Modulus, and the horizontal rows identify the sample 

and type of polymer by numerical code to allow for them to be directly compared. 

 

The Elastic Modulus change over the specimen was marked by using a color gradient from dark blue 

to bright yellow. A given region was blue when the Elastic Modulus was low and yellow when it was 

very high. By watching the color change, it was easy to identify the polymers and samples with the best 

mechanical performance. 
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Figure 4. 3D Surface of elastic modules across polymers. 

 

 
Figure 5. Pairwise comparison of polymer properties by cytoto icity. 
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Modulus measurements vary notably. It be due to variations in processing, assemblage, or because the 

materials consist of heterogeneous sections. Detecting these patterns was important when judging how 

well and dependably polymers work in applications where their mechanical properties matter. 

 

Figure 4 explains how clinical polymers exhibit mechanical behavior. Precise and accurate 

mechanical results are only possible when you use the correct polymer and ensure your samples are of 

good quality. Thanks to the 3D surface plot, researchers can compare and analyze the stiffness of 

polymers in different ways, leading to valuable and useful observations. 

 

In the bottom section of the matrix, data points on scatter plots are colored by how much cytotoxicity 

was present in each sample and show the correlation between various properties. The plots show how 

various groupings of pharmacodynamic properties contribute to different cytotoxicity classes. Green 

clusters in the elastic modulus–degradation rate plot are consistently separated from red clusters across 

several experiments, suggesting that how stiff the implant was and its ability to degrade could have an 

impact on how cytotoxic it is. 

 

There was a bigger quantity of high immune response samples observed in the class where 

cytotoxicity levels are the highest. According to this idea, increased immune reaction could be 

connected to materials that are not as biocompatible, so it could be used as a possible biological tool for 

early identification. 

 

Overall, Figure 5 gives a strong overview of how polymer components influence whether a material 

is cytotoxic. The visual representation of the data helps detect patterns and supports coming up with 

possibilities, in this case whether changing either the mechanical or degradation aspect could help 

reduce cytotoxic effects. Consequently, the data from this model help identify what properties of 

polymers are important and should be further studied through experiments. 

 

As shown in the Table 2, most types of polymers are represented in the data set in a balanced way: 

there are 54 PMMA and PCL samples in the data and 46 PLA and PEG samples, too. With all classes 

having the same number of observations, the input for the models was structured properly, reducing the 

chance of class imbalance biasing how the machine was trained or reducing its general ability. 

 

Because of its stiffness and ability to last, PMMA was often used in tasks where non-degradable load-

carrying materials are needed. Meanwhile, PCL—which is a biodegradable, much-used material 

approved by the FDA—takes the opposite position in the material spectrum compared to silicone. 

Having almost the same number of cases for both polymers highlights how the dataset covers all the 

main categories of materials and allows AI to grasp the balance between long-term usage and body-safe 

decomposition. 

 

While both PLA and PEG are well-known in biology for being biodegradable and hydrophilic, they 

are applied less frequently in studies than PMMA and PCL, but this does not affect their use for our 

study. PEG was an especially important part of PH because it’s often used as a modifier for surfaces 

and as a component in hydrogel. Being both soluble and water-loving, these materials add additional 

variety to the dataset, allowing for more comprehensive evaluations of biocompatibility compared to 

just using base materials. 

 

Table 2.  requency of polymer types. 

Polymer type Count 

PMMA 54 

PC  54 

P A 46 

PEG 46 
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Table 3. Mean cell viability by polymer type. 

Polymer type Cell viability (%) 

PC  72.34 

PEG 74.53 

P A 74.45 

PMMA 79.03 

 

Researchers can easily interpret the link between the four types of materials and the studied responses 

because the data set was balanced among the four polymer classes. Using this method ensures that 

predictions are reliable and helps create models that can be applied in different areas of material 

screening and design associated with biocompatibility. 

 

The data in Table 3 summarize differences in the viability of cells when in contact with four polymer 

materials: PMMA, PEG, PLA, and PCL. According to the results, PMMA has the greatest cell viability 

at 79.03%, proving it to be biocompatible in spite of not being degradable. Because the PMMA releases 

similarly low levels of substances, it was likely that its stable composition leads to the same biological 

reaction. 

 

The viability of cells grown in PEG and PLA was reported at 74.53% and 74.45%, respectively. Even 

though these polymers can degrade naturally, they display good cell compatibility, suggesting that their 

building blocks and combination matter more than their biodegradation. Possible reasons for the reliable 

cell viability of PEG are its ability to prevent protein from sticking and to add moisture, making it 

particularly effective for antifouling and drug delivery. 

 

The cell viability of PCL cells was 72.34%, which was the lowest among the tested materials. Its 

performance not being as high as other biomolecules could be because there was more variability in 

how the samples were treated, or perhaps mildly cytotoxic residue was present. PC ’s lipophilic quality 

could result in poor cell growth and attachment when put up against PEG or PLA, which are more 

hydrophilic. Because it can break down and was FDA-approved, it was good for certain applications 

that stay in the body for long periods. 

 

 
Figure 6. Mean feature values per polymer. 
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The information from this table was very helpful for materials scientists and biomedical engineers 

when they are performing early screening of materials. Studying viability trends related to polymer 

types plays a key role in tailoring formulations for biomedical uses that require live cells to be kept 

alive. Including these viability values as dependent variables or constraints in machine learning models 

can improve the accuracy of tools used for predicting the biocompatibility of different materials. 

 

Figure 6 presents a heatmap visualization that encapsulates the mean values of several critical 

biocompatibility and mechanical properties across four polymer types: PCL, PEG, PLA, and PMMA. 

The matrix-style format arranges polymer types along the vertical axis and evaluates seven key 

features—surface roughness, hydrophilicity, elastic modulus, degradation rate, cell adhesion, immune 

response, and encrypted cytotoxicity—across the horizontal axis. Each cell within the matrix reflects 

the average value of a property for the corresponding polymer, with color intensity providing an 

immediate cue for comparative analysis. 

 

The heatmap effectively captures subtle yet informative inter-polymer variations. PMMA, for 

instance, e hibited the highest mean surface roughness (2.9 μm), potentially enhancing mechanical 

interlocking with tissues in structural applications. Conversely, PEG displayed the highest 

hydrophilicity (0.57), reflecting its affinity for aqueous environments and its utility in anti-fouling or 

hydration-centric biomedical functions. The elastic modulus values across all polymers were relatively 

uniform—ranging between 2700 to 2800 MPa—suggesting comparable stiffness and suitability for 

load-bearing applications such as orthopedic or dental implants. 

 

Biologically relevant parameters further reveal key distinctions. P A recorded the highest average 

cell adhesion (69%), indicating enhanced cellular compatibility and surface interaction, which was 

advantageous for applications like scaffolds or coatings that require high tissue integration. Immune 

response scores varied slightly across polymers, with PEG registering the lowest average (0.41), 

implying reduced immunogenicity, and PMMA the highest (0.52), suggesting a relatively higher host 

reaction. Notably, PEG also e hibited the highest encoded cytoto icity score (1.4), pointing to a 

potential dichotomy between its favorable hydrophilicity and marginally adverse cellular response. 

 

Overall, this heatmap serves as a powerful comparative tool that condenses comple  multi-

dimensional data into a format that supports intuitive evaluation of polymer performance. It allows 

researchers to rapidly assess trade-offs between mechanical strength and biological compatibility, 

ultimately aiding in the informed selection of materials for specific biomedical applications such as 

tissue engineering, drug delivery systems, or implant design. The holistic perspective it offers enhances 

decision-making during both material formulation and model-based biocompatibility prediction. 

 

Table 4 shows how toxicity can differ depending on what type of plastic each group was made up of, 

which helps us understand how different kinds of plastics affect our bodies. Among the studied 

polymers, PEG showed more cells being damaged by the chemicals in it, and eight out of the 54 samples 

had a lot of toxicity to the cells. This result suggests that there may be some problems with higher 

amounts of these chemicals being toxic, especially if big-si ed PEGs are used or if the coatings aren’t 

done well enough with chemical bonding or mi ing different polymers. This finding shows that it’s 

really important to make sure the formula was proper and that the surface of medical devices was treated 

well, because otherwise PEG can cause problems for the body. 

 

Table 4. To icity count by polymer type. 

High Low Medium 

5 29 20 

2 28 16 

3 33 10 

8 26 20 
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PCL and PMMA both tend to be safe for use in most studies, showing that they are well-known safe 
materials for use in the body. Only 2 samples out of 19 for PCL and 5 out of 21 for PMMA were put in 
the high toxicity group, showing that both materials are generally safe to use. The stability of moderate 
toxicity classifications across most polymers further suggests that the variable results in this range do 
not have anything to do with the material itself but could be caused by things like how the substance 
was made, what was added to it, or how it’s tested in the lab. These results suggest that sticking to the 
same manufacturing process and avoiding any contamination during manufacture help make 
pacemakers safer for the body. 

 
PLA was interesting because it has the most instances with low toxicity (33 samples) and very few 

samples with high toxicity (only 3). The trend happens because PLA can decompose in the body and is 
easily absorbed by cells. Still, the 10 medium-toxicity samples clearly point to differences, possibly due 
to their degree of crystallinity, breakdown speed, or chemical by-products that can affect where and 
how severely cells are damaged. The research shows that the results of using PLA can differ depending 
on its formulation and environmental circumstances, which highlights the importance of choosing how 
PLA was used carefully. 

 
Comparing toxicity levels among types of polymers was important when picking and improving 

biomedical materials. By doing this, companies can learn useful lessons for modeling and designing 
their products, with biocompatibility being crucial for implants and devices that come into contact with 
living tissue. Including stratified toxicity information in machine learning processes, including feature 
selection and target variable stratification, can boost the prediction of cytotoxic outcomes in biomedical 
models, thus improving both the safety and efficacy of polymer products used in medicine. 

 
Figure 7 shows a scatter plot with each data point representing a different experimental observation 

comparing surface roughness and the percentage of cell adhesion in different polymers. The x-axis 
shows the roughness of the polymer surface in micrometers, and the y-axis describes how much cells 
stick to these polymer surfaces. The red regression line was drawn on the scatter plot to help identify if 
there was any link, as well as to measure the relationship of one variable with the other. 

 
Studies have found that there was a minor negative association between how well cells stick to the 

surface and the overall smoothness of the surface. The spread of data points around the line was large, 
letting us understand that cell adhesion can change a lot, and there was more to it than just surface 
roughness. Therefore, using surface roughness as the main factor for figuring out how polymer surfaces 
interact with cells does not always predict well enough. It was significant that both low- and high-
roughness joints have broad ranges of adhesion values, showing that there was not a strong direct 
connection between the two. 

 

 
Figure 7. Surface roughness vs cell with line. 
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Table 5. Average tensile strength by to icity level. 

Toxicity level Tensile strength (MPa) 

High 52.94 

 ow 54.55 

Medium 56.4 

 

The confidence interval, shown as the area around the regression line, gets much wider when the 

surface is rougher. This widening shows that the model isn’t as sure about its predictions in those areas 

and adds more evidence that the surface roughness doesn’t really have a strong effect on how cells stick 

to surfaces. Instances where cells attach well at a certain level of roughness but not so much at similar 

texture levels show that things like surface chemistry, how wet the material is, or how much protein 

was on it matter more in terms of how cells react and stick. 

 

The results in Figure 7 show that it makes less difference in explaining what happens in these systems 

compared to some other factors. The weak correlation and large amount of variation show that it was 

important to use a multidimensional approach when looking at or making polymeric materials for 

medical uses that need good cell attachment. Parameters beyond just the topography have to be included 

to get the models to be more precise and to help materials work better when interacting with cells. 

 

Table 5 shows the tensile strength by cytotoxicity level, allowing us to see the link between how stiff 

polymer materials are and how affect living cells. Particularly, samples placed in the medium toxicity 

group showed the greatest average property of tensile strength at 56.4 MPa. Such an observation show 

that the materials use extra agents or reinforcements meant to make them stronger, but these could lead 

to adverse reactions in cells due to chemical residues or surface changes. 

 

Conversely, plastics that showed low toxicity had average tensile strength of 54.55 MPa. This 

suggests that to get the structure to be strong enough for its purpose, there be some negative effects on 

how safe it was for living things. Since mechanical toughness and moderate tensile strength often ensure 

that biomedical devices are durable and somewhat flexible, are both thought to contribute to less 

complications and lower immune responses after implantation. 

 

 
Figure 8. Distribution of immune response values. 
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In Figure 8, the distribution of immune responses for the analyzed polymers was shown. The immune 

response score was shown on the x-axis, starting at 0 for no immune activity to 1 for high immune 

activity, while the y-axis shows how many times each score was seen in the data. Because the histogram 

can be complex, a smooth curve shows the general distribution of values in the immune responses. 

 

The data shows that most polymer samples demonstrate mild to middle immune responses, and these 

responses are seen equally frequently within the range of 0.1 to 0.6. When the values go above this 

range, the number of strong immune responses decreases, which suggests that most tested materials do 

not show strong immune activation. It shows a high point of immune-related cases in people with mild 

activation, further indicating that this condition was the most common. 

 

It was obvious from the graph that while most polymer composites cause hardly any immune 

complications, just a few can lead to strong allergic reactions. It was positive for biomedicine because 

devices and scaffolds used in implants usually avoid materials that trigger much of an immune response. 

To sum up, the data in Figure 8 prove that the polymer composites tested are generally safe for 

biological cells, making them a good fit for medical purposes. 

 

Table 6 shows a summary of the relationships between different material properties and biological 

responses found in the specimens. It has been found that some weak and meaningful correlations 

between factors reflect the complex way biocompatibility occurs. 

 

In general, as hydrophilicity grows mildly, the cells become more likely to adhere and live on the 

surface. It was also true that tensile strength and elastic modulus are only mildly positively related (r = 

0.16) because, fundamentally, stronger and stiffer materials tend to resist tension more. 

 

While tensile strength and elastic modulus do have some link to biocompatibility (p < 0.05), cannot 

alone account for how well materials perform in the body. The speed at which the material breaks down 

was slightly related to cell viability (r about 0.07), so it helps the cells interact more safely, even if the 

connection was too light for certainty. 

 

To sum up, the many low correlation values highlight that biocompatibility was complex and involves 

many non-linear interactions, so advanced techniques such as machine learning are needed to model 

them. Therefore, the data scientist can rely on this matrix to select and engineer the best mathematical 

features for their predictions. 

 

Table 6. Correlation matri . 

Record

_ID 

Fillerco

ntent 

(%) 

Surfacerou

ghness 

(µm) 

Hydrophi

licity (°) 

Tensile_str

ength 

(MPa) 

Elastic_mo

dulus 

(MPa) 

Degradatio

n_rate 

(mg/day) 

Cell_Via

bility 

(%) 

Biocomp

atible 

1.0 0.06 0.04 0.12 -0.01 -0.08 0.07 0.12 -0.09 

0.06 1.0 0.09 0.02 0.01 0.03 0.06 -0.05 -0.11 

0.04 0.09 1.0 -0.05 -0.02 -0.1 0.09 0.1 0.0 

0.12 0.02 -0.05 1.0 -0.12 -0.19 0.06 0.05 -0.1 

-0.01 0.01 -0.02 -0.12 1.0 0.16 0.11 -0.04 0.02 

-0.08 0.03 -0.1 -0.19 0.16 1.0 -0.1 -0.11 0.02 

0.07 0.06 0.09 0.06 0.11 -0.1 1.0 -0.04 -0.0 

0.12 -0.05 0.1 0.05 -0.04 -0.11 -0.04 1.0 0.01 

-0.09 -0.11 0.0 -0.1 0.02 0.02 -0.0 0.01 1.0 
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Table 7. Biocompatibility classification count. 

Biocompatible Count 

1 138 

0 62 

 

When looking at Table 7, it was clear that out of 200 samples, 138 were biocompatible and 62 were 

labeled as non-biocompatible. This means that only 31% of the dataset are people with low incomes, 

while 69% have higher incomes. The uneven distribution of classes was significant when working with 

machine learning algorithms, as it could cause the algorithm to be biased in favor of the large class and 

affect how accurately it predicts for the rare class. Making the data better balanced was important for 

the model to work well in various situations. 

 

Many of the biocompatible samples found in the data indicate that safety and acceptability for 

medical reasons are a key consideration when formulating these materials. Thanks to the common 

success reported, the data collected can be used for creating models that predict which materials be 

suited for their usage in the medical field. A dataset like this makes clinical biomaterial screening easier, 

as it helps form reliable models that correctly predict effective biocompatibility. 

 

It was equally important that there are 62 non-biocompatible cases too. Adverse data helps the model 

tell apart the materials that belong together from those that do not. Adding such diversity to the 

outcomes helps the training data and makes the model better at spotting and describing the reasons 

behind toxicity or incompatibility. Because of this, the system becomes more effective in helping with 

biomaterial design. 

 

In addition, choosing the right behavior depends on the biocompatibility labels assigned to the data. 

This means that we should pay attention to data balancing and consider using SMOTE or weighted 

functions in our models during training. Applying these techniques improves the accuracy and fairness 

of models that support clinical decisions about selecting biomaterials. 

 

Table 8 shows a comparison of three popular AI models: Recurrent Neural Networks (RNNs), 

Support Vector Machines (SVMs) and Random Forests, all applied to predicting the degradation 

characteristics of polymer composites. The evaluation measures consist of Mean Absolute Error 

(MAE), Root Mean Square Error (RMSE) and the Coefficient of Determination (R² Score). These 

metrics collectively help evaluate how well each model was able to simulate the changing degradation 

pattern of bioresorbable polymers while considering the effects of different physiological environments. 

 

The Recurrent Neural Network model showed superior results in all three evaluation criteria 

compared to Support Vector Machines and Random Forest. Its MAE of 4.3% and RMSE of 0.05 showed 

that its predictions were most accurate and the least divergent from observed values. The model’s R² 

value of 0.92 indicates it can account for 92% of the fluctuations in how bioresorbable polymers degrade 

over time. Its e ceptional performance was largely due to RNN’s ability to analy e how each time point 

relates to the one before and after it, allowing for effective modeling of polymer degradation when 

influenced by time. 

 

Table 8. Comparison of predicted vs. experimental mechanical strength of AI-optimized PLA/graphene 

oxide scaffolds. 

Model type MAE (%) RMSE R² Score 

RNN 4.3 0.05 0.92 

SVM 7.8 0.08 0.85 

Random Forest 5.1 0.06 0.89 
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The SVM model exhibited the least effective performance of the three, recording the worst MAE at 

7.8% and RMSE at 0.08 as well as having the lowest R² Score of 0.85. The performance of SVM drops 

due to its suboptimal performance with nonlinear time-sequence modeling when considering the 

constantly changing responses of degradation. While proven to be effective in classification problems, 

SVM appears to lack the flexibility and ability to adjust smoothly to each new degradation case without 

specialized kernel tuning and time-series modifications. 

 

The Random Forest model achieved an MAE of 5.1%, RMSE of 0.06 and a sound R² Score of 0.89. 

It simultaneously delivered high predictive capabilities and low residuals by incorporating ensemble 

learning to prevent overfitting. It exhibited greater resilience and abilty to identify nonlinear patterns in 

degradation than SVM. This model was an expedient solution where ease of interpretation or tolerance 

to noise was desired in biomedical material applications. 

 

The validity of the predictive modeling results carries vital outcomes in the fields of clinical practice 

as well as the actual manufacturing. Some of the models with high performance scores on AI, like RNNs 

and ensemble learners, have shown great concurrence with the experimental outcomes, as denoted by 

the R 2 values more than 0.9. Such reliability is vital in a clinical environment, where any flaw in the 

cytotoxicity, mechanical failure prediction may lead to undesirable consequences of the clinical effects 

on the patient. The valid models enable clinicians and biomedical engineers to prioritize the materials 

by predicting their cell viability, immune response, and degradation pattern, thereby bringing an end to 

the long-term animal experiments and the increase in ethical approvals. Moreover, using explainable 

AI techniques would add the much-needed transparency to the prediction mechanism helping to gain a 

higher level of trust among care providers and regulating bodies. 

 

In a manufacturing aspect, predictive models have been used in defining the important parameters in 

fabrication procedures like 3D printing, solvent casting, and electrospinning. An example is, when the 

temperature of extrusion during processing or duration during the curing process are understood to be 

optimum material compositions, one is thereby able to get to homogenous mechanical strength and 

biocompatibility. The simulations with the use of AI are also able to detect flaws or discontinuities in a 

microstructure of a scaffold prior to the production process, eliminating a lot of waste and increasing 

productivity. The introduction of AI on both the design and manufacturing front lines promotes the 

concept of a closed-loop system that allows predictive feedback the opportunity to enhance future 

design and develops. Thus, strong performance of these models not only boost the clinical 

implementation process of biomaterials but also fits with the targets to create scalable and cost-efficient 

manufacturing. 

 

 
Figure 9. Comparison of AI predictions vs experimental biocompatibility scores. 

0.70

0.75

0.80

0.85

0.90

0.95

B
io

co
m

p
ab

il
it

y
 s

co
re

Polymer composite

Experimental data Al Predicted



 

 

Predictive Modeling of Polymer Composites for Medical                                                                   Pandi V et al. 

 

 

© STM Journals 2025. All Rights Reserved S684  
 

In Figure 9 shows a bar chart compares the predicted and experimental biocompatibility scores for 
six polymer composites, including PLA, PEEK, PMMA, PEG, a hydroxyapatite composite, and a 
graphene oxide composite. The left side of the bar chart displays the biocompatibility scores determined 
experimentally, while the right side displays AI-generated estimates. The experimental and AI-
predicted scores fall within the same range of values, allowing for easy comparison and assessment. 

 
The scores for PLA and PMMA show a noticeable degree of convergence between the real and 

computational estimates. This illustrates the model’s high accuracy for predicting bio interactions with 
classic members of the polymer category. PEEK, a high-performance polymer, shows that the predictive 
model accounts for some unmeasured properties that boost biocompatibility more effectively than what 
was observed in laboratory testing. 

 
The AI model MODERN predicted a slightly lower score than the experimental value, indicating it 

tends to be cautious in its estimation of highly interactive and dynamic bio-based materials. AI models 
tend to overestimate biocompatibility more substantially in cases of composites like hydroxyapatite and 
graphene oxide when compared to simple or conventional polymers. Thus, the AI model could be 
influenced by characteristics and structural details specific to the materials that tend to increase the 
predicted biocompatibility. 

 
This graph highlights that the polymer prediction model performs well for a wide range of polymers. 

The close agreement between simulations and observed data highlights the effectiveness of machine 
learning approaches in linking diverse chemical properties with biomolecular behavior. The constant 
accuracy allows for trust in AI-driven prediction and increases the prospect of incorporating such 
models in the development process of biomaterials, ultimately offering both cost savings and 
preservation of accuracy. 

 
Integrating AI into tissue engineering has greatly improved the ability to develop and refine scaffolds 

that perform better mechanically and biologically in applications such as polymeric devices as shown 
in Table 9. Researchers have successfully applied 3D Convolutional Neural Networks to determine 
mechanical properties like Young’s modulus and porosity for tissue engineering scaffolds from 
scanning data. Training the AI model using e isting scaffold data made it possible to evaluate the 
mechanical properties and performance of various new scaffold designs virtually. It eliminated the need 
for repetitive physical testing and speeded up the progression from conceptuali ation to the production 
of scaffolds. 
 

A vital role played by AI technology in tissue engineering was predicting how bioresorbable 
polymers will gradually decompose. Research conducted by Baton and colleagues showed the 
application of computational methods to model the hydrolytic degradation of polyester-based 3D 
scaffolds that incorporated bioactive molecules such as ICOS- c. By employing this AI-driven model, 
the scientists were able to track and project the release of drugs from the scaffolds across various 
periods. This allowed them to design scaffolds capable of regulated drug release to the targeted tissues. 
It allowed researchers to quickly assess different layouts of scaffolds and optimi e them, all while 
reducing the need for time-consuming e periments in the lab. 

 
Table 9. Case study on AI-based optimization of polymer scaffolds for tissue engineering. 

AI technique used Material Target tissue Outcome 

Genetic Algorithm (GA) PLGA Scaffold Bone Improved pore size and distribution 

for osteogenesis 

Artificial Neural Network 

(ANN) 

PCL-Hydroxyapatite 

Composite 

Cartilage Optimized mechanical strength and 

biocompatibility 

Support Vector Machine 

(SVM) 

Chitosan-Gelatin Blend Skin High predictive accuracy for wound 

healing rates 

Convolutional Neural 

Network (CNN) 

Collagen Scaffold Cardiac Tissue Enhanced structural analysis from 

SEM images 
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Different AI models consistently demonstrate their ability to accurately forecast the decay pattern of 

polymers. RNNs consistently produced the lowest error and highest R² values, highlighting their edge 

in predicting the behavior of polymer degradation. Random  orest algorithms demonstrated significant 

potential in achieving both high accuracy and more meaningful insights into the underlying degradation 

processes. SVMs worked adequately, yet their performance fell short in relation to that of RNNs and 

Random  orests when accounting for intricate time-varying changes. 

 

The presented case studies illustrate how AI can revolutioni e tissue engineering, particularly when 

it comes to designing and characteri ing the function of polymer scaffolds. Researchers who employ 

AI techniques can accurately model how tissues respond over time, design more effective scaffolds for 

improved performance and predict the way materials will behave and degrade in the body. These 

advances facilitate the use of data-first approaches to create optimi ed solutions in the field of 

biomedical engineering. 

 

The Figure 10 shows how each of the selected AI methods—Genetic Algorithm, Artificial Neural 

Network, Support Vector Machine and Convolutional Neural Network—affect the optimization of 

polymers for different tissue engineering aims. The graph shows how each AI technique ranks on three 

primary measures of effectiveness. Predicting 3D structure, maximizing biocompatibility and modeling 

degradation rates. The performance of each AI model was evaluated on processes like optimizing 

porous configurations, improving cell-scaffold interactions, forecasting wound recovery timelines and 

deciphering microscopic scaffold images. The visual representation allows for an easy comparison of 

the capabilities and drawbacks of each AI technique in the development of biomedical materials. 

 

CNNs tend to achieve higher levels of accuracy and biocompatibility when applied in cardiac tissue 

engineering which heavily relies on analyzing microstructures using imaging techniques. This enables 

them to accurately predict the complex architecture and structure of different tissues. ANNs are 

generally effective in all performance measures and are well-suited to applications where precise 

regression and nonlinear transformation are needed, including the development of PCL-hydroxyapatite 

composites for cartilage repair. The effectiveness of neural networks in dealing with complex and multi-

dimensional data was shown when applied to tissue engineering-related problems. In contrast, SVMs 

demonstrate strong performance in classification-related tasks such as predicting wound healing rates 

in skin scaffolds but lag in degradation modeling and biocompatibility prediction. It was their difficulty 

in capturing time-dependent or interactional changes that governs the behavior of biodegradation. GA 

models consistently show decent performance for a wide range of applications, particularly shining in 

optimizing physical attributes such as bone-growth promoting pore size. are less effective than RNNs 

when it comes to modeling detailed biological or prolonged material responses. 

 

 
Figure 10. Comparison of AI techniques in tissue engineering scaffold optimization. 
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Table 10. E periment dataset. 
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1 PMMA 0.94 5.05 84.25 65.38 1229.74 0.115 69.43 Medium 1 

2 PCL 19.09 4.22 50.9 49.9 1763.29 0.203 72.43 Medium 1 

3 PLA 9.43 7.57 60.84 52.3 1490.11 0.824 61.88 Low 0 

4 PMMA 15.26 5.76 77.02 45.21 1670.38 0.309 68.66 Low 1 

5 PMMA 27.23 2.57 53.79 50.56 1507.08 1.157 61.36 Low 1 

6 PCL 7.48 5.22 67.33 58.77 1507.44 1.394 53.66 Low 0 

7 PLA 12.31 4.21 81.74 62.57 1734.57 1.611 80.17 Low 1 

8 PLA 22.67 6.02 86.97 45.78 1370.99 0.44 83.41 Low 1 

9 PMMA 6.86 4.05 38.82 63.7 1524.03 0.377 80.97 Low 1 

10 PEG 2.31 4.86 85.6 68.56 1384.43 0.254 73.17 Low 0 

11 PMMA 8.69 5.61 59.53 59.13 1391.38 1.291 68.99 High 1 

12 PMMA 4.84 6.04 45.49 73.77 1422.71 1.428 93.17 Low 1 

13 PMMA 27.89 3.56 57.55 47.26 1555.53 0.112 75.95 High 1 

14 PMMA 24.24 4.6 88.8 42.55 1380.31 1.876 73.96 Low 0 

15 PCL 19 4.43 59.56 37.21 1813.94 0.151 51.28 Low 1 

16 PLA 26.14 4.22 49.73 69.96 1276.35 1.106 67.06 Low 0 

17 PCL 24.11 7.12 68 61.54 1453.28 1.433 69.01 Low 1 

18 PCL 5.6 5.49 44.41 54.44 1390.07 1.748 69.94 Low 0 

19 PCL 26.78 3.49 34.55 57.8 1861.74 1.442 79.01 Medium 1 

20 PMMA 16.18 6.1 37.73 43.75 1549.14 1.613 76.68 Low 1 

21 PEG 24.22 7.55 37.68 79.46 1757.96 0.712 80.4 Medium 1 

22 PLA 26.88 6.24 39.11 56.29 1128.61 1.639 88.24 Medium 0 

23 PEG 9.54 3.18 38.33 56.09 1566.76 0.206 90.65 Low 1 

24 PCL 3.3 4.42 68.45 62.26 1722.41 1.795 85.91 Low 1 

25 PCL 6.84 6.52 40.91 59.81 1520.57 1.118 97.78 Medium 1 

26 PEG 12.81 4.15 50.74 57.24 1766.37 1.644 50.91 Low 1 

27 PEG 24.54 5.53 83.81 47.1 1370.68 0.932 59.79 Low 1 

28 PEG 25.82 5.93 58.44 59.71 1852.34 1.305 50.38 High 1 

29 PCL 0.21 3.89 70.05 73.82 2074.72 1.076 82.37 Low 1 

30 PCL 15.32 4.93 40.34 68.45 1409.29 1.477 94.9 Medium 1 

31 PLA 12.52 1.11 41.54 70.93 1388.62 0.209 62.17 High 1 

32 PLA 6.66 3.77 32.45 49.89 1863.35 0.168 96.35 Low 1 

33 PCL 3.6 4.7 40.14 45.1 1894.89 0.532 53.01 Low 1 

34 PEG 10.13 3.5 46.72 53.74 1369.28 0.361 96.72 Low 0 

35 PEG 28.29 6.96 40.62 55.56 1394.95 1.75 67.58 Low 1 

36 PLA 9.7 3.28 35.32 65.94 1429.55 0.477 55.07 Low 1 

37 PCL 15.56 4.47 37.24 38.08 1163.89 1.953 74.29 Medium 1 

38 PLA 21.09 5.16 57.65 70.3 1270.34 0.707 62.84 Low 0 

39 PLA 10.91 6.73 42.38 53.42 1248.96 0.405 64.24 Low 1 

40 PMMA 29.15 3.28 51.86 50.73 1308.05 1.59 65.36 High 1 

41 PMMA 28.87 6.4 60.21 44.88 1491.33 1.334 90.15 Medium 1 

42 PMMA 7.55 5.01 71.42 38.45 1558.55 1.021 76.96 Medium 0 
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43 PEG 14.92 3.82 32.36 63.23 1887.63 1.133 65.57 Low 1 

44 PCL 9.03 5.55 77.96 55.73 1250.41 1.452 80.52 Medium 1 

45 PCL 8.55 5.24 67.67 42.1 1746.08 0.495 85.81 Low 1 

46 PCL 1.11 4.28 34.91 42.05 1446.5 1.993 63.63 Low 1 

47 PCL 18.29 5.08 82.41 51.64 1487.63 1.951 70.68 Low 1 

48 PMMA 15.08 4.54 85.25 71.69 1668.7 1.318 56.09 Medium 1 

49 PEG 1.54 5.14 33.66 52.4 1219.32 0.439 59.06 Low 0 

50 PEG 8.36 5.79 46.61 39.97 1595.6 1.376 84.06 Low 1 

51 PMMA 27.25 6.9 78.37 52.54 1541.61 0.191 59.07 Low 1 

52 PEG 7.19 3.51 74.9 52.27 1623.11 0.11 76.26 Low 0 

53 PMMA 4.35 7.56 41.07 28.03 1572.29 0.552 85.45 Medium 0 

54 PCL 14.68 2.66 42.56 54.46 2113.83 0.952 55.34 Medium 1 

55 PMMA 29.57 4.82 52.23 52.69 1340.57 1.743 78.37 Medium 1 

56 PCL 7.26 5.71 59.07 61.96 1367.25 1.468 62.83 Low 1 

57 PCL 20.16 5.34 67.1 73.49 1344.21 1.498 98.15 Low 1 

58 PLA 22.85 4.25 52.13 66.27 1361.13 0.88 74.18 Low 1 

59 PMMA 7.13 4.75 57.75 52.31 1340.65 0.725 90.3 Low 1 

60 PLA 21.85 4.41 74.85 43.93 1797.25 0.774 77.51 Low 0 

61 PMMA 11.03 4.29 32.2 80.73 1855.13 1.976 52.17 Medium 1 

62 PMMA 18.97 6.02 45.15 55.59 1357.31 0.128 81.66 Low 1 

63 PLA 19.01 5.43 72.8 55.14 1291.91 1.741 97.57 Low 0 

64 PLA 16.07 4.17 83.71 54.76 1617.85 1.178 80.08 Low 0 

65 PMMA 2.71 6.08 60.7 56.98 1361.94 0.905 90.96 Low 1 

66 PEG 25.06 5.37 61.93 53.56 1658.23 1.464 94.21 Low 1 

67 PCL 9.62 5.98 36.43 49.26 1550.73 0.999 61.4 High 1 

68 PLA 5.6 5.76 56.84 49.53 1121.06 1.753 60.6 Medium 1 

69 PCL 1.22 4.01 61.96 54.67 1886.88 1.806 80.55 High 1 

70 PEG 17.73 4.33 44.55 49.57 1948.97 0.872 70.55 Low 1 

71 PEG 20.33 5.9 46.15 47.87 1346.8 0.59 91.99 Low 1 

72 PEG 0.5 5.73 52.64 56.06 1403.07 1.205 95 Low 1 

73 PLA 15.36 4.97 31.2 52.45 1571.47 1.829 67.67 Low 0 

74 PEG 6.79 5.14 49.32 70.04 1583.61 0.461 61.84 Medium 1 

75 PLA 19.36 6.53 42.69 28.49 1664.64 1.265 89.03 Low 1 

76 PEG 5.23 4.29 49.65 65.92 2002.55 1.282 63.74 Low 1 

77 PCL 20.73 5.66 37.19 67.46 1455.76 1.48 91.13 Low 1 

78 PCL 11.6 4.76 83.43 34.27 1300.43 0.307 71.19 Low 1 

79 PMMA 28.1 4.74 65.62 51.57 1155.17 1.446 83.38 Medium 0 

80 PCL 4.13 6.32 70.75 51.29 1317.27 1.823 54.78 Low 1 

81 PMMA 10.23 5.99 77.35 40.92 1491.72 0.4 81.19 Low 1 

82 PCL 3.4 5.98 59.91 47.22 1948.64 0.513 72.59 Low 0 

83 PLA 27.74 6.57 35.22 43.89 1370.6 1.944 79.33 Low 0 

84 PCL 26.32 5.03 62.23 72.52 1555.95 0.403 58.4 Medium 1 

85 PMMA 7.74 5.82 65.21 64.36 1495.89 1.716 86.84 Medium 0 

86 PMMA 19.8 4.63 74.73 67.72 1797.1 1.01 93.14 High 1 

87 PEG 24.52 5.39 55.9 62.22 2131.73 0.532 60.84 Medium 0 

88 PLA 16.66 4.84 37.65 43.71 1367.28 1.748 54.79 Low 1 

89 PCL 15.89 5.12 47.03 49.75 1377.64 0.918 51.18 Medium 0 

90 PEG 7.26 5.71 51.78 59.89 1761.04 1.054 82.1 Low 1 
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91 PCL 2.79 4.02 68.76 42.78 1670.47 0.751 80.35 Low 1 

92 PCL 26.92 7.51 64.25 62.13 1961.68 1.206 77.33 Medium 1 

93 PEG 27.01 3.79 51.37 52.6 1645.98 0.369 61.6 Low 0 

94 PEG 18.99 3.54 89.19 51.25 1410.18 0.813 69.55 High 1 

95 PEG 10.17 6.39 66.35 62.11 1647.66 1.94 79.72 Low 1 

96 PEG 10.48 5.95 44.23 59.44 1777.18 0.553 74.84 Medium 1 

97 PEG 21.78 5.75 36.11 51.39 1705.12 1.331 99.39 Medium 0 

98 PCL 26.91 5.75 39.17 66.59 1626.82 0.684 56.82 Medium 0 

99 PEG 26.61 4.99 44.76 44.19 1766.67 1.558 84.76 Medium 1 

100 PLA 23.4 3.92 39.64 61.16 1792.32 0.305 70.22 Medium 1 

101 PMMA 19.26 5.09 41.19 60.93 1845.54 1.941 71.41 Low 1 

102 PEG 2.52 4.19 47.11 51.9 1662.18 0.935 85.88 Low 1 

103 PEG 4.85 6.17 40.4 58.26 1458.22 0.51 84.62 Low 1 

104 PCL 26.96 4.82 83.81 42.49 1536.68 0.193 99.56 Medium 0 

105 PEG 18.19 4.01 34.81 64.24 1801.63 0.381 56.42 Low 1 

106 PEG 0.28 4.61 61.47 53.15 1295.77 1.064 55.21 Medium 0 

107 PEG 3.04 5.5 54.62 49.77 1592.17 0.707 86.22 Low 1 

108 PCL 19.91 4.32 88.94 65.49 1401.67 1.666 78.92 Low 1 

109 PEG 0.15 4.01 36.72 47.96 1507.19 0.89 63.71 Medium 1 

110 PMMA 4.82 5.29 53.87 40.92 1819.61 0.535 53.97 Low 0 

111 PCL 16.46 5.29 88.17 39.43 1547.77 1.253 54.28 Low 0 

112 PMMA 20.76 4.39 81.93 61.06 1511.61 1.428 94.71 Low 0 

113 PCL 19.56 4.43 79.02 42.2 1160.04 0.376 59.59 High 0 

114 PEG 6.73 5.28 45.47 72.55 1686.56 0.377 66.17 Medium 0 

115 PMMA 21.37 3.26 40.25 34.18 1661.37 0.122 61.33 Low 1 

116 PCL 7.12 3.31 70.12 71.96 2040.81 1.486 67.75 Low 0 

117 PLA 9.76 4.14 85.76 57.11 1423.06 1.344 53.47 Low 0 

118 PEG 22.39 4.74 63.41 54.03 1554.79 0.976 75.95 Medium 1 

119 PCL 19.49 5.37 64.3 49.55 1562.35 1.696 53.38 Medium 1 

120 PLA 25.48 6.77 46.8 58.99 1894.36 1.621 90.02 Low 1 

121 PCL 19.73 6.03 76.17 54.62 1476.18 1.191 61.69 Low 0 

122 PLA 17.05 4.81 41.22 66.03 1569.76 1.743 77 Low 1 

123 PEG 2.81 4.98 49.42 56.14 1651.97 0.451 94 Medium 0 

124 PMMA 11.03 3.8 55.53 56.5 1546.65 0.268 82.54 Medium 0 

125 PLA 7.96 4.98 60.46 51.36 1388.39 0.576 76.65 Low 1 

126 PCL 7.32 4.65 44.54 54.43 1548.52 0.161 66.22 Low 0 

127 PEG 29.19 5.39 36.89 58.08 1768.41 1.086 66.65 Low 1 

128 PLA 11.79 4.01 66.64 37.9 1243.37 1.876 83.47 High 1 

129 PCL 26.76 5.62 47.32 41.52 1533.24 0.127 99.71 Low 1 

130 PCL 18.93 6.84 64.87 62.43 1324.97 0.288 83.09 Medium 1 

131 PCL 23.84 4.87 39.26 56.71 1798.76 0.932 77.89 Medium 0 

132 PLA 15.08 5.48 58.87 53.16 1119.2 1.871 86.53 Low 1 

133 PLA 17.31 5.83 61.96 55.18 1360.27 0.667 73.26 Low 1 

134 PLA 14.78 4.52 33.11 58.48 1594.3 1.039 53.01 Low 1 

135 PMMA 5.86 5.27 50.2 49.6 1891.38 0.131 78.11 Medium 1 

136 PLA 21.67 5.02 38.06 47.22 1483.56 0.339 97.88 Medium 0 

137 PLA 8.42 5.12 33.8 56.96 1361.2 1.974 58.77 Medium 1 

138 PLA 0.73 4.07 89.4 45.22 1970.29 1.932 84.5 Low 0 
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139 PMMA 19.36 5.03 49.34 59.08 1138 0.06 60.05 Low 1 

140 PLA 5.31 5.6 78.59 37.97 950.3 1.906 76.79 High 1 

141 PCL 28.21 6.74 45.28 65.29 1610 1.296 54.83 Medium 0 

142 PLA 28.62 6.15 70.89 59.73 1374.49 1.742 72.52 Low 1 

143 PCL 27.45 7.58 75.61 57.56 1244.69 0.937 87.81 High 0 

144 PCL 11.1 4.08 65.74 64.83 1677.09 1.055 67.38 Medium 1 

145 PCL 0.46 6.05 58.29 71.65 1560.95 1.003 83.25 Low 1 

146 PMMA 27.85 5.22 54.71 65.14 1358.98 1.35 89.77 Medium 1 

147 PMMA 12.85 7.63 50.93 36.59 1179.92 0.322 96.36 Medium 1 

148 PMMA 29 4.03 85.77 42.2 1718.11 0.108 61.73 Medium 1 

149 PLA 28.91 3.99 79.84 48.75 1662.55 0.65 69.97 Low 0 

150 PCL 25.59 4.28 87.9 55.26 1475.21 1.424 57.62 Low 0 

151 PMMA 8.83 2.45 37.46 60.18 1961.66 0.444 99.62 High 0 

152 PMMA 11.55 4.37 73.85 47.74 1232.48 1.363 96.35 Low 0 

153 PLA 25.53 4.09 86.3 56.87 1118.62 1.941 77 Low 1 

154 PMMA 9.51 5.18 40.87 47.45 1327.02 0.233 92.1 Low 1 

155 PLA 5.08 5.41 33.99 48.88 1488.6 1.362 76.05 Low 1 

156 PEG 16.7 7.25 74.47 40.93 1560.83 0.915 81.18 Medium 0 

157 PMMA 28.08 6.14 64.47 45.77 1439.69 1.743 54.46 High 1 

158 PEG 20.88 4.31 80.51 41.48 1588.01 0.395 87.76 Low 1 

159 PLA 17.1 3.92 38.39 45.24 1187.12 1.401 56.39 Low 0 

160 PCL 2.92 5.59 77.72 65.54 1860.94 1.684 91.3 Low 1 

161 PMMA 18.45 3.42 42.1 45.51 1479.46 1.892 89.1 Medium 1 

162 PLA 29.7 7.2 39.82 81.32 1779.32 1.382 85.44 Medium 0 

163 PCL 4.2 6.42 39.86 59.93 1585.68 1.019 51.81 Low 1 

164 PCL 15.55 4.44 78.87 56.85 1614.19 1.255 65.16 Medium 1 

165 PEG 26.32 2.94 69.91 46.42 1642.44 1.744 63.16 Medium 0 

166 PLA 22.22 6.62 61.38 62 1611.93 1.163 68.01 Medium 1 

167 PCL 20.91 4.86 51.53 49.24 1660.68 0.109 54.38 High 1 

168 PMMA 21.07 6.49 82.63 56.22 1832.29 1.865 96.85 Low 1 

169 PMMA 10.78 3.09 53.55 80.6 1549.13 1.395 77.69 Medium 1 

170 PEG 8.81 4.28 79 54.04 1677.25 1.369 65.28 Low 1 

171 PCL 24.28 5.01 56.35 66.49 1477.57 0.471 69.85 Medium 1 

172 PLA 24.3 5.06 52.62 47.97 1860.03 1.335 72.36 Medium 1 

173 PMMA 26.01 4.46 57.76 54.65 1330.9 0.818 80.03 Medium 0 

174 PCL 27.4 5.75 48.08 72.71 1950.24 1.32 75.78 Medium 1 

175 PCL 15.34 3.72 74.86 48.73 1489.96 0.258 95.97 Low 1 

176 PEG 15.05 4.83 60.16 73.12 1142.31 1.333 74.85 Low 1 

177 PMMA 23.95 5.14 43.93 62.08 1532.03 1.999 99.61 High 0 

178 PMMA 19.5 5.62 83.97 49.38 1329.74 0.144 92.57 High 1 

179 PLA 21.06 5.85 53.03 61.32 1710.16 1.955 60.43 Low 0 

180 PMMA 23.87 3.65 62.61 64.73 1336.84 0.843 96.53 Low 0 

181 PLA 26.7 3.16 84.39 61.22 1388.45 1.748 55.82 Low 0 

182 PMMA 10.14 6.53 67.45 39.3 1027.61 1.576 90.87 Medium 1 

183 PEG 11.27 5.4 37.01 47.73 1386.92 1.156 69.03 Medium 1 

184 PMMA 2.82 4.1 86.39 52.52 894.03 1.49 93.9 Low 1 

185 PLA 17.35 6.86 67.66 54.26 1104.02 1.763 93.4 Low 0 

186 PLA 1.08 5.14 50.09 61.21 1690.1 0.838 90.3 Medium 1 
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187 PEG 13.97 6.42 38.36 56.78 1696.45 0.688 89.5 Medium 1 

188 PMMA 16.28 5.08 77.64 41.65 1606.36 1.352 65.23 Low 1 

189 PMMA 8.6 7.47 67.2 58.8 1258.26 1.625 54.05 Low 0 

190 PEG 17.72 7.11 62.01 61.11 1488.07 1.536 70.15 Low 1 

191 PMMA 0.92 4.7 83.63 60.6 1499.1 1.606 58.68 Low 1 

192 PMMA 1.12 6.17 77.32 65.81 1210.41 0.899 84.75 Low 1 

193 PLA 24.68 5.77 39.1 63.34 1875.85 1.645 67.3 Medium 0 

194 PMMA 10.81 6.64 48.7 59.59 1719.34 0.284 98.78 Medium 0 

195 PMMA 3.81 3.84 44.91 54.3 1444.76 1.112 82.05 Medium 1 

196 PEG 15.67 5.82 74.64 38.39 1506.72 0.061 91.12 Medium 1 

197 PEG 23.1 6.27 32.01 59.3 1552.1 0.683 56.63 Low 1 

198 PCL 6.47 2.89 64.19 57.08 989.57 0.765 93.1 Low 1 

199 PLA 18.69 3.58 75.75 57.72 1438.21 0.823 96.14 Low 0 

200 PMMA 2.56 2.55 82.61 42.23 1329.5 1.406 74.35 Low 1 

 
The comparison graph highlights the importance of choosing the most suitable AI methods depending 

on the goals of the scaffold development. Multimodal data combines information about mechanical, 
imaging and biological parameters. In such cases, CNNs and ANNs are well-suited to gain insights into 
a broader range of scaffold properties. This analysis underscores how AI can improve scaffold design 
efficiency as well as facilitate the clinical translation of tissue engineering implants by enabling 
simulation-based design and eliminating the need for extensive testing regimes. The Experimental data 
were shown in Table 10.  

 
CONCLUSION 

Using AI in predictive modeling of biocompatibility in polymer composites helps speed up the 
process of evaluating and optimizing biomaterials. The integration of machine learning with clinically 
relevant parameters allowed the study to accurately classify biocompatible and non-biocompatible 
systems. Factors such as surface roughness, hydrophilicity, tensile strength, and degradation rate 
emerged as significant predictors of cellular response and immune interaction. While these AI models 
demonstrated strong predictive capabilities, their accuracy depends on the quality and completeness of 
the input data. 

 
However, the study has limitations. The use of synthetic datasets, while necessary for controlled 

experimentation, may not fully capture the biological complexity of in vivo conditions. Also, while 
multiple AI models were evaluated, the interpretability of predictions in a clinical setting remains a 
challenge. Additionally, most of the current models rely on static datasets and do not incorporate 
dynamic biological feedback over time. 
 

Future research should focus on incorporating real-world clinical data, expanding model 
interpretability using explainable AI techniques, and validating predictions through longitudinal in vivo 
studies. Efforts should also be directed toward building adaptive models that can integrate multimodal 
inputs, such as biochemical markers and real-time imaging, to refine predictions further. Enhancing 
regulatory compatibility and clinician trust through transparent modeling frameworks will be essential 
to translate AI-optimized biomaterials into clinical practice. This trajectory has the potential to 
revolutionize the development of safer, patient-specific, and cost-effective medical implants. 

 
REFERENCES 

1. Gokcekuyu, Y., Ekinci,  ., Gu el, M. S., Acici, K., Aydin, S., & Asuroglu, T. (2024). Artificial 
Intelligence in Biomaterials: A Comprehensive Review. Applied Sciences, 14(15), 6590. 

2. Wang,  ., Semirumi, D. T., He, A., Pan, Z., & Ali adeh, A. (2024). Physical, mechanical 
characteri ation, and artificial neural network modeling of biodegradable composite scaffold for 
biomedical applications. Engineering Applications of Artificial Intelligence, 136, 108889. 



 

Journal of Polymer & Composites 

Volume 13, Special Issue 6 

ISSN: 2321-2810 (Online), ISSN: 2321-8525 (Print) 

 

© STM Journals 2025. All Rights Reserved S691  
 

3. Bhatt, K., Ahmed, N., & Chauhan, P. Green Artificial Intelligence: Biodegradable and 
Biocompatible Materials. In Artificial Intelligence Techniques for Sustainable Development (pp. 
317-335). CRC Press. 

4. Omidian, H. (2025). AI-powered breakthroughs in material science and biomedical polymers. 
Journal of Bioactive and Compatible Polymers, 40(2), 161-174. 

5. Suwardi, A., Wang,  .,  ue, K., Han, M. Y., Teo, P., Wang, P., ... &  oh,  . J. (2022). Machine 
learning‐driven biomaterials evolution. Advanced Materials, 34(1), 2102703. 

6.  an, J.,  u, J., Wen,  ., Sun,  .,  iu, Y., Zhang, Z., ... &  ing, D. (2024). The  uture of Bone 
Regeneration: Artificial Intelligence in Biomaterials Discovery. Materials Today Communications, 
109982. 

7. Mateu-San , M.,  uenteslópe , C. V., Uribe-Gome , J., Haugen, H. J., Pandit, A., Ginebra, M. P., 
... & Samara, A. (2024). Redefining biomaterial biocompatibility: challenges for artificial 
intelligence and te t mining. Trends in biotechnology, 42(4), 402-417. 

8. Necolau, M. I., Ionita, M., & Pandele, A. M. (2025). Poly (propylene fumarate) Composite 
Scaffolds for Bone Tissue Engineering: Innovation in  abrication Techniques and Artificial 
Intelligence Integration. Polymers, 17(9), 1212. 

9. Rajitha, A., Kansal,  ., Raj, G., Kalra, R., Dhamija, K., & Abdul-Zahra, D. S. (2024). Biomaterials 
and Artificial Intelligence: Predictive Modeling and Design. In E3S Web of Conferences (Vol. 505, 
p. 01003). EDP Sciences. 

10. Goyal, R., Khosla, C., Goyal, K., Singh, J., & Singh, K. (2022, April). Review on machine learning 
driven biomedical metallic composites. In 2022 2nd International Conference on Advance 
Computing and Innovative Technologies in Engineering (ICACITE) (pp. 1714-1718). IEEE. 

11. Goyal, R., Khosla, C., Goyal, K., Singh, J., & Singh, K. (2022, April). Review on machine learning 
driven biomedical metallic composites. In 2022 2nd International Conference on Advance 
Computing and Innovative Technologies in Engineering (ICACITE) (pp. 1714-1718). IEEE. 

12. Kolomenskaya, E., Butova, V., Poltavskiy, A., Soldatov, A., & Butakova, M. (2023). Application 
of artificial intelligence at all stages of bone tissue engineering. Biomedicines, 12(1), 76. 

13.  ie, S. (2023). Perspectives on development of biomedical polymer materials in artificial 
intelligence age. Journal of Biomaterials Applications, 37(8), 1355-1375. 

14. Shokrani, H., Shokrani, A., Seidi,  ., Kucińska- ipka, J., Makurat-Kasprolewic , B., Saeb, M. R., 
& Ramakrishna, S. (2023). Artificial intelligence for biomedical engineering of polysaccharides: A 
short overview. Current Opinion in Biomedical Engineering, 27, 100463. 

15. Dananjaya, S. A. V., Chevali, V. S., Dear, J. P., Potluri, P., & Abeykoon, C. (2024). 3D printing of 
biodegradable polymers and their composites–Current state-of-the-art, properties, applications, and 
machine learning for potential future applications. Progress in Materials Science, 101336. 

16. Mavi, S., Kadian, S., Sarangi, P. K., Sahoo, A. K., Singh, S., Yahya, M. Z. A., & Abd Rahman, N. 
M. M. (2025,  ebruary). Advancements in machine learning and artificial intelligence in polymer 
science: A comprehensive review. In Macromolecular Symposia (Vol. 414, No. 1, p. 2400185). 

17. Rajitha, A., Kansal,  ., Raj, G., Kalra, R., Dhamija, K., & Abdul-Zahra, D. S. (2024). Biomaterials 
and Artificial Intelligence: Predictive Modeling and Design. In E3S Web of Conferences (Vol. 505, 
p. 01003). EDP Sciences. 

18. Goyal, R., Khosla, C., Goyal, K., Singh, J., & Singh, K. (2022, April). Review on machine learning 
driven biomedical metallic composites. In 2022 2nd International Conference on Advance 
Computing and Innovative Technologies in Engineering (ICACITE) (pp. 1714-1718). IEEE. 

19. Kolomenskaya, E., Butova, V., Poltavskiy, A., Soldatov, A., & Butakova, M. (2023). Application 
of artificial intelligence at all stages of bone tissue engineering. Biomedicines, 12(1), 76. 

20.  ie, S. (2023). Perspectives on development of biomedical polymer materials in artificial 
intelligence age. Journal of Biomaterials Applications, 37(8), 1355-1375. 

21. Shokrani, H., Shokrani, A., Seidi,  ., Kucińska- ipka, J., Makurat-Kasprolewic , B., Saeb, M. R., 
& Ramakrishna, S. (2023). Artificial intelligence for biomedical engineering of polysaccharides: A 
short overview. Current Opinion in Biomedical Engineering, 27, 100463. 

22. Zarei, A., &  ara in, A. (2024). Synergi ing additive manufacturing and machine learning for 
advanced hydro yapatite scaffold design in bone regeneration. Journal of the Australian Ceramic 
Society, 1-17. 



 

 

Predictive Modeling of Polymer Composites for Medical                                                                   Pandi V et al. 

 

 

© STM Journals 2025. All Rights Reserved S692  
 

23. Mavi, S., Kadian, S., Sarangi, P. K., Sahoo, A. K., Singh, S., Yahya, M. Z. A., & Abd Rahman, N. 

M. M. (2025,  ebruary). Advancements in machine learning and artificial intelligence in polymer 

science: A comprehensive review. In Macromolecular Symposia (Vol. 414, No. 1, p. 2400185). 

24.  ouly, A., Taha, M., Albahkali, T., Shar, M. A., Abdo, H. S., & Nabhan, A. (2024). Developing 

artificial intelligence models for predicting the tribo-mechanical properties of HDPE 

nanocomposite used in artificial hip joints. IEEE Access, 12, 14787-14799. 

25. Monta eran, A. H., Saber Samandari, S., & Khandan, A. (2018). Artificial intelligence investigation 

of three silicates bioceramics-magnetite bio-nanocomposite: hyperthermia and biomedical 

applications. Nanomedicine Journal, 5(3), 163-171. 

26. Kerner, J., Dogan, A., & von Recum, H. (2021). Machine learning and big data provide crucial 

insight for future biomaterials discovery and research. Acta Biomaterialia, 130, 54-65. 

27. Panda, A., Dyadyura, K., Dmitrishin, D., Smorodin, A., & Prokopovich, I. (2024). Decision Support 

System for the Design Process of Apatite Biopolymer Composite Parts. Management Systems in 

Production Engineering, (4 (32), 548-554. 

28. Kerner, J., Dogan, A., & von Recum, H. (2021). Machine learning and big data provide crucial 

insight for future biomaterials discovery and research. Acta Biomaterialia, 130, 54-65. 

29. Sharma, S., Gupta, V., Mudgal, D., & Srivastava, V. (2023). Predicting biomechanical properties 

of additively manufactured polydopamine coated poly lactic acid bone plates using deep learning. 

Engineering Applications of Artificial Intelligence, 124, 106587. 

30. Tepla, T.  ., I onin, I. V., Duriagina, Z. A., Tkachenko, R. O., Trostianchyn, A. M.,  emishka, I. 

A., ... & Kovbasyuk, T. M. (2018). Alloys selection based on the supervised learning technique for 

design of biocompatible medical materials. Archives of Materials Science and Engineering, 93(1), 

32-40.\] 

31.  atahian, R., & Erfani, R. (2025). Surrogate modeling of electrospun PVA P A nanofibers using 

artificial neural network for biomedical applications. Scientific Reports, 15(1), 12886. 

32. Omigbodun,  . T., Osa-Uwagboe, N., Udu, A. G., & Oladapo, B. I. (2024).  everaging Machine 

 earning for Optimi ed Mechanical Properties and 3D Printing of P A cHAP for Bone Implant. 

Biomimetics, 9(10), 587. 

33. Motadayen, M., Nehru, D., & Agarwala, S. (2024). Advancing Sustainability: Biodegradable 

Electronics and New Materials through AI and Machine  earning. 

34. Karadag, A., & Ulkir, O. (2025). Prediction of Dimensional Accuracy and Surface Quality in 

Additively Manufactured Biomedical Implants Using ANN. International Journal of Precision 

Engineering and Manufacturing, 1-27. 

35. Basu, B., Gowtham, N. H.,  iao, Y., Kalidindi, S. R., &  eong, K. W. (2022). Biomaterialomics: 

Data science-driven pathways to develop fourth-generation biomaterials. Acta Biomaterialia, 143, 

1-25. 

36. Zhu, Z., Ng, D. W. H., Park, H. S., & McAlpine, M. C. (2021). 3D-printed multifunctional materials 

enabled by artificial-intelligence-assisted fabrication technologies. Nature Reviews Materials, 6(1), 

27-47. 

37. Sun, Q. J.,  ai, Q. T., Tang, Z., Tang,  . G., Zhao,  . H., & Roy, V. A. (2023). Advanced functional 

composite materials toward E‐skin for health monitoring and artificial intelligence. Advanced 

Materials Technologies, 8(5), 2201088. 

38. Ahmed, E., Mulay, P., Ramire , C., Tirado-Mansilla, G., Cheong, E., & Gormley, A. J. (2024). 

Mapping biomaterial comple ity by machine learning. Tissue Engineering Part A, 30(19-20), 662-

680. 

39. Agarwal, R., Singh, J., & Gupta, V. (2022). Predicting the compressive strength of additively 

manufactured P A‐based orthopedic bone screws: A machine learning framework. Polymer 

Composites, 43(8), 5663-5674. 

40. Goh, G. D.,  ee, J. M., Goh, G.  ., Huang,  .,  ee, S., & Yeong, W. Y. (2023). Machine learning 

for bioelectronics on wearable and implantable devices: challenges and potential. Tissue 

Engineering Part A, 29(1-2), 20-46. 


