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Functionally graded scaffolds for cartilage tissue engineering must replicate the 
depth-dependent mechanical properties of native tissue, where compressive 
moduli span approximately four orders of magnitude (~0.02–800 MPa) across the 
superficial, middle, and deep zones. However, the multi-parametric design space 
encompassing material composition, porosity, and pore architecture makes 
systematic experimental optimization prohibitively resource-intensive. We 
present a physics-grounded Machine Learning (ML) framework (synthetic data 
generation + surrogate modeling) for the inverse design of functionally graded 
cartilage scaffolds. A synthetic dataset of 5,000 scaffold configurations was 
generated using Gibson-Ashby cellular mechanics models, providing physically 
constrained ground-truth compressive moduli across a broad design space. 
Random Forest (RF) and Artificial Neural Network (ANN) regressors, with one-hot 
encoding for categorical variables and 5-fold cross-validation with 
hyperparameter tuning (GridSearchCV), were trained to predict zone-specific 
compressive moduli from scaffold design parameters. A hybrid threshold model 
combining ANN and RF predictions achieved an R2 of 0.9998 Mean Absolute Error 
(MAE ≈ 1.12 MPa), Mean Absolute Percentage Error (MAPE=2.54%) on held-out 
synthetic data, demonstrating surrogate fidelity to the analytical generator. A 
depth-aware inverse design module was subsequently implemented. It prescribes 
fabrication parameters for user-defined zonal stiffness targets at specified tissue 
depths. Robustness was confirmed via controlled noise injection and self-
consistency validation, ensuring surrogate fidelity beyond circularity concerns. 
The output is directly correlated to the mechanical gradient that defines natural 
cartilage. By doing this, scientists can considerably minimize the number of trial-
and-error experiments they would have to perform in order to find suitable values 
for the parameters. The next step will include verification of these hypotheses 
through physical print tests and evaluation of their performance. Moreover, 
realistic manufacturing limitations should be taken into account in the process. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Keywords: 

Physics-grounded Machine Learning; 
Functionally graded scaffold; Inverse design; 
Cartilage tissue engineering, Gibson-Ashby 
model 

 
1. Introduction 
 

 
* Corresponding author. 
E-mail address: phddemirahmet@gmail.com  

https://doi.org/10.59543/jccq8g73 

http://www.kadsa.org/
mailto:phddemirahmet@gmail.com
https://doi.org/10.59543/jccq8g73
https://orcid.org/0000-0002-3464-0466


Knowledge and Decision Systems with Applications 

Volume 2, (2026) 642-657 

 

643 
 
 

 

The function of articular cartilage within joints can be described as a type of connective tissue 
that is unique due to the absence of vascularization. The major functions of this tissue are reducing 
friction in articulation and distributing compression loads before transmitting them to the underlying 
bone [1]. Being avascular and acellular and composed of only a small number of chondrocytes, self-
repairing of this tissue is not effective. Small defects could evolve with time and eventually increase 
the probability of degenerative diseases like osteoarthritis [2]. Modern therapeutic methods such as 
microfracture and autologous chondrocyte implantation often produce fibrocartilage instead of the 
natural hyaline cartilage which possesses poor mechanical properties and reduced lifetime [3]. For 
these reasons, the development of tissue engineering technologies for creation of articular cartilage 
substitutes became topical [4]. Regeneration of this multi-faceted tissue can only be successful by 
reproducing the zonation process associated with it. The topic has been reviewed comprehensively 
in the recent past [5]. Recent advances in ML techniques have made it possible to combine all the 
physical processes involved in the functioning of cartilage at different depths [6]. 

One of the defining properties of natural articular cartilage is depth-related variation in its 
mechanical properties. Material properties vary considerably depending on whether one considers 
the surface or the deeper layers of the cartilage tissue. Changes in cellularity, collagen fibrils, and 
proteoglycans occur as a function of depth, resulting in a proportional increase in tissue stiffness. The 
stiffness level increases dramatically from about three orders of magnitude to the level of the 
tidemark near the subchondral bone plate, with stiffness levels ranging from about 0.1 to 750 MPa 
as stated in the scientific literature [7]. The emergence of such scaffolds capable of mimicking depth-
dependent mechanical gradients has led to the formation of graded function scaffolds by using state-
of-the-art additive manufacturing [8-10]. The absence of such a depth-related property profile 
implies the inability to recreate the mechanical environment of the joint, resulting in premature 
scaffold failure and abnormal cell behavior [11,12]. 

Recent advancements in manufacturing processes, such as 3D bioprinting and melt 
electrowriting, make it possible to create scaffolds with a precisely designed pore architecture and 
composition [13,14]. At the same time, choosing the right combination of materials and design 
parameters, which would result in the right stiffness, is complicated. There is an array of different 
factors influencing the mechanical behavior of scaffolds, which makes it hard to interpret the findings 
from the experiments. A series of experimental trials for various material and design combinations 
takes a lot of time and does not guarantee sufficient accuracy [15,16]. 

ML techniques have proven to be a useful tool in tackling the complex correlations between 
structure and properties in material science applications. ML expedites the development of advanced 
materials, especially if experiments are difficult to perform due to time constraints [17]. In the case 
of tissue engineering, there are existing instances where ML algorithms have been employed to 
predict the mechanical characteristics of a scaffold based on design parameters. This capability 
compresses the design optimization cycle and reduces experimental burden [16,18]. For instance, 
hybrid techniques combining ML and finite element analysis have exhibited improved predictive 
capability in the simulation of the mechanics of bone scaffolds produced using 3D printing technology 
[19]. Moreover, ANNs have also been found to be effective in inverse design of bio-mechanically 
suitable bone tissue engineering scaffolds, performing better than regression models [20]. 
Furthermore, ML models have been used to predict the compressive response of gyroid scaffolds 
under the Gibson-Ashby framework, demonstrating how physical and data-driven approaches can be 
combined [21]. However, conventional data-driven models present two meaningful limitations in this 
context. First, they require large experimental datasets that are rarely available in scaffold research. 
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Second, they can generate predictions that violate the physical constraints governing porous solid 
mechanics, which is a serious concern in safety-critical biomedical applications [22]. However, recent 
physics-guided neural network-based approaches have overcome these challenges by incorporating 
well-established physical laws within their framework, thereby enabling predictions of solutions that 
lie within physically viable bounds while designing three-dimensional cellular materials. [23]. 
Combining ML and genetic algorithm-based inverse designs has allowed for the accurate synthesis of 
anisotropic bone scaffolds [24]. The surrogate models can minimize the computational cost for finite 
element analysis of engineered metamaterials [25]. Moreover, explainable ML algorithms, which 
consider uncertainties in the scaffold design process, have been proposed for safety-critical 
applications in bioengineering [26]. 

This study addresses both limitations. It uses a physics-grounded ML framework for the inverse 
design of functionally graded cartilage scaffolds. Gibson-Ashby cellular mechanics models were used. 
They generated a physically constrained synthetic dataset of 5,000 scaffold configurations. The 
dataset encoded the zonal mechanical anisotropy of native cartilage without dependence on large-
scale experimental data. RF and ANN regressors were trained and benchmarked on this dataset. They 
map multi-parametric design inputs to zone-specific compressive moduli. An inverse design module 
was then implemented. It translates user-defined zonal stiffness targets directly into fabrication-
ready material and microstructural parameters. Together, these components establish a 
computationally efficient and physically grounded foundation. It is for the automated, application-
specific design of biomimetic cartilage scaffolds. 

 
2. Methodology 
2.1 Physics-Grounded Data Generation 

 
To circumvent the scarcity of experimental scaffold data and ensure physical consistency of 

model outputs, a synthetic dataset of 5,000 scaffold configurations was generated using a modified 
Gibson-Ashby framework for porous cellular solids. The effective compressive modulus was defined 
as: 

𝐸 𝑒𝑓𝑓 =  𝐸𝑠𝑜𝑙𝑖𝑑  ×  (1 − 𝑝)𝑛 × 𝑓(𝑑)          (1) 

 

where 𝐸𝑠𝑜𝑙𝑖𝑑 is the intrinsic modulus of the bulk biomaterial, 𝑝 is porosity, 𝑛 is a geometry-
dependent microstructural scaling exponent, and 𝑓(𝑑) is a depth-dependent scaling function 
encoding the zonal stiffness gradient of native cartilage [27,28]. 

Material-specific modulus values for 𝐸𝑠𝑜𝑙𝑖𝑑 were drawn from literature-reported ranges. These 
ranges pertain to clinically relevant biomaterials. The biomaterials include polycaprolactone (PCL), 
PCL-based composites, gelatin methacryloyl (GelMA), and collagen. This provides a design space that 
is consistent with experimentally accessible scaffold compositions [29-34]. 

Porosity was systematically varied from 40% to 90%. This spans the range that is typical of tissue-
engineered scaffolds. Three pore geometries were implemented. These are cubic lattice, gyroid, and 
spherical. A unique scaling exponent value of n was assigned to each geometry: n = 1.5 for cubic 
(stretching-dominated lattice), n = 1.2 for gyroid (triply periodic minimal surface), and n = 2.0 for 
spherical (bending-dominated isolated pores). Gyroids fall into a separate group called triply periodic 
minimal surfaces due to the presence of pores whose connections create a highly complicated 
network. This helps distribute stress evenly within the material, leading to lower values of n 
compared to pores which have more separation from each other. Cubic lattice geometries fall 
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somewhere in between the two groups. Spherical pores, however, are characterized by very little 
connectivity among themselves and hence have high scaling exponents [35-40]. 

To model the mechanical heterogeneity in depth in natural articular cartilage, a depth variable 
was chosen that varies from 0 to 5 mm, from the external to the deep zones. The second parameter 
introduced is a scaling factor 𝑓(𝑑), which models the linear increase in material properties with 
increasing depth. Its form is, 

𝑓(𝑑) = 1 + 𝑑 𝑑𝑚𝑎𝑥⁄            (2) 

 
where 𝑑 presents tissue depth in mm and 𝑑𝑚𝑎𝑥 = 5mm. This point coincides with the interface 

between the cartilage and bone. In this model, the stiffness increases by a factor of 2 from the 
superficial zone to the deep zone [41]. It should be noted that the bulk of the stiffness gradient 
(approximately three orders of magnitude) arises from the choice of biomaterial (GelMA/collagen vs. 
PCL/PCL-HA), not from the depth-scaling function 𝑓(𝑑), which contributes only a factor of two. This 
scaling contributes only a factor of two to the stiffness gradient, whereas the choice of biomaterial 
accounts for the remaining three orders of magnitude. The synthetic dataset used here encodes both 
material-dependent hardness ranges and geometry-dependent scaling exponents, enabling the 
artificial neural network to subsequently capture topological-mechanical interactions. 

 
2.2 ML Architecture 

 
Two supervised regression models were developed to predict stiffness values across cartilage 

zones based on design variables. Four design variables are used in the model inputs, including 
material type, layer depth, porosity, and pore geometry. A train/test split (80% training, 20% held-
out test) was performed. All reported test metrics derive exclusively from this held-out set, which 
was never used during hyperparameter tuning. Hyperparameters were selected via 5-fold cross-
validation on the training set only, preventing data leakage. In case of categorical data types like 
material type and pore shape, one-hot encoding is used to ensure no ordinal relationship between 
variables. After preprocessing, the input feature space consisted of 7 variables (2 numeric and 5 
categorical dummy variables). 

The entire coding work was done using Google Colab and Python (version 3.12.13). Data 
processing, cleaning, and manipulation were accomplished through Python libraries such as NumPy 
(v2.0.2) and Pandas (v2.2.2). Modeling and evaluation were conducted using Scikit-learn (v1.6.1). 
Data visualization and error analysis were performed using matplotlib and seaborn. 

A RF regressor was optimized via GridSearchCV over n_estimators (50-200), max_depth (None, 
10, 20, 30), and min_samples_split (2, 5, 10), using 5-fold cross-validation with R2 as the scoring 
metric. 

The ANN was implemented as a multilayer perceptron (MLP). The model optimization was done 
by considering various parameters such as the number of nodes in the hidden layer, learning rate, 
and strength of regularization through the use of GridSearchCV. The hidden_layer_sizes tested were 
(32,32), (64,64), and (128,64). The learning_rate_init values were 0.001 and 0.01. The value of alpha 
used in the study is 0.0001 and 0.001. Five-fold cross-validation was used. The rectified linear unit 
function was used as an activation function. Training employed the Adam optimizer with early 
stopping to prevent overfitting. 

Performance of the models was measured in terms of R2 score, MAE, and MAPE. Other analysis 
was done by zone separately including superficial (0-1.67 mm), middle (1.67-3.33 mm), and deep 
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(3.33-5 mm). All reported metrics derive exclusively from the held-out test set, ensuring no data 
leakage and addressing concerns of circularity. 

 
2.3 Inverse Design Module 
 

A depth-aware strategy was designed to convert prescribed mechanical behavior at specific 
depths to viable printing parameters. The problem statement for the optimization process is given 
below: 

𝑀𝑖𝑛𝑖𝑚𝑖𝑧𝑒|𝐸𝑡𝑎𝑟𝑔𝑒𝑡 − 𝐸𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑(𝑀, 𝑝, 𝐺, 𝑑)|        (3) 

 
Here, 𝐸𝑡𝑎𝑟𝑔𝑒𝑡 indicates the required stiffness value at depth 𝑑 while 𝐸𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 represents the 

stiffness value predicted by the neural network for a specific combination of material 𝑀, porosity 𝑝, 
and pore geometry 𝐺. 

Exhaustive sampling was used to perform the optimization procedure, evaluating 10,000 
candidate scaffold designs across the fabrication space. For every stiffness requirement assigned to 
a particular depth, the hybrid surrogate analyzed all feasible designs and selected the one whose 
stiffness value was closest to the target. 

 
3. Result 
 
3.1 Analysis of the Physics-Informed Design Space 

 
The generated dataset spans approximately four orders of magnitude in stiffness across four 

biomaterials. As shown in Figure 1, increasing porosity leads to a nonlinear reduction in compressive 
modulus, consistent with the Gibson–Ashby model. This agreement confirms that the data 
generation procedure encoded physically meaningful microstructural behavior rather than arbitrary 
numerical values. 

Material composition was the dominant factor determining stiffness range. PCL-HA composites 
exhibited the highest stiffness levels (~650–800 MPa at 40–45% porosity), suitable for deep-zone 
applications. GelMA and collagen, by contrast, produced relatively low stiffness values (0.1–5 MPa), 
matching the expected softness of the superficial zone, while PCL occupied an intermediate range. 
Distinct clustering of materials across the porosity spectrum demonstrates that the dataset preserves 
informative structure–property relationships for ML modeling. 

Although zonal distributions are not explicitly depicted in Figure 1, depth‑dependent stiffness 
gradients are encoded within each material group through the scaling function 𝑓(𝑑), as described in 
Section 2.1. The agreement with Gibson–Ashby scaling confirms that the synthetic dataset encodes 
physics‑based correlations, addressing concerns of circularity in surrogate training. 
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Fig. 1. Relationship between effective compressive modulus and porosity across four biomaterials 
(GelMA, Collagen, PCL, PCL-HA). Data points are color‑coded by material type. The nonlinear decrease in stiffness 

with increasing porosity follows the Gibson–Ashby model, confirming that the synthetic dataset encodes physically 
meaningful microstructural behavior rather than arbitrary numerical values. Distinct clustering by biomaterial type 
illustrates that the dataset preserves structure–property relationships across the design space, providing sufficient 

information for ML surrogate modeling and addressing concerns of circularity in data generation 

 
3.2 Predictive Performance of ML Models 

 
Both regression models achieved high predictive accuracy on the held-out test set. The reported 

metrics (R², MAE, MAPE) may vary slightly depending on random seed and CV split configuration. In 
our Colab implementation, RF achieved R² ≈ 0.9986, MAE ≈ 2.41 MPa, and MAPE ≈ 3.2%, consistent 
with the values reported in Table 1. The RF model exhibited stable performance across synthetic test 
splits. The ANN model achieved R² ≈ 0.9998 and MAE ≈ 1.25 MPa depending on the CV split. The ANN 
yielded a superficial-zone MAPE of ~51%, which reflects the well-documented pathology of MAPE at 
low modulus values rather than genuine model failure. To address this, sMAPE and log-MAE metrics were 

also considered. Even with small values of 1-2 MPa or less in the dataset, where the model deviates 
by only 0.25 MPa at this point, the percentage error alone will be 50%, which is related to pulling the 
average upwards. To mitigate this metric pathology, a hybrid threshold solution was designed. The 
hybrid threshold (45 MPa) was selected via a sweep over candidate values using cross-validation 
predictions on the training set (nested-style), ensuring no test-set leakage. This protocol yielded 
overall R² ≈ 0.9998, MAE ≈ 1.12 MPa, and MAPE ≈ 2.5%, consistent across zones. To mitigate the 
pathology of MAPE at low modulus values, sMAPE and log-MAE were additionally reported (Table 2). 
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Table 1 
Performance comparison of RF, ANN, and Hybrid models on synthetic test data 

Model R2 MAE/MPa MAPE/% Ranking 

RF 0.9986 2.4067 3.16 High 
ANN (MLP) 0.9998 1.2535 51.30 Superior (R2)/Weak (MAPE) 
Hybrid (Threshold) 0.9998 1.1185 2.54 Superior 

 
Table 2 
Zone-stratified predictive performance of RF, ANN, and Hybrid models 

Zone n Model R2 MAE/MPa MAPE/% sMAPE/% log-MAE 

Superficial 343 RF 0.9978 2.3244 4.21 4.06 0.0259 
Superficial 343 ANN 0.9996 1.2232 99.65 36.40 0.1276 
Superficial 343 Hybrid 0.9996 1.1003 3.42 3.30 0.0183 
Middle 331 RF 0.9993 1.7473 2.27 2.26 0.0161 
Middle 331 ANN 0.9998 1.1197 30.52 16.71 0.0656 
Middle 331 Hybrid 0.9998 1.0231 1.96 1.95 0.0130 
Deep 326 RF 0.9985 3.1628 2.94 2.98 0.0221 
Deep 326 ANN 0.9998 1.4214 21.52 17.00 0.0860 
Deep 326 Hybrid 0.9998 1.2346 2.21 2.22 0.0147 

Table 2, which reports zone-stratified performance of RF, ANN, and Hybrid models using not only 
R², MAE, and MAPE, but also sMAPE and log-MAE. This addition demonstrates that the ANN’s high 
superficial-zone MAPE is a metric artefact rather than genuine model failure. The Hybrid threshold 
model consistently achieves low errors across all zones (MAPE ≈ 2–3%), confirming its robustness. 
The zone-specific MAPE values were 3.42% (superficial), 1.96% (middle), and 2.21% (deep). This 
combines the ANN's absolute accuracy with the RF's percentage-error consistency. 

Zone-specific analysis confirmed the hybrid model's consistent performance. In the superficial 
zone (0-1.67 mm), MAPE improved from 99.65% (ANN alone) to 3.42%. In the middle zone (1.67-3.33 
mm), it improved from 30.52% to 1.96%. In the deep zone (3.33-5 mm), it improved from 21.52% to 
2.21%. It should be noted that all models were trained and evaluated on synthetically generated 
data. This data was derived from the same Gibson-Ashby equations that were used to define the 
ground truth. The reported metrics therefore reflect model capacity to approximate an analytically 
defined function. They do not reflect generalization to experimental data. Validation against 
fabricated scaffold constructs will be necessary. This will establish real-world predictive reliability. 

The predictive consistency of both models across the full modulus range is nonetheless 
meaningful for inverse design purposes. This internalization confirms that the model has captured 
the dominant structure–property relationships of the design space with sufficient fidelity to support 
inverse design and parameter retrieval. These results demonstrate that the surrogate framework 
internalized physics-grounded correlations rather than memorizing analytic outputs, addressing 
concerns of circularity. 

 
3.3 Robustness under Noise Injection 

 
To further address concerns regarding circularity and reproducibility, we performed a controlled 

noise injection experiment. Log-normal noise (σ = 0.1) was added to the synthetic dataset to perturb 
the Gibson–Ashby derived ground truth. Models were retrained on noisy data and evaluated on held-
out test sets. Results are summarized in Table 3. 
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Table 3 
Performance of RF, ANN, and Hybrid models under noise injection (σ = 0.1 log-normal) 

Model R2 MAE/MPa MAPE/% 

RF 0.9826 9.0958 - 
ANN 0.9873 8.5096 - 
Hybrid 0.9875 7.7936 9.05 

MAPE was not reported for RF and ANN due to instability at low modulus values under noise 
perturbation. RF achieved R² ≈ 0.9826 and MAE ≈ 9.1 MPa, ANN achieved R² ≈ 0.9873 and MAE ≈ 8.5 
MPa, while the Hybrid model achieved R² ≈ 0.9875, MAE ≈ 7.8 MPa, and MAPE ≈ 9.05%. Despite 
training on noisy data, the Hybrid model retrieved the noise-free target with superior accuracy, 
demonstrating genuine surrogate value. This confirming that the surrogate internalized physics-
grounded structure–property relationships rather than memorizing analytic outputs. 

 
3.4 Self-consistency validation of the surrogate framework 

 
Validation was reframed as an internal consistency assessment to strengthen reproducibility. 

Representative cases spanning the design space were selected, and the surrogate predictions were 
compared against the analytical Gibson–Ashby generator. The hybrid model reproduced the 
analytical values with a mean absolute deviation of ≈1.0% across all cases (Table 4). This 
demonstrates high fidelity of the surrogate framework and confirms that the model internalizes the 
physics-grounded relationships rather than memorizing specific data points. Out-of-sample 
validation against experimental scaffolds is planned as a subsequent stage, which will establish real-
world predictive reliability. 

 
Table 4 
Self-consistency validation of RF, ANN, and Hybrid models against analytical Gibson–Ashby generator 

Case Analytical/MPa RF Pred/MPa ANN Pred/MPa Hybrid Pred/MPa % Deviation 

PCL Gyroid 65% 136.18 133.42 134.82 134.82 1.00 
GelMA Spherical 80% 0.10 0.10 0.27 0.10 0.55 
Collagen Cubic 50% 3.36 3.29 4.13 3.29 2.19 
PCL-HA Gyroid 45% 512.42 507.82 513.91 513.91 0.29 
Mean deviation - - - - 1.0% 

Representative cases demonstrate that the hybrid model reproduces analytical values with mean 
deviation ≈1.0%, confirming high fidelity of the surrogate framework. 

 
3.5 Advanced visualization of surrogate performance 

 
Figure 2 provides advanced visualizations of residual behavior and threshold selection analyses. 

The parity plot (Fig. 2a) demonstrates zone-stratified agreement between predicted and true 
modulus values. Residual distributions (Fig. 2b–c) confirm that errors are centered near zero across 
all zones. The threshold sweep (Fig. 2d) illustrates the nested CV protocol, with the optimal threshold 
identified at 45 MPa. Geometry effects (Fig. 2e) highlight the role of pore architecture in Gibson–
Ashby scaling. Finally, model comparison (Fig. 2f) summarizes the superior performance of the hybrid 
approach. Collectively, these visualizations strengthen reproducibility and transparency of the 
surrogate framework. 
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Fig. 2. Advanced visualization of surrogate model performance. 
(a) Parity plot of hybrid predictions versus true modulus values, stratified by cartilage zone, showing close 

agreement across the full modulus range. (b) Residual histogram demonstrating that errors are centered near zero with 
narrow spread. (c) Zone-stratified residual distributions confirming consistent error behavior across superficial, middle, 
and deep zones. (d) Threshold selection sweep illustrating the nested CV protocol, with the optimal threshold identified 

at 45 MPa (CV-MAPE = 2.82%). (e) Gibson–Ashby geometry effect, highlighting the influence of pore architecture 
(spherical, cubic, gyroid) and corresponding n-exponent values. (f) Comparative performance of RF, ANN, and Hybrid 

models, showing the hybrid approach achieves the lowest mean absolute error while maintaining high R² 

 
3.6 Depth-aware inverse design capability 

 
To demonstrate the inverse design capability of the surrogate framework, exhaustive sampling 

of 10,000 candidate scaffolds was performed for each cartilage zone. Target moduli were set to 650 
MPa (deep zone, subchondral boundary), 100 MPa (middle zone), and 0.5 MPa (superficial zone). The 
hybrid model identified designs with achieving deviations below 0.2% across all zones. For example, 
a PCL-HA gyroid scaffold with 47.8% porosity achieved 650.7 MPa in the deep zone, while a collagen 
cubic scaffold with 81.0% porosity achieved 0.50 MPa in the superficial zone. This confirms that the 
surrogate framework can retrieve design parameters with high fidelity across depth-specific targets, 
supporting its application in zonally graded scaffold design (Figure 3). 
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Fig. 3. Depth-aware inverse design results. 
(a) Target versus predicted modulus values for deep (650 MPa), middle (100 MPa), and superficial (0.5 MPa) zones, 

showing near-perfect agreement. (b) Percentage errors for each zone, all below 0.2%, confirming high fidelity of the 
surrogate framework in retrieving depth-specific scaffold parameters. 

From the results obtained, it is evident that the depth-dependent inverse design tool can be used 
to successfully generate fabrication values. It fulfills mechanical specifications at different depths. 
Since the error in all three regions was less than 1%, the design tool converged successfully. These 
results highlight the application of this approach as a computational design tool. 

 
4. Discussion 

 
Native articular cartilage exhibits a depth‑dependent mechanical gradient, with low stiffness in 

the superficial zone and progressively higher stiffness toward the calcified deep zone. This gradient 
underpins physiological load distribution [42,43]. Conventional scaffold fabrication methods have 
historically struggled to reproduce such precise zonal gradients, limiting their ability to achieve 
mechanical fidelity and proper tissue integration. The present study addresses this challenge by 
introducing a physics‑grounded ML framework that integrates the Gibson–Ashby microstructure 
model with supervised regression and inverse design methodologies. 

 
4.1 Generation of synthetic data with physics constraints 

 
One of the key innovations introduced in this work is the utilization of physics-based synthetic 

data as a solution to the lack of experimental data that usually prevents ML from being used in tissue 
engineering. With the help of using the modified relation of Gibson-Ashby power law in the 
generation process, a synthetic data set generated in such a way will intrinsically contain physically 
reasonable correlations between structural properties. It helps prevent predictions violating any 
physical laws, which is especially important when talking about safety-critical medical applications 
[44]. Furthermore, physics-based modeling can explore more design possibilities than any 
experiments can allow. All types of materials, porosities, and geometries can be studied, covering the 
whole range of necessary mechanical properties [45]. 
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There is a need to ensure that the results obtained from models are interpreted in appropriate 
contexts. The R2 values reported here show how well each model can approximate an analytically 
defined function. They do not indicate how well the models would perform on actually printed 
scaffolds. This is not a problem unique to the present study. Any physics-grounded synthetic data 
approach faces the same issue. That is why experimental validation will be needed next. Such testing 
is essential before any clinical or practical applications can be claimed. 

 
4.2 Zonal anisotropy and inverse design 

 
The inverse design module demonstrated the practical utility of the framework by identifying 

fabrication parameters satisfying target compressive moduli across all three zones with prediction 
errors below 0.2%. This target value is consistent with the stiffness range reported for the mineralized 
deep zone and subchondral bone interface, and was deliberately selected to represent the 
mechanically demanding upper boundary of the osteochondral gradient. The successful 
identification of PCL-HA with low porosity and a stretching-dominated cubic architecture for this 
target is biologically coherent, as mineralized composite phases and dense lattice geometries are 
established design choices for subchondral load-bearing regions. This case study therefore 
demonstrates the framework's capacity to target the mechanically demanding subchondral 
boundary of the osteochondral gradient within a single unified design platform. Building on this, 
future work should systematically validate the framework across the full zonal stiffness spectrum 
from the superficial cartilage surface (~0.1-1 MPa) to the deep zone and subchondral interface to 
demonstrate end-to-end osteochondral design capability. Translation of mechanical criteria directly 
to physical and microstructural criteria, without iterations in experiment testing, reduces significantly 
the efforts required in scaffold development. From a medical point of view, mechanically compatible 
and functionally graded scaffolds could prevent stress shielding [46,47]. 

In case of the ANN, the absolute accuracy is high (MAE≈ 1.25 MPa, R2=0.9998), but the percentage 
errors are very big especially for the low modulus cases in the superficial cartilage zone 
(MAPE=51.30%). On the other hand, the RF has stable percentage errors across all zones (3.16% 
MAPE), but has higher absolute errors (MAE≈ 2.41 MPa). A hybridization of the two models was thus 
devised in an attempt to combine their advantages. In the proposed hybrid threshold algorithm, the 
neural network is used where the predicted value exceeds 50 MPa; the RF algorithm is used for values 
of 50 MPa and lower. The cut-off point was selected in consideration of the fact that 50 MPa 
represents the changeover point from the more flexible regions (superficial and middle zones) to the 
stiff region (deep zone). With this combination, an overall result of R2=0.9998, MAE≈1.12 MPa and 
MAPE=2.54% has been obtained. Zone-wise errors are 0.05% for the superficial zone, 0.01% for the 
middle zone and 0.11% for the deep zone. It may be concluded that the use of an appropriate 
modelling method according to the expected stiffness level solves the percentage error problem in 
the neural network algorithm, maintaining its high absolute accuracy. 

 
4.3 Insight into the topological-mechanical interactions in ANN for porous materials 

 
By using unique scaling exponents for the cubic, gyroid, and spherical pore types, topologies were 

considered explicitly as a design parameter. In line with previous expectations based on cellular solid 
concepts, the predictions of the model made sense. For stiff systems, the cubic lattice geometry 
proved to be preferred, as previously known from the fact that stretching-dominated topologies are 



Knowledge and Decision Systems with Applications 

Volume 2, (2026) 642-657 

 

653 
 
 

 

generally stiffer compared to bending-dominated systems [48,49]. Although gyroidal topologies can 
be less robust under specific compression tests, it is well-known that they have superior properties 
regarding their permeability and fluid transport capabilities, which make them favorable for 
processes such as diffusion of nutrients and colonization of the structure by cells [50]. Such 
mechanical properties depending on geometries were learned without being programmed by the 
neural network, implying physically meaningful relationships instead of merely remembering 
numbers. This is an indication of model interpretability, especially when used in biomedical 
applications [51]. 

 
4.4 Limitations and future directions 

 
Several limitations constrain the present framework's immediate translational readiness. First, 

the framework has not yet been validated against physically fabricated constructs. Predictive 
accuracy under real manufacturing variability, which includes process-induced porosity deviations, 
material batch inconsistencies, and geometry-dependent printing artifacts, remains to be 
established. Transfer learning approaches that incorporate limited experimental data from 
fabricated scaffolds could provide an efficient pathway. It would bridge this gap without requiring 
large-scale experimental campaigns. Second, the framework currently treats scaffold properties as 
static. In vivo mechanical performance, however, is governed by time-dependent processes. These 
include enzymatic degradation, mechanical fatigue, and progressive tissue remodeling. None of these 
are presently encoded in the model. Third, the inverse design module does not incorporate 
manufacturing feasibility constraints. Parameter combinations that are recommended by the 
algorithm should be filtered against the resolution and material deposition limits of the intended 
fabrication platform. This platform may be melt electrowriting, extrusion-based bioprinting, or 
freeze-drying. The filtering step guarantees that the recommended parameters can be manufactured 
before embarking on printing. Overcoming these limitations will give an unambiguous path forward. 
These include performing experimental studies on printed scaffolds, modeling the degradation of the 
materials, and taking into account the limitations of the manufacturing process. Taking these 
measures would take the system from a mere computational tool to a functional system for designing 
scaffolds in the clinical environment [52]. Taken together, these limitations delineate a clear 
roadmap: experimental validation, incorporation of degradation dynamics, and integration of 
manufacturing feasibility filters. Addressing these will transform the framework from a 
computational prototype into a clinically translatable scaffold design tool. 

 
5. Conclusion 

 
This study presents a physics‑grounded ML framework for the inverse design of functionally 

graded osteochondral scaffolds. The key innovation lies in a modified Gibson–Ashby model that 
encodes depth‑dependent mechanical gradients of native cartilage into synthetic datasets. A total of 
5,000 scaffold configurations were generated, overcoming the limitation of scarce experimental data 
and enabling ML‑based surrogate modeling. 

A hybrid threshold approach, combining neural network and RF regressors, achieved R² = 0.9998, 
MAE ≈ 1.12 MPa, and MAPE ≈ 2.5% on held‑out synthetic test data, with stable performance across 
zones. This hybridization resolved the pathology of percentage errors in low‑modulus regions while 
retaining the ANN’s high absolute accuracy for stiff targets. The inverse design module successfully 
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translated target stiffness values (e.g., 650 MPa at the bone–cartilage boundary) into fabrication 
parameters, achieving deviations below 0.2%. 

These findings demonstrate that the framework can directly convert mechanical requirements 
into scaffold specifications, providing proof‑of‑concept for a reproducible, physics‑grounded inverse 
design methodology. The approach offers a computationally efficient alternative to repetitive 
experimental trial‑and‑error in scaffold development. To realize full translational potential, future 
work must validate predictions against fabricated scaffolds, incorporate degradation dynamics, and 
integrate manufacturing feasibility constraints. Taken together, this framework establishes a 
repeatable and adaptable computational base for rationally designing biomimetic osteochondral 
constructs, directly addressing concerns regarding circularity, reproducibility, and inverse design 
capability. 
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