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ARTICLE INFO ABSTRACT

Keywords: Prediction of drug release from novel drug delivery systems is of great importance to enhance the
Drug release efficiency of therapeutics. This study evaluates the predictive capabilities of three machine
Biomaterials

learning models, Gradient Boosting Decision Trees (GBDT), Deep Neural Networks (DNN), and
Neural Oblivious Decision Ensembles (NODE) for modeling complex nonlinear relationships in a
dataset containing drug concentration. The data is extracted from mass transfer simulation of
drug release from a biomaterial matrix, and the main output is spatial concentration distribution
of the drug inside the matrix. Key input features (r and z) ranged from 0.001 to 0.003 m and
0-0.006 m, respectively, predicting the output concentration (C) within 0.00038-0.000831 mol/
m®. The models were optimized using the Stochastic Fractal Search (SFS) algorithm, which sys-
tematically adjusted hyperparameters to maximize cross-validation R? scores. NODE out-
performed other models, achieving R? scores of 0.99881 (train), 0.99776 + 0.00003 (validation),
and 0.99829 (test), with minimal error metrics: RMSE of 0.00000344 (train) and 0.00000421
(test). In contrast, GBDT and DNN achieved test R? scores of 0.97117 and 0.97165, respectively.
NODE'’s predictions were highly consistent across folds, demonstrating robustness and general-
izability. SHAP analysis indicated the dominant influence of input feature r, while z contributed
negatively to the output. The NODE model is the most appropriate method for handling complex
interactions in tabular data thanks to its unique combination of interpretability, scalability, and
high predictive performance.

Gradient boosting decision trees
Deep neural networks
Neural oblivious decision ensembles

1. Introduction

Efficient delivery of drugs to the target sites is one of challenges in pharmaceutical area which has significant effect on the
treatment efficiency of various diseases such as cancer treatment. The delivery of desired dosage and sustained release of drug to the
tumor site is the goal for development of advanced cancer treatment methods based on drug delivery method [1-3]. Controlled release
(CR) is an efficient strategy to enhance the therapeutic effects of medicines for patients. CR can be carried out via various techniques
such as nanoparticles and porous materials [4]. In this technique, the drug is released from the carrier in a highly controlled manner.
The rate of drug release can be controlled via molecular interaction manipulation, mass transfer rate, and other phenomena [5]. In
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order to prepare an efficient formulation for CR of medicines, all underlying phenomena should be well understood which can be
achieved via modeling the release of drug. Drug release modeling such as mass transfer modeling has been successfully carried out for
different formulations, and the results are promising to analyze the rate of drug release from CR formulations [6].

Recently, biomaterial matrices have been used as the host for CR of medicines, due to their biological properties such as biode-
gradability [4,5,7]. For understanding the release rate, mass transfer was analyzed in the biomaterial matrix to find out the con-
centration distribution entire the domain. The model based on mass transfer and machine learning (ML) can be explored for this
problem which is a new paradigm in evaluation of drug release via hybrid mass transfer-ML models. This strategy has been already
evaluated for different processes and showed promising results in terms of accuracy and versatility [8,9]. However, a large dataset is
required for training ML models which can be generated via mass transfer simulation of CR system.

Machine Learning (ML) has grown increasingly important as it provides effective techniques for modeling complex data re-
lationships to solve critical problems [10]. Among its advancements, deep learning excels in capturing hierarchical patterns, while
tree-based methods like Gradient Boosting Decision Trees (GBDT) offer robust performance in tabular data tasks. This study explores
the capabilities of three methods: GBDT, Deep Neural Networks (DNNs), and Neural Oblivious Decision Ensembles (NODE), leveraging
their strengths to model nonlinear relationships in data effectively. The models are employed for prediction of dataset derived from
drug release from a biomaterial matrix. The ML models are combined with mass transfer simulation of drug release for finding the
concentration distribution in the system.

The selection of these methods is motivated by their unique strengths. GBDT is renowned for its reliability and interpretability in
structured data problems, DNNs excel in high-dimensional and complex datasets, and NODE bridges the strengths of neural networks
and tree-based models, providing scalability and interpretability. These models are particularly suited to capturing the intricate in-
teractions between features in datasets characterized by nonlinear dependencies.

This paper presents a thorough methodology that combines advanced pre-processing techniques, precise hyperparameter tuning
using Stochastic Fractal Search (SFS), and robust cross-validation for performance evaluation. Through a systematic comparison of
these methods, the study aims to offer valuable insights into their effectiveness and applicability for predictive tasks, thus furthering
the use of ML in data modeling for biological applications such as drug delivery.

2. Data analytics

The dataset used in this study contains more than 6000 data points, offering a solid basis for both model training and evaluation.
The inputs include the variables r (ranging between 0.001 and 0.003 m) and z (ranging between 0 and 0.006 m), while the output
variable C represents the concentration (in mol/ma) with values spanning from 0.00038 to 0.000831. The methodology is taken from
the previous studies on evaluation of drug concentration in biomaterial matrix via mass transfer and machine learning analyses [4,5,
7]. Table 1 summarizes the key statistics of the dataset, offering insights into the range, mean, and variability of the input and output
parameters.

Computational fluid dynamic methods can be used for simulation of fluid flow and have shown great performance for different
geometries and conditions including heat and mass transfer [11,12]. For the mass transfer modeling system in this study, only
biomaterial matrix was considered, and the solute concentration variations were obtained by solution of diffusional mass transfer
model:

V.(-DVC4) =R

where D is drug diffusivity in the biomaterial matrix (mz/s), C4is the drug concentration (mol/m3), and R is the chemical reaction rate
(mol/m?3.s). The equation of mass transfer was solved in the process via finite element technique using COMSOL Multiphysics package to
obtain the concentration distribution in the biomaterial matrix containing drug [5]. The results were then employed for training the
ML algorithms. Thus, the data framework for ML modeling is constructed for concentration of drug (C) in the matrix versus
coordinates.

Fig. 1 illustrates the pair plot of the dataset, showcasing the relationships and distributions among the variables r, z, and C in the
drug release dataset. This visualization highlights the data’s structure and any potential trends or correlations that might inform
subsequent modeling efforts.

The dataset underwent a thorough pre-processing pipeline to ensure high-quality inputs for modeling. In this study, outlier
detection performed based on Isolation Forests. This method isolates outliers by constructing random decision trees and detecting
points with short path lengths, which are indicative of potential anomalies [13,14]. By removing these outliers, we ensured the
integrity of the dataset and minimized the impact of noisy data on model performance.

After outlier detection, the data was normalized using the Min-Max Scaler. This method normalizes the input features r and z to a

Table 1

The statistics of the variables.
Variable Minimum Maximum Mean Standard Deviation
r(m) 0.001 0.003 0.001990 0.000727
z(m) 0 0.006 0.003284 0.001794
C(mol/m3) 0.00038 0.000831 0.000707 0.0001




H. Wang et al. Case Studies in Thermal Engineering 73 (2025) 106505
0.0030 —

0.0025 —

0.0020 —

r(m)

0.0015 —

0.0010 —

0.006 —

0.004 —

z(m)

0.002 —

0.000 —{&

0.0008 — i
0.0007 —
0.0006 —

0.0005 —

C(mol/m3)

0.0004 —

I I I I I I
0.001 0.002 0.003 0.0000 0.0025 0.0050 0.0004  0.0006 0.0008

r(m) z(m) C(mol/m3)

Fig. 1. Pair plot analysis for r, z, and C.

range between 0 and 1, maintaining their relative relationships while ensuring compatibility with ML models sensitive to the input
data’s scale. Normalization accelerates model convergence and improves prediction accuracy by maintaining consistency across
features [5].

3. Methodology

The methodology of this study (Fig. 2) integrates pre-processing, deep and tree-based models, and optimization techniques to build
accurate regression models for predicting the output variable C. In the first place, Pre-processing involved using the Isolation Forest for
finding the outliers and the Min-Max Scaler for feature normalization.

Three modeling approaches were employed: GBDT, DNN, and NODE. Each method was meticulously optimized to model the
intricate non-linear relationships between the input features (r and z) and the output (C). Hyperparameter tuning was conducted using
the SFS algorithm, a metaheuristic technique designed for efficient exploration of high-dimensional parameter spaces. This

(o) (o) (onn)

GBDT | | DNN | | NODE |

NN

A 4
Min-Max SFS
Dataset Isolation Forest : Scaler Cleaned Data— Hyperparamete
: r tuning
Final - . e
Evaluation | ¢ Final models (<

Fig. 2. Overall modeling process designed for prediction of drug release.
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comprehensive methodology ensured robust model training and validation, delivering high predictive accuracy across multiple
validation folds.

3.1. Gradient Boosting Decision Trees (GBDT)

GBDT is a robust ensemble learning method designed to solve regression problems by iteratively minimizing a specified loss
function. GBDT combines the outputs of multiple weak models—shallow decision trees—into a robust predictive model, where each
base model (tree) is trained to correct the residual errors of the ensemble so far [15]. During each iteration, a new tree is added, and its
predictions are weighted by a learning rate, v, to control its contribution to the overall model. The updated predictions at each stage are
expressed as Fp(x) = Fn_1(X) 4+ V- hy(x), where hy(x) stands for the output of the new tree. This sequential method allows GBDT to
reliably capture complex non-linear patterns [16].

The performance of GBDT in regression tasks is highly dependent on the tuning of key hyperparameters. The learning rate (v)
manages the contribution of each tree to the final model, with smaller values requiring more trees but providing greater stability. The
number of trees controls the ensemble’s size, striking a balance between underfitting and overfitting. Tree depth regulates the
complexity of individual trees, capturing higher-order interactions when set appropriately. Subsampling specifies the fraction of the
dataset used for training each tree, introducing randomness to enhance generalization. Additional regularization techniques, such as
penalizing leaf weights or using L1/L2 regularization, further mitigate overfitting. Hyperparameter optimization, typically performed
via grid search or Bayesian methods, ensures the model achieves optimal predictive performance [17].

By leveraging its ability to iteratively refine predictions and model complex feature interactions, GBDT achieves exceptional ac-
curacy in regression tasks, making it a preferred choice for tabular data problems. Advanced implementations such as XGBoost,
LightGBM, and CatBoost enhance scalability, computational efficiency, and stability, further solidifying GBDT’s position as a
cornerstone of regression modeling.

3.2. Deep Neural Networks (DNNs)

DNNs are powerful ML-based models designed to learn relationships in the dataset with great robustness and reliability [18]. For
regression tasks, DNNs are configured to predict continuous outputs by adapting their architecture, activation functions, and opti-
mization methods to suit the problem’s requirements [19].

A standard DNN for regression has the structure including input, hidden, and output layers in its design for data analytics. The input
layer is attributed to the dataset’s features, with one neuron for each input feature. The hidden layers are composed of neurons that
apply transformations to the data, capturing hierarchical patterns and relationships [20]. These transformations are performed
through weighted connections, biases, and non-linear activation functions. The output layer, which produces the final predictions,
typically consists of one neuron (for single-output regression).

The transformations within each layer of a DNN can be described mathematically. For a given layer I, 2! are computed using [21]:

20 — W gt-1 | p0

where the matrix of weights is represented by W, while the vector of biases is denoted as b)) The output activation from the layer
before is given by a’~1). A non-linear transformation is applied using the activation function g( -), producing the following result:

¥ —g(z0)

Input Hidden Hidden Output
Layer Layer Layer Layer

Fig. 3. Deep neural network architecture.
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Well-known activation functions include ReLU (Rectified Linear Unit) for its simplicity and efficiency, tanh for smooth trans-
formations, and sigmoid for certain specialized use cases. ReLU is most commonly used in hidden layers due to its ability to handle
vanishing gradient issues effectively.

The performance of a DNN in regression tasks depends heavily on the choice of hyperparameters, which can be optimized for better
accuracy and generalization. Critical hyperparameters include the network’s depth, defined by the number of layers, and its capacity
to model complex relationships, determined by the count of neurons within each layer. The learning rate, which regulates the
adjustment magnitude during optimization, and the batch size, specifying the dataset size processed in each training iteration, are
equally important. Additionally, methods such as dropout, which temporarily disables a subset of neurons during training, are
employed to mitigate the risk of overfitting. Proper weight initialization is essential for stable and efficient training, as it impacts how
optimization begins.

DNNs are trained through end-to-end processes using gradient-based optimization methods such as stochastic gradient descent
(SGD). Employing their capacity to learn non-linear and hierarchical relationships, DNNs perform exceptionally well in regression
tasks, particularly with complex and high-dimensional datasets.

Fig. 3 shows the neural network architecture employed in the hybrid computational model. The network consists of an input layer
that receives spatial coordinates, one or more hidden layers that learn complex relationships in the data, and an output layer that
produces a prediction. Together, these layers form a feedforward neural network that processes the input data through successive
transformations to provide accurate predictions.

3.3. Neural Oblivious Decision Ensembles (NODE)

NODE is a deep learning method for tabular data, which combines the decision tree structure with the flexibility of neural networks.
NODE generalizes Oblivious Decision Trees (ODTs), which split data based on fixed features and thresholds at each depth, into
differentiable models trained end-to-end via backpropagation. This mechanism enables NODE to leverage hierarchical representation
learning while retaining the interpretability of tree-based models [22,23].

At its core, a NODE layer comprises mm differentiable ODTs of depth dd, each receiving the same input vector x € R". The trees use
learnable splitting features f € RY, thresholds b € R%, and a response tensor R € R?'. Differentiability is achieved through the a-entmax
transformation, which generalizes softmax to produce sparse probability distributions. Splitting features are computed as [22]:

n

fitx) =" x; - entmax, (Fy)

=1

where F € R¥" is a learnable feature selection matrix. Thresholding is softened as:
04 (x) = entmax,([x, 0])

allowing smooth decision boundaries. The tree’s output combines weighted responses:

where C(x) encodes routing probabilities at each split.

NODE adopts a multi-layer structure inspired by DenseNet, where outputs of earlier layers are concatenated as inputs for deeper
layers. This design captures both shallow and deep patterns, with final predictions averaged across all trees and layers. Important
hyperparameters of this method include the count of layers, quantity of trees per layer, tree depth, « in entmax, and the dimensionality
of tree outputs [24].

Training is conducted via stochastic gradient descent with standard losses, such as mean squared error for regression, using data
preprocessing like quantile normalization to ensure stability. Initializations for feature selectors and thresholds are data-aware for
faster convergence. By integrating tree structures with neural networks, NODE achieves state-of-the-art results on tabular data while
offering interpretability, scalability, and adaptability.

3.4. Stochastic Fractal Search (SFS)

For hyperparameter tunning, we employed the SFS algorithm, an advanced metaheuristic method. Inspired by the principles of
organic growth in natural environments, it integrates fractal patterns to boost the effectiveness of exploring the solution [25-27].
Below steps outline the procedure of this algorithm:

o Diffusion Step: The SFS algorithm starts with a diffusion phase, utilizing two independent Gaussian walks. A random choice is made
between the two walks, governed by a tunable parameter that influences the decision mechanism. The primary Gaussian walk
(GW1), initiates from the Best Point (jiz,, BP) determined by the optimization algorithm. The diffusion process commences at point
P;, where two randomly generated numbers € and gy, uniformly distributed in the range [0, 1], impact the trajectory. The expression
for GW1 is [25]:
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GW,; = Gaussian(ugp, 6) + (¢ - BP — & - Pi)
The second Gaussian walk, indicated as GW2, starts at the point p, and is described by the following equation:
GW, = Gaussian(up, 6)
To improve localized exploration around promising candidates, the step size ¢ for both Gaussian walks is modified according to

Ref. [28]:

a:@v(mf@)

e Initialization: Each new particle is checked against boundary constraints for the specified dimension j during the initialization
phase. For a specific particle P, with UB representing the upper bounds as a vector, LB indicating the vector of lower bounds, and ¢
being a random number between 0 and 1, this formula is applied [27]:

P;=LB+¢- (UB—LB)

e Linear Ranking Function: SFS uses a linear ranking approach on two separate occasions to determine the probability assigned to
each particle, based on how well they perform in terms of fitness. The probability P,; for particle P; is determined by Ref. [28]:
__rank(Py)
a — N

e Updating Processes: The first update adjusts each element corresponding to component j and observation i individually. The
modified point, represented as P, is obtained after the first update step, with the update defined by the following equation [26]:

Pi(j) =P;(j) — & - (P.(j) — P(j))
In the subsequent update phase, P; undergoes further modification by integrating two randomly chosen points, P, and P,. A uni-

formly distributed random variable, €, controls the substitution of the vector point. The updated point, denoted as P;, is then computed
as follows [26]:

P=p—c.|p-BP| if &<}

N

Pi=P 1o [P P if f>)

The optimization process focused on maximizing the mean R? obtained through 5-fold cross-validation (CV), ensuring robust
evaluation across different data partitions. The SFS algorithm began with an initial sample size of 80, facilitating comprehensive
exploration of the parameter space. Key settings included a diffusion rate of 0.6 and an attraction rate of 0.25, which provided a
balance between local refinement and global exploration. These configurations enabled the algorithm to systematically adjust
hyperparameters, iteratively improving the mean R? score from CV. This approach allowed the SFS method to efficiently traverse the
search space and enhance model performance without requiring exhaustive computational resources.

4. Results and discussion

The results were obtained using a comprehensive evaluation process that involved a random split of the dataset, with 80 %
allocated for training and validation and the remaining 20 % reserved for testing. The validation of the models was conducted through
5-fold cross-validation (CV) to ensure robustness and minimize bias in performance assessment.

The performance metrics for the models, including the R? scores in the training, validation, and test phases, are listed in Table 2.
Moreover, Table 3 displays the error metrics—specifically the Mean Absolute Error (MAE) and Root Mean Square Error (RMSE)—
offering a comprehensive assessment of model accuracy throughout the various phases.

The GBDT model’s performance in predicting drug concentration (C) is depicted in Fig. 4 through a scatter plot of predicted versus
actual values. The points cluster closely along the diagonal line, reflecting strong predictive accuracy with a test R? of 0.97117.

Table 2

R? scores of optimized models in Train, Validation, and Test Phases.
Models Train R? CV R? Test R?
GBDT 0.98750 0.98033 + 0.00549 0.97117
DNN 0.97280 0.96955 + 0.00137 0.97165
NODE 0.99881 0.99776 + 0.00003 0.99829
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Table 3
The Error Metrics calculated for the optimized models.
Models RMSE MAE
Train Test Train Test
GBDT 1.11244E-05 1.72763E-05 5.95663E-06 7.38688E-06
DNN 1.70027E-05 1.71292E-05 1.32025E-05 1.31267E-05
NODE 3.43650E-06 4.20774E-06 2.09625E-06 2.40711E-06

However, at higher concentrations (above 0.0007 mol/m?%), the model underpredicts, as points deviate below the line, indicating
limitations in capturing highly nonlinear relationships in complex regions of the dataset.

Fig. 5 showcases the DNN model’s ability to predict drug concentrations, with a scatter plot comparing predicted and actual values.
The points exhibit tighter clustering around the diagonal than the GBDT model, achieving a slightly higher test R of 0.97165. Even at
elevated concentrations, deviations are minimal, underscoring DNN’s superior capacity to model nonlinear patterns thanks to its
multi-layer architecture.

The NODE model’s performance is illustrated in Fig. 6, where predicted drug concentrations align almost perfectly with actual
values across the entire range. The scatter plot shows minimal deviations, reflected in an impressive test R% of 0.99829. This excep-
tional accuracy highlights NODE’s strength in integrating neural network flexibility with decision tree robustness, making it highly
effective for complex tabular data.

Among the models evaluated here, NODE demonstrated the best performance, as shown in Tables 2 and 3 and Figs. 4-6.

NODE achieved the highest R? scores across all phases: 0.99881 in training, 0.99776 + 0.00003 in cross-validation (CV), and
0.99829 in testing. These findings highlight NODE’s capability to effectively model and forecast intricate nonlinear patterns within the
dataset. Additionally, NODE achieved the smallest error measurements, with training and testing RMSE values of 0.00000344 and
0.00000421, respectively, along with MAE values of 0.00000210 for training and 0.00000241 for testing. These metrics underscore the
model’s accuracy and dependability in predictions.

The minimal variance in the CV R? score (+0.00003) underscores NODE’s robustness and ability to generalize effectively across
different data folds. This consistency highlights the absence of overfitting, which is a significant concern in high-capacity models.
NODE'’s balanced performance across training, validation, and testing phases ensures reliable application in unseen data scenarios.

Visual comparisons of predicted versus actual outputs, as illustrated in Figs. 4-6, further validate NODE’s superior performance.
The NODE model demonstrated the closest alignment to actual data points, with minimal deviations compared to the GBDT and DNN
models.

In conclusion, NODE is found to be the best model in this study, achieving the highest accuracy and generalization robustness.
Therefore, it is the most suitable model for modeling and prediction in this research.

Fig. 7 presents the predicted drug concentration (C) as a function of radial coordinate (r) at a fixed axial position (z = 0.003 m). The
plot reveals a smooth decline in concentration from the center outward, consistent with a radial gradient driven by diffusive mass
transfer. This physically realistic trend validates the model’s utility in simulating drug release behavior, aiding the design of controlled
release systems.

In Fig. 8, the predicted drug concentration (C) is plotted along the axial coordinate (z) at a fixed radial position (r = 0.002 m). The
concentration decreases steadily with increasing z, mirroring an axial gradient typical of diffusive transport. This predictable pattern
reinforces the model’s relevance and accuracy, offering valuable insights for optimizing drug delivery kinetics.

Figs. 7 and 8 illustrate the effects of the input variables r and z on the predicted concentration C, providing insights into the model’s
response behavior. Both inputs clearly show an overall negative relationship with output. Fig. 9 presents a contour plot of the predicted
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drug concentration (C) as a function of the radial coordinate (r) and axial coordinate (z), clearly visualizing their combined influence
on the concentration distribution within the biomaterial matrix. The plot shows that concentration is highest at the matrix’s center
(lower r and z values) and decreases steadily toward the boundaries (higher r and z values). As r increases from 0.001 to 0.003 m, the
concentration drops significantly, indicating a strong negative relationship. Similarly, as z increases from 0 to 0.006 m, the concen-
tration also declines, though less markedly. This gradient results from diffusive mass transfer, where the drug diffuses outward from
the matrix’s core to the surrounding tissue, consistent with the dynamics of controlled release systems. The obtained surface con-
centration plot obtained from mass transfer modeling is shown in Fig. 10 to compare the ML structured concentration distribution with
the mass transfer results and great agreement has been obtained which confirms the accuracy of the optimized ML models in prediction
of drug concentration in the biomatrix.

SHAP (SHapley Additive exPlanations) is a widely used interpretability framework designed to explain the impact of individual
features on a model’s predictions. Fig. 11 provides a SHAP summary plot, which visualizes the impact of each input variable on the
predicted concentration C. The plot highlights that r has the most significant influence, with higher SHAP values correlating to
increased C, while z exhibits a smaller yet consistent negative impact. The spread of points along the horizontal axis represents the
variability in feature contributions across the dataset, with denser clusters indicating more frequent impacts. This analysis underscores
the model’s reliance on r and z in making predictions, offering valuable insights into the underlying relationships and the model’s
interpretability.

The NODE model developed for predicting drug release showed strong performance, but it has some limitations. The dataset used
was based entirely on simulations, which may not fully reflect the complexities of real-world drug release systems. Additionally, while
SHAP analysis improved interpretability, the model could still offer clearer insights for designing biomaterials.

For future work, validating the model with experimental data will be crucial to confirm its real-world applicability. Adding features
like matrix porosity or drug solubility could boost prediction accuracy. Exploring hybrid models that combine physical constraints
with machine learning could also improve both accuracy and interpretability, enhancing the model’s potential for practical drug
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Fig. 9. Contour Plot of predicted C as a function of r and z (ML modeling).

delivery applications.
5. Conclusion

We analyzed the utilization of three ML models—GBDT, DNN, and NODE—in predicting nonlinear relationships in a dataset of over
6000 points. Among the models, NODE demonstrated superior accuracy in fitting, with the highest calculated R? (0.99881 for training,
0.99776 + 0.00003 for cross-validation, and 0.99829 for testing) and the lowest error metrics (RMSE: 0.00000344 for training and
0.00000421 for testing). NODE’s ability to capture intricate interactions between input features (r and z) and the output variable (C)
was evident, with minimal overfitting and exceptional generalizability.

Furthermore, SHAP analysis highlighted the significant positive impact of r and the consistent negative effect of z on the predicted
output. The visualization of the NODE model’s predictions underscored its precision and alignment with the dataset’s underlying
physical relationships. These results validate NODE as a robust, interpretable, and scalable model for predictive tasks in tabular
datasets, outperforming traditional GBDT and DNN approaches.

Overall, integrating advanced pre-processing, systematic hyperparameter tuning using the SFS algorithm, and rigorous evaluation
has established NODE as a highly effective method for regression problems, particularly in cases involving nonlinear dependencies.
This opens up the possibility for future investigation of NODE and other similar hybrid architectures in domains where high accuracy
and reliability are crucial.
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Fig. 10. Drug concentration distribution inside the biomatrix obtained via mass transfer simulation.
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