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A B S T R A C T

Accurate prediction of fracture load and initiation angle under complex loading conditions, like 
mixed mode I/II, is essential for reliable failure assessment. This paper aims to develop a machine 
learning framework for predicting fracture load and crack initiation angles by directly utilizing 
stress, strain, or displacement distributions represented by selected nodes as input features. 
Validation is conducted using experimental data across various mode mixities and specimen 
geometries for brittle materials. Among stress, strain, and displacement fields, it is shown that the 
stress-based features, when paired with Multilayer Perceptron models, achieve high predictive 
accuracy with R2 scores exceeding 0.86 for fracture load predictions and 0.94 for angle pre
dictions. A comparison with the Theory of Critical Distances (Generalized Maximum Tangential 
Stress) demonstrates the high accuracy of the framework. Furthermore, the impact of input 
parameter selections is studied, and it is demonstrated that advanced feature selection algorithms 
enable the framework to handle different ranges and densities of the representative field. The 
framework’s performance was further validated for datasets with a limited number of data points 
and restricted mode mixities, where it maintained high accuracy. The proposed framework is 
computationally efficient and practical, and it operates without any supplementary post- 
processing steps, such as stress intensity factor calculations.

1. Introduction

Fracture mechanics has historically been grounded in classical theories that provide analytical solutions for crack behavior under 
idealized conditions [1]. Among these, Griffith’s energy criterion [2] established a foundational framework by balancing the elastic 
strain energy released during crack propagation with the energy required to create new surfaces. Later, the Maximum Tangential Stress 
(MTS) criterion [3] was introduced and became a critical tool for predicting fracture load and crack initiation angle under mixed mode 
loading conditions. Some years later, based on the energy distribution around the crack tip, the Strain Energy Density (SED) criterion 
[4] was proposed, which was also able to predict both fracture load and crack direction. Again, for mixed mode loading, a less 
established model, called Maximum Strain Criterion [5] was proposed that employs the tangential strain component (similar to MTS) 
to predict mixed mode fracture. While classical fracture mechanics approaches provide clear, physics-based guidelines for predicting 
fracture, they typically rely on simplified assumptions that limit their range of applicability. This challenge grows when dealing with 
multiphysics problems, interacting failure mechanisms [6], or crack propagation in complex structures [7]. In recent years, machine 
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learning (ML) has demonstrated high predictive accuracy in a variety of such cases, and we will briefly discuss some key contributions 
in this section. Although classical approaches often require parameter calibration, they still hinge on theoretical assumptions. By 
relying on observed patterns, machine learning models can ’learn’ complex relationships that may not be captured by a single fracture 
criterion. This justifies the attempts to develop machine learning algorithms, beginning with simple problems and progressively 
advancing toward more complex fracture scenarios.

Recent advancements in ML have yielded remarkable progress in addressing mixed mode fracture problems, particularly through 
artificial neural networks (ANNs). For example, ANN-based models were successfully used to predict critical stress intensity factors and 
crack tip opening displacements in concrete [8]. These models outperformed traditional two-parameter models even in the presence of 
noisy datasets, achieving high accuracy and robustness. Another investigation [9] applied ANNs to predict fracture toughness and 
crack paths in materials influenced by micro-defects, with models trained on data derived from Distributed Dislocation Technique 
[10,11] and achieved high R2 values for predictions. Furthermore, ANN-based approaches have been employed to address variables 
such as crack geometry, temperature, and biaxiality in fracture toughness prediction of aluminum alloys, demonstrating their ability to 
deliver rapid and cost-efficient fracture toughness predictions [12]. Beyond specific fracture problems, ANN models have been adapted 
to predict mixed mode fracture loads with high precision. For instance, an ANN-based criterion for mixed mode I/II fractures was 
developed that employs stress intensity factors and strain energy density as input features for fracture load predictions [13]. Another 
investigation employed stress intensity factors as well as geometric and material properties as inputs to predict mixed mode fracture 
load across diverse specimens and materials [14]. In addition, two-hidden-layer ANN architectures were applied to multi-crack sce
narios, such as interacting cracks in aluminum alloys, which were effectively able to capture complex crack growth behaviors and 
directions [6]. These findings underscore the adaptability and robustness of ML approaches in addressing the nonlinear interactions 
characteristic of mixed mode fracture mechanics. The applicability of ML models extends across material types and loading conditions. 
Regression trees and neural networks, for instance, have been applied to predict mode I fracture toughness in brittle ceramics using 
experimental data from microcantilever tests. These models demonstrated superior generalization capabilities compared to empirical 
methods [15].

Support Vector Regression (SVR) has been applied to rocks under mode I and II loading conditions, achieving R2 values of 0.73 and 
0.77, respectively [16]. Another study [17] evaluated 12 ML models for predicting effective fracture toughness across multiple ma
terials, and identified the Extreme Tree Regressor (ETR) as the most accurate. Practical tools such as graphical user interfaces (GUIs) 
have also been developed to enhance the usability of ML-based models by bridging the gap between theoretical advancements and real- 
world engineering applications. For instance, ANN and Extreme Gradient Boosting (XGBoost) models have been used to predict mode I 
fracture toughness in concrete based on mix design parameters. These studies identified critical predictors such as cement dosage and 
notch height, achieving R2 values as high as 0.90 [8,18]. Machine learning has also facilitated the calibration and validation of nu
merical models. For example, Gaussian Process Regression (GPR) has been integrated with finite element methods to automate failure 
model calibration in aerospace composites, eliminating the need for trial-and-error processes and significantly reducing computational 
costs [19].

Recent advancements in ML hybridization, particularly with physics-informed methods, have further enhanced their effectiveness 
in fracture analyses. Transfer learning–enhanced physics-informed neural networks (PINNs) have been employed for phase-field 
modeling of brittle fractures, achieving superior accuracy while significantly reducing computational costs [20]. Similarly, an 
extended physics-informed extreme learning machine (XPIELM) that incorporates singular factors derived from asymptotic expansions 
has been applied to address linear fracture problems which significantly improved displacement and stress intensity factor predictions 
[21]. Furthermore, ML-based approaches have been employed to address variational brittle fracture mechanics. For example, a model- 
free data-driven approach [22] replaced constitutive models with ML-based predictions and was able to accurately capture Griffith and 
R-curve behaviors. It is worth noting that despite the transformative potential, the widespread adoption of ML in fracture mechanics is 
not without challenges. Substantial datasets are often required for training, interpretability can be difficult in safety–critical domains, 
and overfitting remains a risk if hyperparameters and validation protocols are not carefully managed. Nevertheless, ensemble methods 
[23], regularization techniques [14], and hybrid approaches [20,21] have been successfully employed to address these challenges, 
ensuring the robustness and generalizability of ML models.

As reviewed, ML has been employed to capture complex data patterns to provide precise predictions for different fracture me
chanics problems. The present study builds on the authors’ previous work [24], where ML was coupled with stress, strain, or energy 

Fig. 1. Stress field distribution around a crack under (a) mode I loading and (b) mixed mode loading, with representative nodes.
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release rate data to predict fatigue life for notched components. The novel idea was that different notch geometries result in distinct 
field distributions that ML can learn to predict the fatigue life. The present study extends the framework to predict mixed mode I/II 
fracture load and crack initiation angles for isotropic brittle and quasi-brittle materials. In simple terms, because field distribution of 
stress, strain, or displacement varies for different mode mixities and specimen types around the crack tip, the tangential components of 
these fields are used to train the ML models to find the most effective representative data to predict the fracture load and initiation 
angle. To clarify further, surface plots of stress fields around cracks for two different mode mixities are plotted in Fig. 1. Unlike most of 
the reviewed contributions, the proposed framework predicts both fracture load and initiation angle. By leveraging lightweight yet 
powerful tree-based ML algorithms and properly tuning ANN parameters, the framework addresses challenges such as limited datasets. 
If successful, the model can be regarded as novel, efficient, and easy to use, since it only requires a linear elastic analysis of the cracked 
sample and eliminates the need for additional postprocessing, such as calculating stress intensity factors. In the next section, the 
machine learning algorithm designed for this study is explained in detail. Section 3 presents the experimental data used for validation, 
while Section 4 evaluates the accuracy and behavior of the framework for different mode mixities and specimen geometries. Addi
tionally, that section presents different studies to demonstrate the effectiveness of the approach for different cases of data selection and 
availability.

2. Machine learning algorithm

This section presents the machine learning models used in this study, starting with the main steps, followed by an introduction to 
the employed neural network (NN) and tree-based models, and then explaining the input file in detail. Main equations related to each 
model are presented and explained to enhance understanding of each model and how the framework works.

Consider the dataset D¼{X,Y}, which consists of a feature matrix X ∈ ℝN×M, where N is the number of samples and M is the number 
of features. These features can be derived from stress, strain, or displacement field, sampled at nodal points around the crack tip. 
Instead of predicting multiple target variables at once, a single target variable is chosen for each training run. In other words, for 
fracture load prediction Y={yforce}, and for fracture angle prediction Y={yangle}. Additionally, the dataset includes a categorical 
variable, Specimen Type, which, for example, can be a common name for different specimens with ntype unique categories. This 
variable is used to distinguish between seen and unseen data.

The algorithm starts with a preprocessing step which includes outlier removal from the ’force’ and ’angle’ columns using an 
Interquartile Range (IQR) Rule and feature transformation using the Yeo–Johnson transformation [25]. This approach is a power- 
based technique that stabilizes variance and reduces skewness in both positive- and negative-valued data. This method is used 
based on the physical problem, since the stress, strain, or displacement fields show a power-law dependency on radial distance, 
considering the asymptotic solution [26]. The Yeo–Johnson transformation is defined as [25]: 

y(λ) =

⎧
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

(y + 1)λ
− 1

λ
, if y ≥ 0, λ ∕= 0,

ln(y + 1), if y ≥ 0, λ = 0,

−
( − y + 1)2−λ

− 1
2 − λ

, if y < 0, λ ∕= 2,

−ln( − y + 1), if y < 0, λ = 2.

(1) 

where λ is the transformation parameter, which controls the degree of nonlinearity.
The main algorithm begins with the dynamic identification of target variables, T = {y1,y2,…,yT}, based on the dataset columns. 

Categorical variables such as Specimen Type are encoded using one-hot encoding [27], which maps the categorical values into binary 
vectors. If Specimen Type has ntype unique categories, the encoding yields ntype binary columns. The encoded categorical features are 
combined with the numerical features to create the augmented feature matrix Xaugmented = [Xnumerical, Cencoded]. In order to further 
reduce the effect of outliers and ensure numerical stability during model training, scaling transformations are used. Scaling trans
formations for both features and targets are applied separately to avoid data leakage, using robust scaling [28], which is expressed as: 

S(X) =
X − median(X)

IQR(X)
(2) 

where IQR(X) is the interquartile range of X. From a numerical perspective, robust scaling prevents extreme values in stress, strain, or 
displacement fields from disproportionately influencing the training process, thereby improving the convergence of optimization 
algorithms. From a physical standpoint, it normalizes features while preserving their relative magnitudes, which is essential for 
maintaining the integrity of stress gradients and crack-tip mechanics.

Unseen data grouping is employed to evaluate the generalization capability of the models. The Specimen Type categories are 
partitioned into g disjoint groups such that: 

Tunseen =
⋃g

i=1
Ti and Ti ∩ Tj = ∅ ∀i ∕= j (3) 

For each group Ti, the associated samples are designated as the unseen dataset, Dunseen, while the remaining data make up the seen 
dataset, Dseen. In this paper, unseen data are selected across all the mode mixities and conditions related to a specific specimen type 
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(geometry). In other words, all the information related to one geometry is considered unseen. This approach represents a more realistic 
scenario, as no training is performed using data from the targeted specimen geometry.

To effectively reduce the number of input features, feature selection is performed in three steps—Mutual Information (MI) analysis, 
Lasso-based feature reduction, and SHAP-based importance ranking—since stress, strain, or displacement fields around the crack tip 
may contain hundreds of nodes. MI [29] measures the dependency between each feature and target. Unlike correlation coefficients, MI 
accounts for complex interactions, such as those arising from localized crack-tip effects or stress gradients in mixed mode loading, 
making it particularly suitable for fracture mechanics problems. For a given feature Xj and target Yt, the MI is computed as: 

MI
(
Xj,Yt

)
=

∫∫

p
(
xj, yt

)
log

p
(
xj, yt

)

p
(
xj
)
p(yt)

dxjdyt (4) 

where p(xj,yt) is the joint probability distribution of Xj and Yt, and p(xj) and p(yt) are their marginal distributions. Features with the top 
90 % MI scores are retained as FMI. Subsequently, Lasso regression [30] is employed to further refine the FMI set by selecting the most 
relevant features. Lasso applies an L1-regularization penalty to shrink less important coefficients to zero, effectively performing feature 
selection while maintaining model interpretability. This is particularly advantageous for high-dimensional datasets, as it reduces 
redundancy and improves computational efficiency. The optimization objective for Lasso is: 

β∗
t = minβt

1
2N

⃦
⃦Y:,t − XMIβt

⃦
⃦2

2 + λ‖βt‖1 (5) 

where βt represents the regression coefficients for the t-th target, and λ controls the strength of regularization. Features with non-zero 
coefficients are retained as the FLasso. Finally, a Random Forest model is trained on FLasso to compute SHAP (SHapley Additive ex
Planations) values, which provide a measure of each feature’s importance [31] (see section 4.3). SHAP is a game-theory-based 
approach [32] that assigns each feature a contribution value that reflects its impact on the model’s prediction for a specific 
instance. It calculates these contributions by evaluating the effect of including or excluding a feature in all possible subsets of the 
feature set, ensuring that the importance is distributed fairly among features based on their marginal contributions to the prediction. 
For a given feature Xj and Yt, the SHAP value ϕj,t(x) is calculated as: 

ϕj,t(x) =
∑

S⊆{1,...,m}\{j}

|S|! (M − |S| − 1 )!

M!
[ft(S ∪ {j}) − ft(S)] (6) 

where ft(S) is the model prediction using only the subset S of features. Top five features with the highest mean absolute SHAP values are 
selected as FSHAP (final selected feature). Selecting the top five features was determined through preliminary sensitivity analyses, 
which revealed that beyond five features, improvements in predictive accuracy were negligible, therefore, it provides an optimal 
balance between computational efficiency and model interpretability. It is worth emphasizing that multiple feature selection methods 
were deliberately combined, as each method addresses a distinct aspect of feature selection: MI captures nonlinear statistical re
lationships, Lasso reduces redundancy through regularization, and SHAP provides interpretability and physical relevance of features.

Subsequently, the models—MLP, RF, GB, and XGB—are trained iteratively using k-fold cross-validation [33] with k = 5. In k-fold 
cross-validation, the dataset is divided into k equal subsets, where k − 1 subsets are used for training, and the remaining subset is used 
for validation; this process is repeated k times, ensuring each subset serves as validation once. This method provides a robust esti
mation of model performance by reducing bias and variance, particularly in smaller datasets, while minimizing the risk of overfitting. 

Table 1 
Hyperparameters and their corresponding ranges for each machine learning 
model used in this study.

Model Hyperparameters

Multi-Layer Perceptron learning_rate: (0.001–0.05) 
dropout_rate: (0.0–0.2) 
hidden_units_1: (16–128) 
hidden_units_2: (16–128)

Random Forest n_estimators: (50–300) 
max_depth: (3–15) 
min_samples_split: (2–10) 
min_samples_leaf: (1–5)

Gradient Boosting n_estimators: (50–300) 
max_depth: (3–15) 
learning_rate (0.001–0.1) 
subsample: (0.7–1.0) 
min_samples_split: (2–10)

XGBoost n_estimators: (50–300) 
max_depth: (3–15) 
learning_rate (0.001–0.1) 
subsample: (0.7–1.0) 
colsample_bytree: (0.7–1.0)
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This step also involves optimizing the machine learning hyperparameters to maximize predictive performance. To achieve this, the 
Tree-Structured Parzen Estimator (TPE) [34] is utilized. This approach systematically explores the hyperparameter space, evaluating 
different configurations to maximize the scoring function, such as R2, ensuring the selected features contribute optimally to the 
model’s predictions. It is worth to emphasize that TPE was chosen due to its computational efficiency, particularly suited for the high- 
dimensional search space involved; preliminary analyses indicated that alternative methods, such as grid search, yielded similar 
predictive performance but required greater computational resources. Table 1 presents the hyperparameters and their corresponding 
ranges explored in this study. These ranges were selected based on the model type, the influence of each hyperparameter, and the 
number of input variables and features. Once the models are trained, they are tested on unseen data, and the predictions are compared 
against true experimental values for each target variable. All the steps are detailed in Algorithm 1 to provide a structured overview of 
the feature selection, hyperparameter optimization, model training, and evaluation process.

Algorithm 1: The regression framework used in this study

1. Input:
Dataset D={X,Y}, where X represents the feature matrix and Y corresponds to the single target variable.
Categorical variable Specimen Type.
Hyperparameters for feature selection, model training, and optimization:

Number of k-Folds k, number of unseen groups g, and search iterations nitern.
Scalers Sx and Sy for features and targets, initialized as RobustScaler.

2. Data Preprocessing:
Remove outliers from ’force’ and ’angle’ columns using the IQR-based method and apply the Yeo–Johnson transformation to features.
Encode the categorical variable Specimen Type using one-hot encoding, adding ntype binary columns to X.

3. Unseen Data Grouping:
Partition Specimen Type categories into g disjoint groups to simulate unseen data scenarios.
For each group g:

Consider gi as the unseen dataset Dunseen.
Combine the remaining groups to form the seen dataset Dseen.

Scale Dunseen and Dseen independently using Sx and Sy.
4. Feature Selection:

For each target variable Y ∈ T:
Step 1: Mutual Information Analysis (MI):

Select the top 90 % features by MI to form FMI.
Step 2: Lasso-Based Feature Reduction:

Retain non-zero features to form FLasso.
Step 3: SHAP Analysis:

Train a Random Forest Regressor model on FLasso and compute SHAP values for interpretability.
Rank features by mean absolute SHAP values and provide the top 5 features to form FSHAP.

5. Iterative Model Training and Evaluation:
For each fold in k-Fold:
Split Dseen into Dtrain and Dval.
Train models (e.g., MLP, RF…) on Dtrain using Fselected as inputs.
Optimize hyperparameters using a Tree-Structured Parzen Estimator (TPE).
Validate models on Dval and record evaluation metrics for each fold.

6. Unseen Data Prediction and Aggregation:
Predict Tunseen from Xunseen using trained models.

7. Evaluation and Visualization:
Compute metrics {R2, MAE, MAPE} for unseen data predictions.

8. Repeat Steps 4–7 for Each Group gi.
9. Output:

Optimized models, feature importance rankings, unseen prediction metrics, and performance plots.

Having the structure of the framework, in the following the machine learning models used in this study are introduced.

2.1. Multi-Layer Perceptron (MLP)

The Multi-Layer Perceptron (MLP) is a fully connected feedforward neural network model that maps input features to target 
variables using multiple layers of weighted connections [35,36]. It employs nonlinear activation functions to capture complex re
lationships in the data which makes it a powerful tool for predictive tasks involving high-dimensional feature spaces. The MLP 
implemented in this study has an input layer, two hidden layers, and an output layer.

The network accepts an input feature vector x∈ℝM, where M is the number of input features, and outputs predictions y∈ℝT, where T 
is the number of target variables. The forward pass through the network can be expressed as: 

h1 = tanh(W1x + b1), hdropout
1 = Dropout(h1, p),

h2 = tanh
(

W2 hdropout
1 + b2

)
, hdropout

2 = Dropout(h2, p),

y = W3 hdropout
2 + b3.

(7) 

here, Wi and bi are the weight matrices and biases for layer i, and tanh(x) is the hyperbolic tangent activation function. This activation 
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function maps inputs to [−1,1], which introduces nonlinearity and enables the network to model complex patterns. Dropout regu
larization [37] is applied after each hidden layer to prevent overfitting by randomly deactivating a fraction p of neurons during 
training: 

hdropout
1 = h1 ⊙ m, m ∼ Bernoulli(1 − p) (8) 

where ⊙ represents element-wise multiplication and m is a random binary mask. The output layer, which applies no activation, allows 
the network to produce continuous predictions suitable for regression.

Training minimizes the Mean Squared Error (MSE) loss function, which is defined as: 

MSE =
1
N

∑N

i=1

⃦
⃦
⃦yi,t − yi,p

⃦
⃦
⃦

2
(9) 

where yi,t and yi,p are the true and predicted targets, and N is the number of samples. The Adam optimizer updates weights efficiently, 
combining momentum and adaptive learning rates: 

θt = θt−1 −α mt
̅̅̅̅vt

√
+ ε (10) 

where mt and vt are bias-corrected estimates of gradient moments, α is the learning rate, and ε ensures numerical stability. Hyper
parameters such as the number of neurons in hidden layers (h1,h2), dropout rate (p), and learning rate (α) are tuned using the Tree- 
Structured Parzen Estimator; see Table 1.

2.2. Random Forest Regressor

Random Forest (RF) is an ensemble learning method designed to enhance prediction accuracy and robustness by combining the 
outputs of multiple decision trees [38,39]. It is based on the concept of bagging (Bootstrap Aggregating [40]), where each tree is 
trained on a random subset of the data, in terms of both samples and features. The final prediction is obtained by averaging (for 
regression) or majority voting (for classification) across all the individual tree predictions. RF offers two key advantages: it signifi
cantly reduces the variance of predictions compared to a single decision tree, improving generalization to unseen data and effectively 
capturing complex, nonlinear relationships within the dataset. This makes it particularly suitable for this problem, where interactions 
among different features in the stress, strain, or displacement field often exhibit nonlinear behavior.

Each tree in the forest is constructed independently, and the final prediction for a given input is the aggregation of predictions from 
all trees. Mathematically, the prediction can be expressed as: 

yi,p =
1
K
∑K

k=1

fk(xi), fk ∈ F (11) 

where fk is the prediction from the k-th tree, and F is the space of regression trees. The term K represents the total number of trees in the 
forest.

The training process implicitly minimizes prediction error by reducing variance across the ensemble: 

J(Θ) =
∑K

i=1
ℓ
(

yi,t , yi,p

)
(12) 

where Θ represents the parameters of the forest. While RF lacks explicit regularization terms, the bagging process and averaging 
inherently reduce overfitting. Additionally, RF handles high-dimensional data effectively and can model complex, nonlinear 
relationships.

The key hyperparameters considered for the RF model in this study include the number of estimators (K), which defines the total 
number of decision trees in the ensemble. In general, larger values improve stability and accuracy at the cost of higher computational 
effort. The maximum tree depth limits how deep each tree can grow, controlling model complexity to balance the risks of underfitting 
and overfitting. The minimum number of samples required to split a node regulates tree complexity by preventing splits on small 
sample sizes to enhance generalization.

2.3. Gradient Boosting Regressor

The Gradient Boosting (GB) model is a tree-based ensemble method [41,42] that captures nonlinear relationships by sequentially 
combining weak learners [43], where each learner corrects the residuals of the previous one. The prediction can be computed as: 

yi,p =
∑K

k=1
fk(xi), fk ∈ F (13) 

here, F represents the space of regression trees, and fk is the k-th tree in the sequence.

A.M. Mirzaei                                                                                                                                                                                                            Engineering Fracture Mechanics 325 (2025) 111349 

6 



Each tree is trained to minimize the negative gradient of the loss function at iteration t: 

gt = −
∂ℓ

(
yt , yp

)

∂yp
(14) 

The predictions are updated as: 

yt
i,p = yt−1

i,p + η ft(xi) (15) 

where η is the learning rate that scales the contribution of each tree to the final prediction.
For GB, the key hyperparameters include the number of estimators (K), the maximum tree depth, and the learning rate (η).

2.4. XGBoost Regressor

Building upon the framework of GB, eXtreme Gradient Boosting (XGBoost) enhances the methodology by incorporating advanced 
optimization techniques and explicit regularization [31,44]. This results in a model that is not only highly accurate but also 
computationally efficient and scalable. While Gradient Boosting in scikit-learn [45] relies on structural constraints for regularization, 
XGBoost integrates these constraints directly into the objective function, offering finer control over model complexity.

XGBoost constructs an additive model similar to Gradient Boosting, however, the objective function in XGBoost combines the loss 
term and a regularization term: 

J(Θ) =
∑K

i=1
ℓ
(

yi,t , yi,p

)
+
∑K

i=1
Ω(fk) (16) 

J(Θ) represents the objective function optimized during the training process. This function combines the loss term (ℓ) and the reg
ularization term (Ω(fk)=(1/2) λ ‖wk‖

2 + γ Tk), to penalize the complexity of the tree fk, with wk representing the leaf weights, λ controls 
L2 regularization, γ penalizes the addition of new leaf nodes, and Tk is the number of leaf nodes. This regularization term helps to 
prevent overfitting and ensures that the model generalizes well to unseen data.

Unlike Scikit-learn’s Gradient Boosting, XGBoost optimizes the loss function using a second-order Taylor expansion. At iteration t, 
the objective is approximated as: 

Fig. 2. Specimens used for mixed mode I/II validation of the proposed framework: (a) AECT, (b) SECT, (c) AECS, and (d) SECS.
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J(Θ) ≈
∑N

i=1

[

gi fk(xi) +
1
2
hi f2

k (xi)

]

+ Ω(fk) (17) 

where 

gt
i =

∂ℓ
(

yt
i,t , yt−1

i,p

)

∂yt−1
i,p

(18) 

ht
i =

∂2ℓ
(

yt
i,t , yt−1

i,p

)

∂
(

yt−1
i,p

)2 (19) 

Each tree in the ensemble focuses on correcting the residuals from previous iterations, improving the overall prediction accuracy.
The hyperparameters and their ranges for XGB, are presented in Table 1.
As can be seen the selected models cover a wide range of learning paradigms—neural networks (MLP), bagging-based ensemble 

learning (RF), boosting-based sequential learning (GB), and optimized boosting (XGBoost). This ensures that the framework is robust 
to different feature dependencies, data distributions, and levels of nonlinearity. Furthermore, comparing these models enables a 
systematic evaluation of their effectiveness in predicting fracture loads and crack initiation angles, which can support future meth
odological advancements in data-driven fracture mechanics.

2.5. Input file

To calculate the stress, strain, and displacement fields, the commercial finite element (FE) software package Abaqus® was 
employed. The specimens were modelled under 2D plane-stress conditions using a linear elastic material model, with a highly refined 
mesh around the crack tip to accurately capture the stress singularity. The discretization was performed using 8-node biquadratic 
elements, and a convergence analysis was conducted to ensure the numerical results were independent of the mesh size. The simu
lations were performed under a remote force with an amplitude of 1 N. A representation of the meshed samples, as well as the 
boundary conditions, is presented in Fig. 2. Further details are not provided, as they fall outside the scope of this research; for more 
information, please refer to [24].

Based on the numerical analyses, the tangential (hoop) components of the stress, strain, and displacement fields were extracted up 
to a sufficient distance (discussed in Section 4.4), where the stress field, for instance, reached a nearly constant value. Next, Williams’ 
analytical solution for the fields was fitted to the data by including higher-order terms (up to four) to achieve an accurate repre
sentation of the field [26,46]. Next, the field was extracted at specific fixed points across all cases. Since the number of nodes rep
resenting the field is flexible and a key parameter (discussed in Section 4.4), this process was designed to minimize mesh size effects 
and ensure accurate and efficient input selection. The process began by creating a structured table to evaluate a function over a defined 
range of radial and angular coordinates, both of which were evenly spaced between the specified start and end points (details are 
discussed in Section 4.4). For each radial node, the function was evaluated at every angular node, producing a nested structure where 
each row corresponded to a fixed radial position and contained computed values for all angular positions. The table was then flattened 
into a one-dimensional array, maintaining the order of evaluations. In this array, the function values were listed sequentially, first 
progressing through all angular evaluations for the smallest radial position, followed by the next radial position, and continuing in this 
manner until all radial and angular combinations were included.

Therefore, the input file consisted of the fracture load and initiation angle as targets, the abbreviation of the specimen geometry to 
help with categorization, and depending on the analysis, one of the corresponding fields—stress, strain, or displacement—was 
included under a load amplitude of 1 N. Each field is unique to a specific mode mixity and specimen, effectively distinguishing between 
various cracked configurations. In simple terms, the features are derived from finite element analysis under unit load, while the 
experimental data serve as the target outputs. It can be argued that the proposed framework is easy to implement, as it requires only 
linear elastic analyses for each configuration and does not involve any postprocessing to determine fracture parameters such as KI, T- 
stress [47], or others.

3. Experimental data

In order to validate the proposed framework, two sets of experimental data were combined. The first set interestingly contains 4 
different cracked specimens under 6 different mode mixities (from pure mode I to pure mode II) [48], and the second set contains 8 
different mode mixity conditions [49]. All specimens were made from PMMA, a material characterized by its brittle, homogeneous, 
and isotropic behavior. It is worth emphasizing that all experiments were conducted within the same laboratory. The first dataset 
included test specimens in both triangular bend and semicircular bend configurations. These consisted of asymmetric and symmetric 
edge-cracked triangular specimens (AECT and SECT) as well as asymmetric and symmetric edge-cracked semicircular specimens 
(AECS and SECS). The second dataset, however, only included SECS configurations. The mode mixity in these specimens was 
controlled by varying the crack inclination angle (α) in SECT and SECS specimens or by adjusting the loading support distance (S2) in 
AECT and AECS specimens. All specimens were cut from a 5 mm thick PMMA sheet and tested at a loading rate of 1 mm/min. A rotary 
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diamond saw blade with a thickness of 0.3 mm was used to cut a notch to an initial depth slightly less than the intended final crack 
length. Subsequently, a sharp pre-crack was introduced by pressing a razor blade into the notch. For the first set, each test configu
ration was repeated three times, whereas in the second set, some cases were repeated more than three times. In total, the experiments 
produced 100 test data points. In Table 2, the geometry and loading details of the fracture toughness tests employed in this study are 
presented. For more details, see [48,49]. It should be noted that while the validation is conducted on PMMA, the framework is 
generally applicable to a wide range of brittle and quasi-brittle materials.

Since the Generalized Maximum Tangential Stress (GMTS) criterion [47], also known as the Theory of Critical Distances (TCD) 
[50,51], was used to evaluate the experimental data in the original research papers, it is also employed here as a benchmark for a 
comprehensive comparison of the framework’s performance, see Section 4.2. It is worth noting that GMTS is one of the well- 
established fracture criteria in the literature, with a wide range of applications [52,53].

The GMTS criterion postulates: 

Brittle fracture initiation occurs along the direction θ0, where the tangential stress evaluated at the critical distance (rc) from the 
crack tip is maximized, Eq. (20).
Mixed mode fracture occurs when the tangential stress along θ0, at the critical distance (rc) reaches the critical stress (σθθc), Eq. (21).

Mathematically, this can be expressed as: 

∂σθθ

∂θ
⃒
⃒ θ=θ0 = 0 (20) 

σθθ(r = rc, θ = θ0) = σθθ,c = σt (21) 

Both rc and σθθc are material properties. For brittle materials such as PMMA, σθθc can be determined using the tensile strength (σt). 
Taylor et al. [54] proposed the following relationship for estimating rc in PMMA: 

rc =
1
2π

(
KIc

σt

)2

(22) 

where KIc represents the mode I fracture toughness.
The GMTS criterion incorporates the first non-singular stress component (T-stress) from Williams’ solution for stress field calcu

lation around cracks [55], which improves the accuracy of stress calculations near the crack tip compared to the traditional Maximum 
Tangential Stress (MTS) criterion [3].

Two distinct values for rc were reported in the experimental studies used in this investigation. In the first study, the strength and 
fracture toughness were measured and mentioned explicitly as σt = 75 MPa and KIc = 1.88 MPa√m resulting in rc = 0.1 mm. In the 
second study, only the mode I fracture toughness of 2.13 MPa√m for PMMA was reported, and no explicit mechanical properties such 
as tensile strength were provided. In this paper, instead of deriving rc using material properties, it was determined through curve fitting 
to best match the experimental data, yielding a value of rc = 0.065 mm.

4. Results and discussion

4.1. Predictions across different components

In this section, the fracture load and initiation angle predictions of the proposed framework for the experimental data, using 
different components (stress, strain, or displacement) and ML models (MLP, RF, GB, XGB), are presented. To prepare the input file for 
the proposed framework, stress, strain, or displacement components were selected over a radial range starting at rc/5 = 0.02 and 
extending to 5 mm. Along this radial distance, 10 points were sampled, while 18 points were selected along the hoop axis, resulting in a 
total of 180 data points. For each specimen, its corresponding abbreviation (SECT, AECT, AECS, SECS1, and SECS2) was also recorded 
to facilitate data grouping. As mentioned before, in this study, unseen data are selected from all mode mixities and conditions for a 
specific specimen geometry. This provides a realistic assessment, as no training data from the selected geometry is used. In order to 
compare the different cases and clearly demonstrate the accuracy of the framework, the analysis utilizes three key performance 
metrics: the coefficient of determination (R2), mean absolute error (MAE), and mean absolute percentage error (MAPE). Before 
proceeding, it is useful to recall the key characteristics of each error metric. In general, MAE is given the highest priority because it 

Table 2 
Geometrical and loading specifications of the employed fracture toughness tests.

Specimen R (mm) W (mm) a (mm) t (mm) S1 (mm)

AECT − 50 15 5 20
SECT − 50 15 5 20
AECS 50 − 15 5 20
SECS1 50 − 15 5 20
SECS2 50 − 15 5 21.5
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directly quantifies the absolute error in units of the target, which is crucial for assessing structural safety and reliability. R2 follows, as it 
reflects how well the model captures the variance in the data, ensuring a strong fit between predictions and observations. While MAPE 
is important for standardizing errors across datasets, it holds less weight in this context since absolute force errors are more practically 
relevant than percentage-based errors. It is important to note that MAPE can become misleadingly large when the values are very 
small, especially for fracture angles in mode I in this study. For the sake of completeness, the formulas for each metric are presented 
below: 

R2 = 1−

∑n
1

(
yi,t − yi,p

)2

∑n
1

(
yi,t − yi,mean

)2 (23) 

MSE =
1
n
∑n

1

⃒
⃒
⃒yi,t − yi,p

⃒
⃒
⃒ (24) 

MAPE =
100
n

∑n

1

⃒
⃒
⃒
⃒
⃒

yi,t − yi,p

yi,t

⃒
⃒
⃒
⃒
⃒

(25) 

The predictions for both fracture load and initiation angle (denoted as Force and Angle) are presented in Table 3, when the stress 
field is used as the feature.

Table 4 presents the results when the strain field is used, and Table 5 provides the corresponding results for the displacement field. 
It is important to emphasize that these results are based on real experimental data, which naturally includes scatter and variability. 
Real experiments are harder to predict due to measurement noise, variations in experimental conditions, and other uncertainties. 
Moreover, the performance metrics are calculated after applying the inverse transformations, rather than directly in the transformed 
domain.

The results suggested several consistent trends across the feature sets and targets. Stress-derived features appeared to provide more 

Table 3 
Predictions for fracture load (Force) and initiation angle (Angle) using the stress field as the feature.

Target Model R2 MAE MAPE

Force MLP 0.86 0.19 6.7
RF 0.81 0.23 7.8
GB 0.80 0.24 8.2
XGB 0.83 0.22 8.1

Angle MLP 0.94 5.19 67.0
RF 0.94 5.16 44.5
GB 0.89 6.87 20.4
XGB 0.83 9.17 230.5

Table 4 
Predictions for fracture load (Force) and initiation angle (Angle) using the strain field as the feature.

Target Model R2 MAE MAPE

Force MLP 0.77 0.25 8.7
RF 0.76 0.26 8.9
GB 0.76 0.25 8.5
XGB 0.74 0.27 9.5

Angle MLP 0.94 5.17 69.7
RF 0.92 5.73 34.6
GB 0.93 5.17 19.4
XGB 0.90 8.02 233.9

Table 5 
Predictions for fracture load (Force) and initiation angle (Angle) using the displacement field as the feature.

Target Model R2 MAE MAPE

Force MLP 0.87 0.19 6.5
RF 0.85 0.20 7.1
GB 0.86 0.20 6.9
XGB 0.82 0.23 8.1

Angle MLP 0.76 10.07 49.3
RF 0.72 10.89 30.5
GB 0.68 12.03 27.1
XGB 0.64 12.60 223.4
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reliable predictions for both fracture load and initiation angle across all models, especially when used with the MLP model. Consid
ering stress-based features for fracture load prediction, the MLP model achieved the lowest MAE (0.19 kN) and the highest R2 (0.86) 
among all models. For fracture angle, the MLP model demonstrated strong performance with an R2 of 0.94 and an MAE of 5.19◦ which 
was similar to that of RF in this case. These findings highlight the potential of stress features in capturing the mechanical behavior 
associated with fracture processes. Stress components directly represent the force distribution that drives crack initiation and growth. 
This leads to a powerful computational tool for fracture prediction, which also aligns well with the underlying physical behavior.

Strain-based features showed promising performance for predicting fracture angle but demonstrated a noticeable decline in ac
curacy for fracture load prediction. For load prediction, the MLP model achieved an R2 of 0.77 and an MAE of 0.25 kN, outperforming 
all other models. Additionally, for angle prediction, MLP achieved an R2 of 0.93 and MAE of 5.17◦, closely matching the performance 
of the GB model.

Compared to strain-based features, displacement-derived features consistently demonstrated high accuracy for fracture load 
prediction but lower predictive ability for fracture angle prediction. For load prediction, the MLP model performed slightly better than 
the other models across all the features, achieving an R2 of 0.87 and an MAE of 0.19 kN. This indicates that while displacement features 
are less directly tied to physical mechanisms compared to stress or strain, they can still effectively capture the global behavior of the 
system. However, for angle prediction, displacement features were significantly less effective. The R2 of MLP dropped to 0.76, and its 
MAE increased to 10.07◦. This decline in accuracy underscores the limitations of displacement features in capturing localized me
chanical responses. The displacement field primarily represents the cumulative effects of stress and strain but lacks the fine resolution 
needed to describe localized phenomena, such as crack tip behavior, which is crucial for accurately predicting fracture angles. On the 
other hand, lower accuracy in fracture angle predictions might be due to the hoop component of displacement not being a good 
candidate for fracture angle prediction, although it performs reasonably well for fracture load estimations. It is worth mentioning that 
the tangential displacement component is calculated after eliminating the rigid body motions of the sample, and including these 
components in the calculation would result in slightly lower accuracy.

The superior performance of the MLP model across most cases suggests that it is particularly well-suited for this problem. A key 
reason why the MLP model outperforms other models in this problem lies in its ability to capture complex, nonlinear relationships 
between the input features and fracture responses. Unlike tree-based models (RF, GB, XGB), which rely on hierarchical, axis-aligned 
splits and may struggle to model smooth functions in high-dimensional spaces due to their piecewise-constant nature, MLP leverages 
its multi-layer architecture with nonlinear activation functions to learn intricate mappings between stress, strain, or displacement 
fields and the corresponding fracture load and angle. Additionally, MLP’s backpropagation-based optimization allows it to adjust 
weights continuously, rather than relying on discrete rule-based splits which enables it to generalize better across different stress and 
strain distributions. Furthermore, the MLP’s ability to capture both global trends and local variations, considering the network’s 
architecture, the input representation, and the training data, makes it particularly well-suited for predicting fracture initiation angles, 
where even minor deviations in stress or strain concentrations can lead to substantial differences in crack direction. In contrast, 
gradient boosting models (GB, XGB) rely on additive corrections from weak learners, which can make them sensitive to noise and 
struggle with extrapolating beyond the training distribution. Finally, RF, as an ensemble of decision trees, provided the second-best 
results across all input feature sets. This can be attributed to its ability to aggregate multiple decision trees and effectively reduce 
overfitting while capturing key feature interactions. However, due to its independent tree construction and reliance on majority voting 
or averaging, RF lacks the fine-grained adaptability of MLP.

Beyond predictive accuracy, these findings highlight the importance of stress-based inputs for fracture analysis. The strong per
formance of stress features suggests that future studies focusing on similar problems may benefit from prioritizing stress-driven inputs. 
It is worth noting that a previous study by the author [24] showed similar results, where stress-based features, in general, performed 
best for fatigue life estimation across three different materials. However, it is important to note that these analyses are specific to 
materials that exhibit stress-based failure, and conclusions drawn here may not apply to strain-controlled failure materials such as 
bone [56].

Although predictions based on the displacement or strain field were generally less accurate than those based on the stress field, they 
still achieved a reasonably high level of accuracy. This highlights a noteworthy application of the proposed framework in its 
compatibility with displacement or strain fields, which can be directly measured using techniques such as digital image correlation 
(DIC). By integrating with DIC systems, the framework offers a practical method for real-time, contact-free fracture assessments 
without post-processing or prior knowledge of the entire geometry or thickness (if failure mode does not change). It uses localized 
strain or displacement data to predict critical fracture parameters, making it a reliable tool for monitoring complex structures and 
materials in real-world applications. This approach is especially useful in situations where traditional methods may not be feasible, 
providing a straightforward and efficient alternative for fracture analysis.

To better understand the accuracy of predictions across different specimens and loading conditions, the predictions by the MLP 
model for stress, strain, and displacement are visualized in Figs. 3–5. In these figures, part (a) illustrates the fracture load (Force) 
predictions, while part (b) presents the initiation angle predictions for all specimens. The solid black line represents the ideal pre
diction, serving as a benchmark for comparison. Furthermore, ±20 % scatter bands, defined as 0.8 and 1.2 times the ideal prediction, 
are depicted using red dashed lines to provide a clearer understanding of the model’s performance.
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Considering the stress field as input (Fig. 3), the MLP model demonstrated excellent alignment with experimental data for force 
predictions, with all predictions falling within the ±20 % scatter bands. The clustering of predictions around the ideal line suggests 
that stress-based features effectively capture the mechanics driving fracture loads. Angle predictions also showed strong agreement 
with experimental data, achieving a higher R2 value than load predictions. However, some of the predictions for AECS and SECT are 
outside the scatter bands. On the other hand, the high MAPE value in this case is due to its sensitivity to small values. Even minor errors 
in predicting fracture angles under mode I conditions, where angles are close to zero, can lead to disproportionately large MAPE values.

Strain-based inputs, as shown in Fig. 4, performed comparably well, with force predictions aligning closely with experimental 
results and achieving lower errors across key metrics. Angle predictions also exhibited strong accuracy, with most points within the 
scatter bands, though the slightly higher MAPE indicates reduced relative accuracy. As shown in Fig. 5, displacement-based inputs 
demonstrated the best performance across all the inputs for force predictions with R2 = 0.87; however, fracture angle predictions 
displayed more variability.

Fig. 4. Predictions of fracture load (a) and initiation angle (b) for different specimens using the strain field as input features. The solid black line 
represents the ideal prediction, while the red dashed lines indicate ±20 % scatter bands. (For interpretation of the references to colour in this figure 
legend, the reader is referred to the web version of this article.)

Fig. 3. Predictions of fracture load (a) and initiation angle (b) for different specimens using the stress field as input features. The solid black line 
represents the ideal prediction, while the red dashed lines indicate ±20 % scatter bands. (For interpretation of the references to colour in this figure 
legend, the reader is referred to the web version of this article.)
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4.2. A comparison with GMTS

To better understand the predictive capability of the proposed framework and the complexity of the problem, predictions across 
different specimens and mode mixities are also calculated using GMTS, one of the most developed analytical models for fracture load 
and initiation angle. This comparison provides additional insight into how well the framework performs relative to established 
methods. For fracture load, Fig. 6 presents the results of GMTS in part (a), while part (b) presents the predictions from the MLP model 
using stress-based inputs. Similarly, for the initiation angle, Fig. 7 compares the predictions from GMTS to those of the proposed 
framework.

The GMTS model provided a reasonable baseline for predicting fracture behavior in certain scenarios, particularly for AECS and 
AECT specimens. However, as shown in Fig. 6(a), it struggled to consistently predict fracture load for SECT and SECS2 specimens, 
especially under mixed mode and mode II (shear-dominated) conditions. This may be due to the fact that the critical distance is 
determined based on mode I fracture toughness. For angle predictions, presented in Fig. 7, the GMTS model performed better overall 

Fig. 5. Predictions of fracture load (a) and initiation angle (b) for different specimens using the displacement field as input features. The solid black 
line represents the ideal prediction, while the red dashed lines indicate ±20 % scatter bands. (For interpretation of the references to colour in this 
figure legend, the reader is referred to the web version of this article.)

Fig. 6. Comparison of fracture load predictions: (a) GMTS model predictions and (b) MLP model predictions using stress-based inputs. The solid 
black line represents the ideal prediction, while the red dashed lines indicate ±20 % scatter bands. (For interpretation of the references to colour in 
this figure legend, the reader is referred to the web version of this article.)
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compared to force predictions, with many data points falling within the scatter bands and aligning closely with the ideal line. 
Nevertheless, inconsistencies persisted across specimen types, particularly for SECT and SECS specimens, where several predictions 
deviated significantly and fell outside the scatter bands. However, in the case of SECT, the proposed framework also struggled to 
provide accurate predictions for all mode mixities. It is worth noting that the critical distance for SECS2 specimens was derived ac
cording to the original investigation and best-fitting procedures for all samples, rather than tested material properties. Even with this 
approach, the GMTS criterion exhibited lower accuracy compared to the proposed framework, particularly in addressing the com
plexities of mixed mode fracture behavior. To ensure a fair comparison, the outer-layer data removed by the algorithm were excluded 
from the calculations based on the GMTS criterion.

4.3. Discussion on feature selection algorithm

This section evaluates the effectiveness of the feature selection algorithm employed for stress-based predictions using an MLP 
model. By examining SHAP values, polar importance plots, and correlation heatmaps, presented in Figs. 8–10 respectively, this dis
cussion provides insight into how these features interact and contribute to the model’s predictive performance. It should be noted that 
the results in this section are based on features from all groups.

In Fig. 8, SHAP values are displayed on the x-axis and quantify the impact of each feature on the model’s predictions. Each dot 
represents a single sample’s feature value (colored by magnitude: red for higher stress, blue for lower) and its corresponding SHAP 

Fig. 7. Comparison of fracture angle predictions: (a) GMTS model predictions and (b) MLP model predictions using stress-based inputs. The solid 
black line represents the ideal prediction, while the red dashed lines indicate ±20 % scatter bands. (For interpretation of the references to colour in 
this figure legend, the reader is referred to the web version of this article.)

Fig. 8. SHAP summary plot for the top 5 features presenting them in polar coordinates. (a) For fracture load predictions; (b) for fracture angle 
predictions.
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value. Positive SHAP values indicate an increase in the predicted quantity, while negative values indicate a decrease. The wide 
horizontal spread within each feature row underscores that feature’s influence across the dataset. For fracture load, most influential 
features cluster at small angular positions near the crack tip, with some key points at larger radial distances (e.g., r = 5.00 mm). These 
regions may correspond to stress fields extending beyond the immediate crack tip, reflecting the influence of the global stress dis
tribution on overall fracture behavior, or they may reflect contributions from higher-order terms of the stress field and geometric 
constraints [57]. For fracture angle predictions, critical features span a broader angular range which illustrates the mixed mode (I/II) 
interactions. Overall, the algorithm successfully identifies physically meaningful features, bridging machine learning insights with 
fracture mechanics principles.

To simplify the interpretation of feature importance, the relative importance of features is visualized in a polar plot in Fig. 9, which 
provides a complementary perspective on the findings of the SHAP analysis.

The polar plot highlights the dominance of features near the crack tip and at angular positions associated with high tensile stresses, 
which aligns with SHAP values as well as experimental results observed under mixed mode loading conditions. Finally, to expand on 
the analysis of the selected features, we present in Fig. 10 a heatmap showcasing the importance of all selected features for both 
fracture load and initiation angle predictions, providing a comprehensive view of their contributions to the machine learning model. It 
is worth to emphasize that the SHAP plot illustrated the contribution of individual features to the model predictions, highlighting 

Fig. 9. Polar plot of feature relative importance for the top 5 features. (a) For fracture load predictions; (b) for fracture angle predictions.

Fig. 10. Feature correlation heatmap for the top 5 features presenting them in polar coordinates. (a) For fracture load predictions; (b) for fracture 
angle predictions.
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feature importance at an instance level. While the heatmap demonstrates the correlation structure between selected features, indi
cating potential redundancy or interdependencies. Therefore, presenting both visualizations enhances interpretability by offering both 
local (instance-based) and global (feature-relationship) insights.

From Fig. 10 (as well as Fig. 9 and Fig. 8), it can be argued that the key radial distances, particularly 0.02 mm, exhibit the strongest 
intercorrelation with fracture load (correlation up to |0.94|) which highlights their physical significance in regions of high stress 
concentration near the crack tip. Larger radial distances, such as 5 mm, also correlate strongly with near-tip zones, while intermediate 
distances show near-unity mutual correlations, suggesting these features capture similar stress information. Meanwhile, (r = 0.57 
mm, θ = 52.94◦) is moderately correlated with other features, implying a distinct mechanistic contribution beyond purely near-tip 
effects. For fracture angle, the heatmap highlights two main angular clusters around 10.59◦ and 116.47◦–137.65◦ which reflect strong 
mixed mode or shear-tension interactions that guide the crack initiation angle. In summary, the presented SHAP plots, polar 
importance maps, and correlation heatmaps consistently indicate that near-tip stresses and certain far-field effects play pivotal roles in 
predicting fracture load and initiation angle. These findings reinforce the physical validity of the selected features and demonstrate 
how machine learning models integrate local and global stress information to yield accurate fracture predictions.

4.4. A discussion on selection of features

A critical consideration in implementing the framework lies in selecting representative nodes for the field distribution, such as the 
radial distance boundaries (start/end points), the number of radial sampling points, and angular divisions along the hoop axis. So far, 
we have used a radial range from 0.02  mm to 5  mm, with 10 radial points and 18 hoop divisions over 180◦, totaling 180 points. To 
evaluate the framework’s adaptability and performance, two distinct configurations are analyzed. Case 1 (Fig. 11): The radial distance 
spans from 0.04  mm to 2.5  mm, with 5 sampling points along the radial axis. The hoop axis is divided into 9 segments over 180◦, 
resulting in a total of 45 data points (5 radial × 9 hoop). This configuration tests the framework’s performance under sparse spatial 
sampling, evaluating its ability for fracture prediction with limited data. Case 2 (Fig. 12): The radial distance extends from 0.01  mm to 
10  mm, discretized into 20 points along the radial axis. The hoop axis employs 36 divisions over 180◦, yielding a total of 720 points (20 
radial × 36 hoop). This setup examines the framework’s capacity to predict fracture load and angle using dense spatial data. This case 
specifically demonstrates the efficiency of the feature selection algorithm in identifying critical features from a large dataset. Note that 
the baseline configuration (radial: 0.02–5 mm, 10 points; hoop: 18 divisions) can be used as a reference for intermediate complexity. By 
comparing these setups, the analysis highlights how parameter selection influences the prediction accuracy of the proposed approach.

In Fig. 11, with a reduced number of features, as well as Fig. 12 with a higher number of features, the framework provides almost 
the same accuracy for both fracture load and initiation angle predictions. These results highlight the robustness of the framework and 
its ability to accurately predict fracture across a wide range of feature densities, from 45 to 720 features. They also demonstrate the 
effectiveness of the feature selection algorithm in identifying the most relevant features. The proposed framework employs a thorough, 
three-step feature selection process that significantly enhances its predictive capability. First, Mutual information analysis quantifies 
the dependency between each candidate feature and the fracture outcomes, ensuring that only those with substantial informational 
value are used. Next, the Lasso-based feature reduction step applies L1 regularization to enforce sparsity, which eliminates redundant 

Fig. 11. Predictions of fracture load (a) and initiation angle (b) for a configuration with a radial range from 0.04 mm to 2.5 mm, 5 points along the 
radial axis, and 9 points along the hoop axis (total: 45 features). The solid black line represents the ideal prediction, while the red dashed lines 
indicate ±20 % scatter bands. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of 
this article.)
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or less influential features and enhances the model’s efficiency. Finally, SHAP analysis interprets the contribution of each feature by 
assigning importance scores based on Shapley values, which confirms the relevance and impact of the selected features on fracture load 
and initiation angle predictions.

4.5. Limited data for training

To further demonstrate the efficiency and robustness of the proposed framework and to show that it extends beyond a simple curve 
fitting tool with limited generalizability, the model is trained using only pure mode I and mode II data (limited training conditions), 
which represent approximately one-third of the entire dataset (a limited dataset, roughly 30 samples). The model’s predictions are 
then evaluated on the remaining data, all of which correspond to mixed mode I/II conditions as unseen data. The results are presented 
in Fig. 13.

Fig. 12. Predictions of fracture load (a) and initiation angle (b) for a configuration with a radial range from 0.01 mm to 10 mm, 20 points along the 
radial axis, and 36 points along the hoop axis (total: 720 features). The solid black line represents the ideal prediction, while the red dashed lines 
indicate ±20 % scatter bands. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of 
this article.)

Fig. 13. Evaluation of the proposed framework’s predictions for fracture load and initiation angle after training exclusively on pure mode I and 
mode II data. The solid black line represents the ideal prediction, while the red dashed lines indicate ±20 % scatter bands. (For interpretation of the 
references to colour in this figure legend, the reader is referred to the web version of this article.)
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The results in Fig. 13 demonstrated that the proposed framework delivers highly accurate predictions, with almost all fracture load 
predictions falling within the ±20 % scatter band and achieving good accuracy for fracture initiation angle, despite the lack of training 
on mixed mode loading conditions. The framework performed comparably to the GMTS model while achieving higher R2 and lower 
MAE values in both fracture load and angle predictions. It is worth recalling that, in the case of SECS2, except for pure mode I and II 
loading conditions, there are six distinct mixed mode configurations. These results highlight the framework’s efficiency and its 
capability to predict fracture behavior under complex loading conditions. Furthermore, they emphasize the framework’s ability to 
generalize effectively, capturing key physical trends and offering a robust alternative to traditional analytical models for mixed mode 
fracture predictions.

Overall, the presented ML framework represents a significant advancement in the predictive modeling of fracture behavior. It has 
been shown to be efficient and accurate. Future work could explore extending this framework to account for more complex material 
behaviors, such as plastic deformation in metals, as well as integrating it into real-time structural health monitoring and predictive 
maintenance systems. From a numerical data processing perspective, feature engineering (e.g., strain gradients) and dimensionality 
reduction techniques (e.g., PCA) can be explored to enhance the model’s predictive power, particularly when working with 
displacement and strain fields. Despite its promising results, the proposed framework has some limitations that warrant consideration. 
From a numerical perspective, the framework’s accuracy depends on the quality and variety of the training data, which is a typical 
characteristic of machine learning methods. Furthermore, while the feature selection process using Mutual Information, Lasso, and 
SHAP is robust, it may overlook subtle interactions between features, particularly when dealing with highly correlated datasets or 
noisy input data. The dataset used in this study includes only one material; thus, assessing the performance of the proposed framework 
on other materials would be valuable. Nevertheless, the dataset used in this study comprises 100 unique experimental data points, 
covering 32 different cases across five distinct cracked specimens under various mode mixities, offering both fracture load and angle 
information. It should be noted that, due to inherent measurement errors and scatter in the experimental data, the results support the 
model’s ability to perform under noisy conditions. Specifically, with respect to noise in the input features, Mutual Information offers 
moderate robustness due to its non-parametric nature. However, SHAP (employed for final feature selection) is well-regarded for its 
ability to handle noisy data, owing to its interaction-aware, model-agnostic framework and the inherent robustness of Random Forest 
in prioritizing relevant features despite the presence of noise.

5. Conclusions

This study introduced a machine learning framework for predicting mixed mode I/II fracture load and crack initiation angles in 
brittle materials. By using stress, strain, or displacement field distributions represented by nodal data around the crack tip, the 
framework achieved high predictive accuracy across various mode mixities and specimen geometries. A key distinguishing feature of 
this work is its reliance on the unique field distributions around the crack tip, which are specific to each mode mixity and specimen 
geometry. The nodal field data is processed using an advanced feature selection algorithm that identifies the most significant de
scriptors for training a machine learning model to predict fracture behavior. As a result, the framework is both easy to implement and 
computationally efficient.

By evaluating the model’s performance across a wide range of experimental data, including five different specimens and at least six 
mode mixities per specimen, this study demonstrated that among stress, strain, and displacement inputs, stress-based features 
consistently yielded the highest accuracy for both fracture load and initiation angle predictions across various ML models, while the 
other inputs also demonstrated strong predictive performance. The predictions achieved an R2 of 0.86 for fracture load and 0.94 for 
crack initiation angle when using a multilayer perceptron (MLP) model with stress-based inputs. These results demonstrated superior 
performance even compared with the most well-established and accurate theoretical models, such as TCD (GMTS).

To handle the high-dimensional input space or scenarios involving sparse or low-dimensional data, a feature selection pipeline 
combining Mutual Information analysis, Lasso regression, and SHAP-based interpretability techniques was implemented. The selected 
features were shown to be statistically significant and physically meaningful, with nodes near the crack tip consistently identified as 
the most important. Moreover, the framework highlighted the importance of far-field components, which reflect the influence of the 
global stress distribution on fracture behavior. The study also evaluated the framework’s adaptability to limited datasets as well as 
restricted mode mixity scenarios, which resulted in accurate predictions and confirmed its practical applicability in such cases. Because 
of the model’s high predictive capability when using strain or displacement fields, it can potentially be used for in-situ failure as
sessments by integrating digital image correlation (DIC) techniques.
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