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Abstract: Brittleness is a vital mechanical property that characterizes a rock's tendency to fracture under applied stress without significant deformation, which is particularly 
significant in mining, tunnelling, and other geotechnical engineering applications. The accurate prediction of rock brittleness is essential for optimizing excavation strategies, 
ensuring operational safety, and improving the cost-efficiency of resource extraction processes. However, conventional brittleness assessment techniques-such as those 
based on uniaxial compressive strength (UCS) and tensile strength-can be labour-intensive, time-consuming, and expensive. This study introduces a predictive framework 
based on machine learning algorithms using Point Load Strength Index (PLI) values as the sole input variable. A comprehensive dataset comprising sedimentary, igneous, 
and metamorphic rocks was compiled from both literature sources and laboratory experiments. Multiple regression models were applied and compared, including traditional 
linear methods and advanced ensemble learners. Among these, the Gradient Boosting Regressor delivered the highest predictive accuracy, achieving an (R²) value of 0.96 
for metamorphic rocks. The results demonstrate that even a single indirect measurement like PLI can serve as an effective predictor of rock brittleness when coupled with 
robust machine learning techniques. The findings highlight the potential of integrating AI-based models into rock mechanics workflows to streamline brittleness estimation 
and support sustainable mining practices. 
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1 INTRODUCTION  
 

In rock mechanics and geotechnical applications, 
brittleness is a crucial mechanical parameter that defines a 
materialꞌs sensitivity to sudden failure without significant 
deformation. Several researchers have so far put forth 
alternative ways to measure rock brittleness based on 
various ideas, taking into account a variety of influencing 
elements such as strength parameters, in-situ stress, and 
mineral composition. Each index's dependability depends 
on whether the right strategy is applied for the intended use 
[1]. 

Brittleness is the ability of a material to continuously 
deform, fracture, or crack under force without undergoing 
permanent deformations prior to failure [2]. 

The brittleness of rock significantly influences its 
mechanical behavior and failure characteristics, 
particularly in applications involving rock excavation, such 
as drillability and cuttability [3-7], fracability during 
hydraulic fracturing [8-13], and rockburst proneness in 
deep hard rock tunnels [14]. Reliable evaluation of rock 
brittleness is essential for several critical engineering tasks, 
including the appropriate design and selection of 
excavation and mining equipment, the stimulation of 
unconventional shale gas formations, and the stability 
analysis of deep hard rock tunnels. 

The brittleness values of rocks are typically 
determined in engineering applications using the tensile 
strength (TS) and uniaxial compressive strength (UCS) of 
the rock [6, 14-23]. The motivation of the study is that 
conventional brittleness assessment based on UCS and TS 
requires specimen preparation and specialized equipment, 
making testing costly and time-consuming. In practice, 
indirect tests such as the Point Load Strength Index (PLI) 
are favoured because they are simpler and faster. The 
research question of the study is whether the B3 brittleness 
index of intact rocks can be accurately predicted from PLI 
values alone using machine-learning models, and which 
model provides the most reliable performance across 
sedimentary, igneous, and metamorphic rocks. 

This study makes three practical contributions. First, 
we curate and harmonize a cross-study dataset of 520 rock 
samples reporting PLI and brittleness indices (B1-B4); 
assembling such breadth from a single experimental 
campaign would be prohibitively costly and time-
consuming. Second, we provide an apples-to-apples 
benchmark of 15 representative regression families for the 
single-predictor PLI→B3 problem under a uniform 5-fold 
CV protocol, clarifying which families are most reliable 
across lithologies. Third, by evaluating 15 algorithms 
spanning complementary families - linear and regularized 
(Linear, Ridge, Lasso, Elastic Net, Bayesian Ridge), robust 
linear (Huber), kernel/instance-based (SVR, KNN), tree-
based and ensembles (Decision Tree, Random Forest, 
Extra Trees, Gradient Boosting, AdaBoost), non-
parametric Bayesian (Gaussian Process), and neural (MLP) 
we can directly examine how different inductive biases 
perform on the PLI→B3 task and compare their 
effectiveness across lithologies. 

 
2 RELATED WORKS 

 
Over the past five decades, researchers have developed 

a wide range of brittleness indices tailored to different 
applications within rock mechanics [1, 15, 24, 25]. The 
concept and measurement of rock brittleness have been 
widely varied and have not yet been standardised, despite 
the fact that brittleness indices are widely used in various 
rock engineering sectors. Additionally, the majority of the 
indices were developed to serve certain application areas 
[24].  

In recent years, numerous studies have been conducted 
to define rock brittleness. In addition, several studies have 
reported strong correlations between rock brittleness and 
various elastic properties, including the Lamé constants, 
elastic modulus, Poissonꞌs ratio, shear modulus, and bulk 
modulus. These parameters are frequently used to 
characterize the mechanical behavior of rocks and 
contribute significantly to brittleness assessments [12, 26-
28]. 
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Several brittleness indices have been developed UCS 
and indirect tensile strength measurements, such as those 
obtained from the Brazilian test [4, 15, 19] have proven 
highly useful for evaluating mechanical excavation 
performance. Brittleness indices, as a function of rock 
strength, are widely employed for the indirect estimation 
and evaluation of brittleness [29]. A review of the literature 
indicates that brittleness determination methods based on 
rock strength yield the most reliable results. 

One of the most frequently used indicators of rock 
brittleness is the ratio of uniaxial compressive strength to 
tensile strength ( /c t  ), commonly referred to as the 

brittleness ratio. Higher values of this ratio generally 
signify a more brittle material. Numerous researchers have 
proposed a variety of equations and definitions to quantify 
brittleness, several of which are summarized in Tab. 1 [30]. 

 
Table 1 Some empirical equations proposed for determining rock brittleness (modified from Meng et al. 2021) [24]

Proposed equation for the brittleness Definition* 

P
ar

am
et

er
s Application 

areas** 

Reference 
A B C 

1 c tB /   

σc: Uniaxial compressive strength 
of the rock 
σt: tensile strength, respectively, 
r: Density of the rock sample, 
g: Unit weight or gravitational 
force acting on the rock 

S
tr

en
gt

h 
pa

ra
m

et
er

s 

√ √  [15] 

 
 2

c t

c t
B

 
 

   √ √  [15] 

 
3 2

c tB
    √  [31] 

 
4 2

c t.
B

    √  [5] 

 
5 2

c t.
B

    √  [32] 

6 0 198 2 174 0 913 3 807c tB . . . p .       √  [6] 

0 81 1 13 2 72
7 0 61 1 37 0 009 5 45. . .

c tB . . . .        √  [33] 

0 769 0 531 2 332
8 0 59 5 085 0 09. . .

c tB . . .       √  [34] 

  

 

2

9

2

2

3

53 27ln tan 10 9 tan 6 65

6 65 tan

4 17
4 17

c c
c

t c c

t
c

.B  . .

.

.
.

  

  




        

 
 
        



   

  √  [34] 

 0 84 0 51

0 2110

. .
t

.
t

E
B





  

E: Elastic modulus, indicating the 
rockꞌs stiffness 
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D: Structural dimension, such as 
beam height in fracture tests, 
KIC: Fracture toughness, 
representing resistance to crack 
propagation 
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Kb: Brittleness index, used to 
quantify fracture tendency, 
Ks: Shape factor affecting load 
distribution, 
P: the applied 
load at failure, 
h: the distance 
between loading points, 
σt: the tensile strength 
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   [37] 

*These parameters follow standard definitions used in rock mechanics literature but have been paraphrased for clarity. 
**Application areas: (A) assessing the mechanical performance and structural stability of deep underground tunnels and mining environments, (B) evaluating 
rock fragmentation efficiency, which covers parameters such as drillability, cuttability, and penetration rate - all critical for mechanical excavation planning, 
and (C) analyzing the fracture potential (fracability) of unconventional hydrocarbon reservoirs during stimulation processes.It's important to note that indices 
not marked with a "√" symbol in the reference tables lack clearly defined application areas in their original sources. 
 

In the literature, the brittleness of rocks has been 
estimated by some researchers using artificial neural 
networks. Shi et al. [38] attempted to predict the brittleness 
index, a critical parameter in characterizing shale gas 
reservoirs, using artificial neural networks and machine 
learning algorithms. In their study, Sun et al. [39] 
introduced a machine learning-based approach that 

employed several established algorithms - including the 
Chi-Square Automatic Interaction Detector (CHAID), 
Random Forest (RF), Support Vector Machine (SVM), K-
Nearest Neighbors (KNN), and Artificial Neural Network 
(ANN) - to predict the brittleness index of rock samples 
and conducted a comparative analysis of their predictive 
performance. Hassan et al. [40] produced an artificial 
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intelligence-based model to determine rock brittleness 
based on the chemical properties of rocks. Lee and Lumley 
[41] utilized deep learning techniques to predict the 
mineralogical brittleness index of shales using seismic 
properties, Youngꞌs modulus, and Poissonꞌs ratio. 
Zamanzadeh et al. [42] developed models to estimate the 
mechanical brittleness index by analyzing data from wells 
in oil fields, employing Least Squares Support Vector 
Machine (LSSVM), Multilayer Perceptron (MLP) neural 
networks, and hybrid forms of these with optimization 
algorithms such as Cuckoo Optimization Algorithm 
(COA), Particle Swarm Optimization (PSO), and Genetic 
Algorithm (GA). Xie et al. [43] explored effective artificial 
intelligence approaches to predict the brittleness and 
dynamic properties of limestones. Their study particularly 
focused on estimating dynamic properties such as the 
brittleness index, acoustic velocity, and elastic modulus.  

Determining the physical and mechanical properties of 
rocks is crucial for engineering studies that interact with 
rock formations, such as underground and surface mining 
operations, underground openings, tunnels, dams, and 
foundations constructed within rock masses. In 
engineering applications, rock properties are primarily 
obtained through experimental and observational methods. 
Experimental methods involve tests conducted in 
accordance with rock mechanics standards, encompassing 
index and engineering properties that aid in the 
identification and correlation of rock masses and soils. 
However, obtaining, preparing, and conducting tests on 
rock samples can be costly and time-consuming for certain 
experiments [44]. To address these challenges, many 
researchers have adopted a range of indirect testing 
techniques to assess the engineering characteristics of 
rocks. These methods are generally straightforward, 
economical, and capable of delivering rapid results, 
making them well-suited for practical applications.  

In the literature, no studies have been identified that 
specifically focus on predicting rock brittleness using 
artificial neural network-based programs and point load 
strength index values obtained from index tests. Within the 
scope of this study, point load strength index values 
derived from both the literature and laboratory experiments 
were used to predict the B3 brittleness value proposed by 
[4] through machine learning techniques. 
 
3 METHOD  

 
The purpose of this study is to investigate and contrast 

how well various regression models predict B3 values from 
PLI data. We aim to determine the best method for this 
predictive task by utilising a wide range of regression 
techniques, from sophisticated machine learning 
algorithms to conventional linear models. 

 
3.1 Dataset 

 
This study compiles data from a total of 520 rocks, 

including 287 sedimentary, 184 igneous, and 49 
metamorphic rocks, sourced from the literature (Tab. 2). 

The compiled dataset encompasses a diverse range of 
rock types, ensuring comprehensive representation in the 
analysis. This diversity provides a robust foundation for 
evaluating the relationship between Uniaxial Compressive 

Strength (UCS) and Point Load Index (PLI) values across 
different rock origins. Instead of a fixed split into training, 
validation, and test sets, cross-validation was employed to 
ensure robust model training and evaluation, as detailed in 
the "Model Training" section. 

  
Table 2 Sources of data used in the study 

Reference Rock origin Number of rocks 

[44] 
Igneous 3 

Metamorphic 1 
Sedimentary 3 

[45] 
Igneous 1 

Metamorphic 3 
Sedimentary 3 

[46] Sedimentary 4 
[47] Sedimentary 2 
[48] Sedimentary 6 
[49] Sedimentary 3 

[50] 
Igneous 4 

Metamorphic 1 
Sedimentary 7 

[51] 
Igneous 15 

Sedimentary 26 
[52] Igneous 1 
[53] Sedimentary 9 
[54] Sedimentary 6 
[55] Sedimentary 45 
[56] Igneous 2 
[57] Sedimentary 15 
[58] Sedimentary 10 
[59] Sedimentary 15 
[60] Igneous 32 
[61] Sedimentary 1 
[62] Sedimentary 23 

[63] 
Igneous 10 

Metamorphic 2 
Sedimentary 7 

[64] Sedimentary 1 
[65] Metamorphic 2 
[66] Sedimentary 1 
[67] Sedimentary 1 

[68] 
Igneous 19 

Metamorphic 20 
Sedimentary 17 

[69] 
Igneous 7 

Sedimentary 1 
[70] Sedimentary 30 

[71] 
Igneous 52 

Metamorphic 13 
Sedimentary 26 

[72] 
Metamorphic 7 
Sedimentary 3 

[73] Igneous 19 

[74] 
Igneous 18 

Sedimentary 11 
[75] Sedimentary 11 
[76] Igneous 1 

 
The dataset supporting the findings of this study is not 

hosted as a single downloadable file. Instead, the original 
sources for all records are listed in Tab. 2; our analysis set 
comprises n = 520 curated entries obtained from an initial 
compilation of 523 records by removing one missing-PLI 
entry and pruning one exact duplicate measurement group. 
No winsorization or manual trimming was applied. The full 
preprocessing and modelling code is openly available at 
Kaggle (https://doi.org/10.34740/kaggle/ds/8292070). 

It was analyzed 520 rock samples with the variables 
Reference (string identifier), Rock Origin (categorical: 
Sedimentary/Igneous/Metamorphic), UCS, BTS, PLI, and 
brittleness indices B1-B4 (numeric). One technical column 
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was empty and removed. Rows with missing values were 
excluded (one row with missing PLI), and two numerically 
duplicated records were pruned, yielding n = 520. 

By rock type, the sample counts are Sedimentary 286, 
Igneous 191, Metamorphic 43. For the main variables used 
in the study, the distributions are summarized as follows: 
 PLI (n = 520): median 4.14, IQR 2.42-6.69, min-max 

0.07-15.73 (right-skewed). 
 B3 (n = 520): median 281.40, IQR 104.72-703.50, min-

max 0.08-3388.40 (right-skewed). 

 UCS (n = 520): median 72.05, IQR 39.20-122.34; BTS 
(n = 520): median 7.48, IQR 5.09-12.11. 
To aid interpretation, we report per-group ranges for 

B3 in the Results: Igneous 3.41-3388.40, Metamorphic 
41.50-2621.87, Sedimentary 0.08-1810.00. A compact 
table of descriptive statistics (count, mean, SD, min, 
quartiles, max) can be seen in Tab. 3, and histograms of 
PLI and B3 are provided in Fig. 1 and Fig. 2; the brittleness 
index by lithology (box plot) is shown in Fig. 3. 

 
Table 3 Descriptive statistics (overall) 

 Count Mean Std Min Q1 Median Q3 Max 
PLI 520.0 4.7774 2.9734 0.07 2.4175 4.14 6.69 15.73 
B3 520.0 498.29 558.31 0.08 104.72 281.40 703.50 3388.40 

UCS 520.0 84.6456 52.7771 2.7 39.195 72.05 122.335 303.67 
BTS 520.0 9.1145 5.4503 0.06 5.09 7.475 12.1125 34.4 

As for data curation,we removed entries with missing 
PLI, pruned numerically duplicated records (identical 
UCS/BTS/PLI/BI), and standardized lithology labels. We 
did not winsorize or discard statistically extreme values; all 
physically plausible measurements were retained. 

 

 
Figure 1 Distribution of PLI 

 

 
Figure 2 Distribution of B3 

 

Figure 3 B3 by lithology (box plot) 

3.2 Model Selection 
 

We evaluate a representative set of regression families 
linear and regularized linear (Linear, Ridge, Lasso, Elastic 
Net, Bayesian Ridge), tree-based/ensembles (Decision 
Tree, Random Forest, Extra Trees, Gradient Boosting, 
AdaBoost), kernel - and instance-based (SVR, KNN), a 
neural network (MLP), and a non-parametric statistical 
model (Gaussian Process) - to provide a balanced 
comparison when predicting B3 from PLI alone. This 
portfolio spans interpretable linear baselines and non-
linear learners that can model potentially complex PLI→B3 
relationships, includes methods with built-in variance/bias 
control and robustness to outliers, and follows a uniform 
evaluation protocol (5-fold cross-validation with grid-
searched hyperparameters). 

The 15 algorithms used to map PLI to B3 are presented 
in Tab. 4. Linear Regression provides a baseline 
linear/monotonic fit; Ridge Regression applies L2 

shrinkage to reduce variance; Lasso Regression uses L1 

shrinkage as an alternative penalty; Elastic Net combines 
L1 and L2 penalties; Bayesian Ridge places Gaussian priors 
on coefficients to quantify parameter uncertainty; Huber 
Regressor uses the Huber loss for robustness to outliers; 
Support Vector Regression (SVR) captures smooth 
nonlinear trends via kernels and an ϵ-insensitive loss; k-
Nearest Neighbors (KNN) performs local averaging along 
the PLI axis; Decision Tree partitions PLI by thresholds to 
produce piecewise-constant predictions; Random Forest 
averages bootstrapped trees to reduce variance; Extra Trees 
increase tree diversity through highly randomized splits; 
Gradient Boosting adds shallow trees sequentially to model 
residual structure; AdaBoost.R2 reweights samples to 
focus on hard cases in a boosting ensemble; Gaussian 
Process Regression (GPR) provides flexible kernel 
regression with predictive uncertainty; and Multilayer 
Perceptron (MLP) learns a flexible nonlinear mapping with 
appropriate regularization. In addition, the mathematical 
formulations corresponding to each regression model are 
also presented in Tab. 4. 

Fig. 4 shows the architecture of Gradient Boosting 
Decision Tree (GBDT), highlighting its iterative nature. In 
this diagram, the process begins with an initial prediction, 
followed by a sequence of decision trees that progressively 
refine the model's performance by learning from the 
residual errors. Each tree contributes incrementally, with 
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the final model being the weighted sum of all individual 
trees. This visualization offers a clear understanding of 

how GBDT aggregates the strengths of multiple models to 
achieve robust predictive performance. 

 
Table 4 The regression algorithms employed in this study and their mathematical formulations 

Algorithm Family Equation 

Linear Regression [77] Linear   2

0 1 0 1 0 1
1

, min
n

i i w ,w i i
i

ŷ  w w x y w w x


      

Ridge Regression [78] Linear + L2   2 2
0 1 0 1 12

1

min
n

w ,w i i
i

y w w x w


     

Lasso Regression [79] Linear + L1   2

0 1 0 1 11
1

min
n

w ,w i i
i

y w w x w


     

Elastic Net [80] Linear + L1/L2   2 2
0 1 0 1 12 11

1

1
min

2

n

w ,w i i
i

y w w x w w
 


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 

  

Bayesian Ridge [81] Bayesian linear    2 2 10y | w, ~ N Xw, I , w ~ N , I     

Huber Regressor [82] Robust linear    
2

0 1
1

1

2
min

1

2

n

w w i
i

r , r

r , r
r , r .


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   
      

  

SVR [83] Kernel / margin  21
min

2
'

w,b , , i i
i
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KNN [84] Instance-based  
 

1
i

i N xK

ŷ x y
K 

   

Decision Tree [85] Tree    1m m
m

ŷ x y x R   

Random Forest [86] Ensemble (bagging)    
1

1 B

b
b

ŷ x T x
B 

   

Extra Trees [87] Ensemble (randomized) 
Same as Random Forestꞌs equation but thresholds/splits drawn at random before 
choosing the best among random candidates; prediction is the ensemble average. 

Gradient Boosting [88] Ensemble (boosting)    0 argminc i
i

f x L y ,c   

AdaBoost.R2 [89] Ensemble (boosting)    
1

1
ln

M

m m m m
m m

f x h x ,   


  

Gaussian Process [90] Non-parametric Bayesian          1 12 2, Var* * n * * * * n *ˆ ˆy x k K I y y x k x ,x k K I k 
 

        

Multilayer Perceptron [91] Neural network    1 1 1 1L L L Lŷ W W W x b b b          

 

 
Figure 4 The architecture of gradient boosting decision tree [92] 
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3.3 Performance Metrics 
 

To evaluate the performance and predictive reliability 
of the models, two key metrics were used: Root Mean 
Squared Error (RMSE) and the coefficient of determination 
(R²). RMSE is a widely adopted measure for assessing the 
accuracy of predictions involving continuous variables. It 
is computed by taking the square root of the mean of the 
squared differences between the predicted and actual 
values. This metric reflects the magnitude of prediction 
errors, where smaller RMSE values indicate better model 
performance [93]. The formula for RMSE is presented in 
Eq. (1) [94]. 

 

 2

1

1 m

i i
i

RMSE X Y
m 

         (1) 

 
The coefficient of determination, denoted as R², 

quantifies how well the independent variables explain the 
variation observed in the dependent variable. It serves as a 
measure of the model's goodness of fit, where an R² value 
approaching 1.0 indicates that a large portion of the 
variance in the outcome variable is captured by the modelꞌs 
predictions [95]. The formula for RMSE is presented in Eq. 
(2) [94]. 
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2 1
2

1

1

m
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m
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R

Y Y
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


        (2) 

 
RMSE and R2 metrics together offer a comprehensive 

assessment of model performance, balancing both the 
accuracy of predictions and the explanatory power of the 
model. By employing RMSE and R², this study aims to 
provide a robust comparison of the different regression 
techniques, highlighting their relative strengths and 
weaknesses in predicting B3 values based on PLI data. 
 
3.4 Model Training 
 

To enhance the reliability and generalizability of the 
model, a 5-fold cross-validation approach was applied. In 
this method, the dataset is partitioned into five equally 
sized subsets. During each iteration, the model is trained 
using four of these subsets, while the remaining one is used 
for validation. This procedure is repeated five times so that 
each subset is used once as the validation set. Furthermore, 
to optimize the hyperparameters of the models, we utilized 
Grid Search Cross-Validation (Grid Search CV). This 
method involves exhaustively searching over a specified 
parameter grid to find the best combination of 
hyperparameters that result in the highest model 
performance. Grid Search CV ensures that the selected 
hyperparameters are optimal for the given dataset and 
model [96]. 

Tab. 5 summarizes the hyperparameter search spaces 
used for model selection across all fifteen algorithms. For 
each method, we list the parameters tuned via grid search 
with 5-fold cross-validation and any fixed settings; empty 
grids indicate that no hyperparameters were tuned (e.g., 
Linear Regression, Bayesian Ridge). Identical CV splits 

were used for every model. For algorithms that require 
feature scaling (SVR, KNN, MLP), PLI was standardized 
within training folds only. Random seeds were fixed for 
tree/ensemble methods to ensure reproducibility. The grids 
exactly match those implemented in the accompanying 
notebooks; no settings beyond those listed were used.The 
Gradient Boosting algorithm yielded the best results in our 
experiments. The optimal hyperparameters identified 
through Grid Search CV were num_trees = 230 and 
learning_rate = 0.01. These settings enabled the model to 
achieve high accuracy while maintaining generalizability. 
To further illustrate the model's structure, a visualization of 
the first three trees in the ensemble is presented in Fig. 5, 
providing insights into the decision-making process and 
feature interactions. 
 

Table 5 Hyperparameter grids 
Algorithm Hyperparameters 

Linear Regression {} 
Random Forest 

Regressor 
n_estimators: 8-24 (step 1); max_depth: [None, 
2, 3, 4, 5, 6, 7, 8] 

Gradient Boosting 
Regressor 

n_estimators: 150-240 (step 10); learning_rate: 
[0.01, 0.02, 0.03]; max_depth: [3, 5, 7] 

SVR 
kernel: [linear, rbf]; C: [0.1, 0.2, 0.3, 5, 8, 10, 
12]; gamma: [scale, auto] 

Ridge alpha: [0.1, 0.2, 0.3, 0.5, 5, 10] 
Lasso alpha: [0.1, 0.2, 0.3, 0.5, 5, 10] 

Decision Tree 
Regressor 

max_depth: [None, 10, 20, 30]; 
min_samples_split: [1, 2, 3, 5, 10, 20]; 
min_samples_leaf: [1, 3, 5, 7, 10] 

KNN Regressor 
n_neighbors: [1, 3, 5, 7, 9]; weights: [uniform, 
distance] 

Gaussian Process 
Regressor 

alpha: [1e‒2, 1e‒3, 1e‒4] 

Elastic Net 
alpha: [0.1-0.9 step 0.1]; l1_ratio: [0.1-0.9 step 
0.1] 

Bayesian Ridge {} 
Huber Regressor alpha: [0.0001, 0.0002, 0.0003] 

AdaBoost 
n_estimators: 10-58 (step 3); learning_rate: 
[0.01, 0.02, 0.3] 

Extra Trees 
n_estimators: 150-290 (step 10); max_depth: 
[None, 5, 6, 7, 8, 10, 12, 20] 

MLP Regressor 

hidden_layer_sizes: [(100, 50), (75, 75), (50, 
50), (75, 50), (100,), (20,10)]; activation: [relu, 
tanh]; solver: [adam, sgd]; alpha: [1e‒05, 2e‒05]; 
learning_rate: [constant, adaptive]; 
learning_rate_init: [0.0001, 0.0002]; max_iter = 
20000 

 
3.5 Cross-Validation Protocol 

 
We evaluate all models on the curated set of n = 520 

pairs (x = PLI, y = B3) using 5-fold cross-validation with a 
fixed random seed and identical folds across models: the 
dataset is randomly partitioned into five disjoint folds; for 
each fold j, the model is trained on the other four folds and 
predicted on fold j, with hyperparameters (if any) selected 
by grid search using only the training folds; we record 
MSE, RMSE, and R2 on the held-out fold and repeat for all 
j = 1, …, 5; finally, we aggregate the per-fold scores as 
mean ±SD (and, where needed, concatenate the out-of-fold 
predictions for diagnostic plots), and we rank models by 
the lowest mean CV-MSE to determine the best performer 
for the PLI→B3 task. 

An external hold-out set was not used because the 
available dataset is limited, and assembling additional, 
comparable measurements would be prohibitively costly 
and time-consuming. 
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Figure 5 Visualization of the first three trees in the model 

 
4 RESULTS  

 
Although the model was trained using 15 different 

regressor models, namely Multilayer Perceptron, Linear 
Regression, Random Forest Regressor, Gradient Boosting, 
Support Vector Regressor, Ridge Regression, Lasso 
Regression, Decision Tree Regressor, K-Nearest 
Neighbors (KNN), Gaussian Process, Elastic Net, 
Bayesian Ridge, Huber Regressor, AdaBoost Regressor, 
and Extra Trees Regressor, the best results were achieved 
with Gradient Boosting. The results of the comparative 
analysis, conducted with cross-validation, are summarized 
in Tab. 5. For all types of rocks, under identical 5-fold CV 
on the PLI→B3 task (see Tab. 6), Gradient Boosting ranked 
#1 across all lithologies (Sedimentary R2 = 0.81, Igneous 
0.72, Metamorphic 0.96) with the lowest RMSEs, 
consistent with threshold-like, piecewise trends from a 
single predictor. Random Forest was the overall #2 
(Sedimentary R2 = 0.72; Igneous 0.71; Metamorphic0.92), 
benefiting from variance reduction via tree averaging. The 
third-best varied by lithology: Linear Regression in 

Sedimentary (R2 = 0.65) and Igneous (0.59), reflecting an 
approximately monotonic relation, whereas Gaussian 
Process in Metamorphic (R2 = 0.79) slightly ahead of 
AdaBoost on RMSE - captured smooth nonlinearities. 
Exact metrics are reported in Tab. 6. To contextualize 
RMSE/MSE magnitudes, we provide the brittleness index 
distribution (Fig. 2) and per-lithology spread (Fig. 3), 
alongside descriptive statistics (Tab. 3). 
 

 
Figure 6 Predicted vs actual values for igneous 
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Fig. 6 displays a comparison between the predicted 
and actual brittleness values for igneous (magmatic) rock 
samples. Similarly, Fig. 7 illustrates this comparison for 
metamorphic rocks, while Fig. 8 provides the 
corresponding results for sedimentary rocks. 
 

 
Figure 7 Predicted vs actual values for metamorphic 

 
Figure 8 Predicted vs actual values for sedimentary 

 
Tab. 6 summarizes the performance metrics for the 

Gradient Boosting algorithm, evaluated using 5-fold 
Cross-Validation on the entire dataset without considering 
the stone type. The Root Mean Square Error (RMSE) is 
0.74, indicating that the model's predictions are, on 
average, close to the actual values, with low variability.  

 
Table 6 Results with 5-fold cross-validation 

Sedimentary Igneous Metamorphic 
Algorithm RMSE MSE MAE R2 RMSE MSE MAE R2 RMSE MSE MAE R2 
Multilayer 
Perceptron 

180.22 32479.25 134.28 0.61 422.65 178636.98 300.02 0.57 289.93 84060.19 197.50 0.38 

Linear 
Regression 

189.14 35773.94 135.01 0.65 421.31 177502.12 291.94 0.59 306.11 93703.33 242.35 0.77 

Random 
Forest 

Regressor 
168.92 28533.97 119.19 0.72 356.03 126757.36 256.82 0.71 178.19 31751.68 126.37 0.92 

Gradient 
Boosting 

140.05 19614 99.87 0.81 352.75 124432.56 267.34 0.72 119.11 14187.19 100.11 0.96 

Support 
Vector 

Regressor 
199.83 39932.03 132.56 0.61 440.16 193740.83 292.98 0.56 493.96 243996.48 252.80 0.39 

Ridge 
Regression 

196.17 38482.67 139.18 0.62 439.2 192896.64 308.94 0.56 392.12 153758.09 283.84 0.62 

Lasso 
Regression 

196.18 38486.59 139.18 0.62 440.32 193881.7 310.41 0.56 391.95 153624.8 284.09 0.62 

Decision Tree 
Regressor 

215.12 46276.61 148.38 0.55 448.09 200784.65 316.98 0.55 317.08 100539.73 220.61 0.75 

KNN 211.06 44546.32 147.51 0.57 455.82 207771.87 320.93 0.53 324.95 105592.5 214.68 0.74 
Gaussian 
Process 

207.85 43201.62 143.13 0.58 435.59 189738.65 305.90 0.57 289.67 83908.71 177.70 0.79 

Elastic Net 196.3 38533.69 138.99 0.62 439.19 192887.86 309.00 0.56 392.71 154221.14 283.22 0.62 
Bayesian 

Ridge 
196.22 38502.29 139.14 0.62 440.82 194322.27 311.09 0.56 392.26 153867.91 283.29 0.61 

Huber 
Regressor 

201.42 40570.02 139.11 0.6 437.02 190986.48 302.10 0.57 442.33 195655.83 286.99 0.51 

AdaBoost 
Regressor 

204.45 41799.8 142.58 0.59 437.81 191677.6 306.93 0.57 293.26 86001.43 176.15 0.79 

ExtraTrees 
Regressor 

194.21 37717.52 137.33 0.63 439.87 193485.62 309.55 0.56 316.7 100298.89 197.65 0.75 

The Mean Squared Error (MSE) is 80,430.28, 
consistent with the data's scale. The Mean Absolute Error 
(MAE) of 188.85 reflects the average magnitude of 
prediction errors. The R-squared (R²) value of 0.74 
suggests that the model explains 74% of the variance in the 
data. These results, validated across five folds, confirm the 
robustness and reliability of the Gradient Boosting model 
in capturing the underlying patterns in the dataset, although 
some variance remains unexplained. 
 
5 DISCUSSION AND CONCLUSION  
 

Brittleness is a critical rock property that defines the 
susceptibility of rocks to fracture under applied loads, 

particularly in excavation operations. This characteristic is 
directly related to the durability of rocks. Consequently, 
predicting rock brittleness is essential for developing 
sustainable practices in numerous mining projects. In this 
study, brittleness values of rocks from various origins were 
predicted using point load strength index values and 
models derived from machine learning methods. Several 
models were developed, and efforts were made to identify 
the most suitable one. 

Several prior studies have explored the application of 
machine learning techniques to predict rock brittleness 
using various input parameters. For instance, [38] and [39] 
employed artificial neural networks and ensemble learning 
methods to predict brittleness indices in shale gas 
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reservoirs, reporting promising accuracy levels. Similarly, 
[40] and [41] developed models based on elemental 
compositions and seismic-log data, respectively, further 
demonstrating the adaptability of AI models to diverse 
geological datasets. However, these studies generally rely 
on more complex or multi-parametric input features. In 
contrast, the present study emphasizes the effectiveness of 
using a single, easily obtainable index - Point Load 
Strength (PLI) - to achieve comparable or superior 
prediction performance, particularly through the Gradient 
Boosting algorithm. This streamlined approach offers 
practical advantages for field applications, especially when 
data availability is limited or rapid assessments are needed. 

During the training of the model, we employed 5-fold 
cross-validation. To evaluate model performance, we used 
R², MSE, and RMSE metrics. R² is particularly crucial for 
assessing how well regression models explain the variance 
in the target variable. Using 5-fold cross-validation, the 
highest R² was achieved with Gradient Boosting due to its 
advanced ensemble learning capabilities, which effectively 
mitigate both bias and variance. Unlike the other 16 
algorithms examined in this study, which often fail to 
capture complex, non-linear relationships inherent in the 
data, Gradient Boosting builds a series of decision trees 
sequentially, with each tree attempting to correct the errors 
of its predecessor. This iterative refinement allows the 
model to progressively enhance its predictive accuracy. 
Moreover, Gradient Boosting's inherent feature selection 
process identifies and leverages the most relevant features, 
further optimizing performance. Its robust handling of 
outliers and flexible hyperparameter tuning options enable 
it to achieve a balance between underfitting and overfitting, 
ensuring robust generalization on unseen data. 
Consequently, these attributes collectively contribute to the 
model's superior efficacy compared to other regression 
techniques evaluated in this study. 

For metamorphic rocks, an R² of 0.96 indicates that the 
model explains 96% of the variance in B3 values using only 
PLI values. For sedimentary rocks, this value reduces to 
0.81, and for igneous rocks, it becomes 0.72. Although the 
acceptability of a high R² value depends on the context and 
field of study, generally a R² value greater than 0.7 is 
considered as acceptable. The RMSE and MSE results 
appear quite high; however, given the wide range of 
predicted values, this may be acceptable. The B3 values 
range from 3.41 to 3388.4 for magmatic rocks, from 41.5 
to 2621.87 for metamorphic rocks, and from 0.081 to 1810 
for sedimentary rocks. Figs. 6, 7, and 8 present the 
predicted values from our model versus the actual values 
for each rock type. As shown, the model predicts B3 values 
for metamorphic rocks with high accuracy using only PLI 
values. For sedimentary and magmatic rocks, while the 
accuracy decreases, it remains within an acceptable range. 

While the proposed model demonstrates high 
predictive accuracy, especially for metamorphic rocks, it is 
important to acknowledge that its performance is 
inherently tied to the quality and consistency of the input 
PLI data. Point Load Strength Index (PLI) values can be 
affected by various factors such as specimen shape, size, 
surface conditions, and operator technique. The dataset 
used in this study aggregates values from multiple 
literature sources and experimental setups, which may 
introduce variability or measurement inconsistencies. 

Future studies could benefit from incorporating uncertainty 
quantification or sensitivity analyses to evaluate the 
robustness of predictions under different data quality 
scenarios. Standardizing PLI test procedures or using data 
augmentation techniques could also help mitigate this 
issue. 

Another important consideration is that this study used 
only a single input variable. By focusing solely on the Point 
Load Strength Index (PLI), the model remains simple, 
interpretable, and suitable for practical field applications. 
However, this approach also limits the potential of more 
complex or hybrid machine learning and deep learning 
models, which typically require multiple features to fully 
leverage their predictive power. Future research could 
explore hybrid or deep learning architectures in multi-input 
scenarios to further improve prediction accuracy and 
handle more nuanced rock behaviour. Overall, while the 
simplicity of the model offers practical benefits, 
integrating additional features in future work could unlock 
further predictive improvements and allow for more 
advanced modelling techniques. 

Prior work has used machine learning to predict 
brittleness with multi-parametric inputs drawn from shale-
gas or limestone settings (e.g., elemental composition, 
seismic/elastic logs, conventional well logs), typically not 
PLI-only. In contrast, our study evaluates PLI→B3 with a 
single predictor and reports lithology-aware performance 
(e.g., R² = 0.96 metamorphic; 0.81 sedimentary; 0.72 
igneous). The Tab. 7 situates our results against 
representative studies mentioned in the manuscript. Across 
prior studies, both the target definition and the input 
modality vary substantially: Shi et al. [38] and Lee & 
Lumley [41] predict log-based brittleness from 
well/seismic logs; Hassan et al. [40] targets a mineralogical 
brittleness index from elemental/XRF inputs; Sun et al. 
[39] uses mechanical brittleness but with multi-parameter 
physical tests (e.g., Schmidt hammer, P-wave, density). By 
contrast, this study addresses a strictly mechanical 
brittleness (B3) target using a single, field-practical input 
(PLI) and evaluates 15 representative regression families 
under identical 5-fold CV across three lithologies 
(Sedimentary/Igneous/Metamorphic). The curated dataset 
(n = 520, compiled from ≈40 sources) is the largest among 
the compared works and uniquely enables a single-
predictor benchmark that is directly actionable on site. In 
short, while prior art spans heterogeneous targets and 
richer input suites, our contribution isolates the PLI→B3 
mapping at scale, clarifies which model families generalize 
best, and provides a lightweight pathway for engineering 
use. 

For Practical application in operational settings, the 
workflow is: (1) perform the point-load test on intact 
specimens (site or laboratory) and compute PLI per the 
standard procedure; (2) feed the measured PLI to the 
selected regression model from this study to obtain the 
estimated brittleness index B3; (3) interpret the estimate 
within the empirical range of our data (PLI ≈0.07–15.73) 
and avoid extrapolation outside this range; (4) where 
lithology is known (Sedimentary/Igneous/Metamorphic), 
use the corresponding performance summaries reported in 
this paper to contextualize expected uncertainty; (5) for 
critical decisions, corroborate with a small subset of 
confirmatory UCS/BTS tests when feasible. This 



Deniz AKBAY et al.: Estimation of Rock Brittleness from Point Load Strength Index Data Using Machine Learning Methods 

872                                    Technical Gazette 33, 2(2026), 863-875 

procedure preserves the practicality of PLI while providing 
an immediate, single-input brittleness estimate for 
engineering planning. As dataset-specific guidance from 
our learning-curve analysis (PLI→B3, 5-fold CV), 
diminishing returns occur at roughly n≈200 overall; by 
lithology, ≈45 (Sedimentary), ≈30 (Igneous), and ≈20 

(Metamorphic). These are practical targets rather than strict 
minima. 

A key limitation is the lack of external validation, 
primarily due to the small size of the curated dataset and 
the substantial effort and cost required to obtain further 
comparable data; future work will evaluate the models on 
an independent set. 

 
Table 7 Comparative summary of ML studies on brittleness prediction vs. presented study 

Study Algorithms Target 
Shi et al., 2016 [38] BP-ANN, ELM, Linear Regression Log-based brittleness index (from conventional well logs). 

Sun et al., 2020 [39] CHAID, Random Forest, SVM, KNN, ANN 
Rock brittleness index (mechanical) from physical/indirect 

tests 

Hassan et al., 2022 [40] ANN, Fuzzy Logic, SVM (inputs: elemental/XRF) 
Mineralogical brittleness index (MBI) from elemental 

composition (XRF). 

Lee & Lumley, 2023 [41] 
MLR, Decision Trees, Ensembles (bagged/boosted), 

SVM, Neural (incl. DFNN) 
Log-based brittleness index (LBI) from seismic/elastic logs 

Zamanzadeh T. et al., 2023 
[42] 

LSSVM, MLP, hybrids (COA/PSO/GA) Well-log–based mechanical brittleness index 

Xie et al., 2024 [43] Simple/Multiple Linear Regression, GPR, MFFNN, SVM Brittleness index and dynamic properties for limestones. 

This Study 
15 regressors across families (linear/regularized, robust, 

SVM, KNN, trees/ensembles, GP, MLP); best = Gradient 
Boosting 

B3 (mechanical brittleness index) from PLI (single input) 
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