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Highlights 13 

▪ Nature-inspired algorithms can optimize standalone Ensemble models for engineering 14 

▪ 25 nature-inspired algorithms are evaluated to optimize the Base-CatBoost learner 15 

▪ Enzyme action optimizer (EAO) hybrid with Base-CatBoost generalized most precisely 16 

▪ SHAP explainable hybrid AI revealed tractive force dominates off-road drawbar load 17 

▪ A user-friendly EOA-CatBoost ensemble GUI for off-road drawbar pull is presented 18 

Abstract 19 

Cognitive intelligence of standalone machine learning models is constrained by target leakage, 20 

weak data mining, inadequate hyperparameter tuning, and premature convergence to local 21 

optima. This study integrated Base-CatBoost Ensemble learner with 25 recent nature-inspired 22 

metaheuristic algorithms and evolved new hybrid-CatBoost models for predicting drawbar load 23 

(HDb). These included, Aurora Intelligent Metaheuristic-AIM algorithm, Artificial Lemming 24 

Algorithm-ALA, Bobcat Optimization Algorithm-BOA, Bacteria Phototaxis Optimizer-BPO, 25 

Chicken Swarm Optimization-CSO, Enzyme Action Optimizer-EAO, Grizzly Bear Fat Increase 26 

Optimizer-GBFIO, Gazelle Optimization Algorithm-GOA, Grey Wolf Optimizer-GWO, Harris 27 

hawks optimization-HHO, Hippopotamus Optimization Algorithm-HO, Jellyfish Search 28 

Optimizer-JSO, Mantis Shrimp Optimization Algorithm-MShOA, Osprey Optimization Algorithm-29 

OOA, Parrot Optimizer-PO, Pufferfish Optimization Algorithm-POA, Reindeer Cyclone 30 

Optimization Algorithm-RCOA, Secretary bird optimization algorithm-SBOA, Swift Flight 31 

Optimizer-SFO, Snake Optimizer Algorithm-SO, Walrus Optimization-WAOA, Warthog 32 

Optimization Algorithm-WartOA, Wolf-Bird Optimizer-WBO, Whale Optimization Algorithm-WOA 33 

and White Shark Optimizer-WSO. A scikit-learn library for the Base-CatBoost learner was 34 
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created, and critical hyperparameters of hybrid ensemble models were heuristically optimized, 35 

targeting the experimental HDb obtained from 3360 values in the 14 soil-machine database. Total 36 

multi-metric accuracy (R, R2, R2adjusted, EVS, RAE, RRMSE, RMSRE, NRMSE, SI, PI, 37 

WMAPE, VAF, PA, CV) and noise robustness (MSE, RMSE, MAE, MedAE, Huber loss-Lδ, Log-38 

Cosh loss-LCL) score ranking (980), regression error characteristic curve-REC (AOC=0.236), 39 

Taylor reference clustering (R-σ-cRMSE), and convergence stability (perturbation score, 0.005, 40 

generalization gap, 4.545e-06) confirmed hybrid EAO-CatBoot as the superior model. SHAP 41 

explainable hybrid AI-XHAI revealed that tractive thrust most significantly dominated HDb 42 

prediction dispersion and convergence decision path attribution in EAO-CatBoost. Python-based 43 

GUI for hybrid EAO-CatBoost is presented for user-friendly HDb prediction in engineering 44 

practice. 45 

Keywords: Hybrid machine learning, CatBoost ensemble, Hyperparameter tuning, Enzyme 46 

action optimizer, Model generalization, SHapley Additive exPlanations, Graphical user interface. 47 

1. Introduction  48 

Cat boosting ensemble (CatBoost) is a Gradient Boosting Decision Tree-based algorithm, well-49 

suited to machine learning tasks involving heterogeneous and complex variables. According to 50 

Prokhorenkova et al. [1], CatBoost was designed for computationally intensive tasks involving 51 

highly heterogeneous datasets. Since its debut in late 2018, CatBoost has been successfully 52 

deployed in machine learning studies to unravel complex interdependencies, achieving superior 53 

performance compared to other machine learning algorithms [2]. However, in the cognitive 54 

engineering of tillage machinery systems, standalone CatBoost models encounter specific 55 

limitations when predicting tractor-implement performance from dynamic soil-wheel and soil-tool 56 

interaction variables. These bottlenecks are primarily driven by the extreme nonlinearity of soil 57 

dynamics and by the sensitivity of gradient boosting to high-dimensional, noisy agricultural data. 58 

While CatBoost utilizes ordered target statistics to minimize leakage [3], it remains vulnerable to 59 

learning and modelling tillage variables due to sequential dependency of soil-machine variables 60 

in situ. This is because soil-tool and soil-wheel interactions often involve multiple passes and 61 

tooling disturbances whereby features related to previous passes inadvertently leak future state 62 

information into the model, leading to artificially high accuracy that fails during other live field 63 

operations. At the same time spatio-temporal autocorrelation of soil properties may cause 64 

standalone models to "learn" these spatial patterns as proxies for the target variable rather than 65 

the underlying dynamics, leading to poor generalization across different fields. Further, stand-66 

alone CatBoost struggles to learn the "cause-and-effect" of dynamic load transfers in tillage 67 
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machinery systems because they lack the inherent physical-numerical constraints of soil-68 

machine interactions that encompass complex geometric and material non-linearities. As such, 69 

a stand-alone CatBoost may fail to identify the physico-mechanical non-linearities in variable 70 

interactions on mechanical dynamics at critical thresholds, especially when soils shift from 71 

elastic to plastic deformation, which can introduce noise into the dataset. All these challenges 72 

put standalone CatBoost models at high risk of target leakage. On a different note, 73 

implementation of the standalone CatBoost algorithm often relies on manual hyperparameter 74 

tuning [4, 5], which frequently results in suboptimal predictions due to premature convergence 75 

to local optima, particularly when handling multi-modal search spaces in soil mechanics data. 76 

Dynamic fluctuations in heterogeneous soil-tire and soil-tool interface variables near the surface 77 

and at various depths in situ render standalone CatBoost models inferior for predicting highly 78 

instantaneous drawbar pull. Due to weak feature learning [6, 7], Base-CatBoost models struggle 79 

to predict the effects of dynamic interactions on critical mechanical nonlinearities during soil-80 

wheel-and soil-tool interactions in tillage. As such, standalone Cat-Boost models may also face 81 

reliability challenges under heterogeneous conditions [8, 9], such as off-road drawbar pull (HDb) 82 

estimation. This is because of heterogeneous physio-mechanical variabilities across 83 

heterogeneous agricultural soil matrix and the effects of dynamic soil deformation nonlinearities 84 

on the tire and tractor-implement configurations, which continuously alter traction and load 85 

transfer mechanisms. As such, due to weak learning of underlying relationships standalone 86 

Catboosting ensemble models can converge prematurely [10], especially when subjected to new 87 

operating environments and soil types with new unforeseen soil-machine datasets, leading to 88 

poor generalization of drawbar predictions. Hybridizing the Base-CatBoost algorithm with recent 89 

nature-inspired algorithms can be used for predictive modelling of such a dynamic target, which 90 

involves many variable interrelationships that require simultaneous optimization, superior data 91 

exploration, and variable exploitation. Literature suggests that boosting ensemble algorithms 92 

often outperforms several conventional machine learning approaches, including Artificial Neural 93 

Networks (ANN), in modelling heterogeneous datasets with complex nonlinearities and mixed 94 

data structures due to their robustness to feature variability and reduced sensitivity to extensive 95 

hyperparameter tuning [11, 2]. However, despite the native effectiveness of the Base-CatBoost 96 

learner in handling numerous categorical features within datasets, standalone CatBoost models 97 

are highly sensitive to feature learning, hyperparameter tuning, overfitting, and premature 98 

convergence, especially when applied to new datasets or unforeseen events. For instance, too 99 

high learning rate and learning depth lead to overshooting and overfitting, respectively, while the 100 

number and size of iterations can cause underfitting or overfitting [12]. At the same time 101 
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premature convergence can occur if the early stoppage parameters are not properly tuned, 102 

causing convergence to a local optimum [13]. All these challenges cause target leakage due to 103 

weakened computational efficiency, leading to poor generalization with unseen datasets, 104 

especially in highly complex and dynamic soil environments in tillage. Further, the Base-105 

CatBoost model-parameter tuning, overfitting, and premature convergence are interconnected 106 

challenges that, when improperly managed, cause the models to memorize the training data 107 

rather than learn the complex underlying patterns in the tillage datasets. This further undermines 108 

cognitive robustness and often leads to target leakage, in which information and noise from 109 

outside the training variables corrupt the model, resulting in high training accuracy but poor 110 

generalization. This renders the predictive strength of standalone CatBoost models weak when 111 

applied to new, unseen tillage data, making their adoption inconclusive. As such, the modelling 112 

accuracy and predictive performance of CatBoost models critically depend on the algorithm type 113 

and hyperparameter tuning methodologies for robustness against overfitting. Therefore, the 114 

predictive performance of the standalone CatBoost models is limited by overfitting challenges 115 

related to local optima, slow convergence rates, difficulties with hyperparameter tuning, and 116 

weak computational power [14]. To resolve these challenges in agricultural tractors this study 117 

adopted 24 recently developed nature inspired machine learning algorithms to develop  hybrid 118 

CatBoost models for off-load prediction of drawbar load of agricultural tractors using 14 highly 119 

dynamic and heterogeneous soil-machine variables in situ. These included; Aurora Intelligent 120 

Metaheuristic (AIM), Artificial lemming algorithm (ALA), Bobcat Optimization Algorithm (BOA), 121 

Bacteria phototaxis optimizer (BPO), Chicken Swarm Optimization (CSO), Enzyme Action 122 

Optimizer (EAO), Grizzly Bear Fat Increase Optimizer (GBFIO), Gazelle optimization algorithm 123 

(GOA), Grey Wolf Optimizer (GWO) Harris hawks optimization (HHO), Hippopotamus 124 

Optimization Algorithm (HO), Jellyfish Search Optimizer (JSO), Mantis Shrimp Optimization 125 

Algorithm (MShOA), Osprey Optimization Algorithm (OOA), Parrot Optimizer (PO), Pufferfish 126 

Optimization Algorithm (POA), reindeer cyclone optimization algorithm (RCOA), Secretary bird 127 

optimization algorithm (SBOA), Swift Flight Optimizer (SFO), Snake optimizer algorithm (SO), 128 

Walrus Optimization (WAOA), Warthog Optimization Algorithm (WartOA), Wolf-Bird Optimizer 129 

(WBO), Whale Optimization Algorithm (WOA) and White Shark Optimizer (WSO). 130 

1.1 Novelty of the research  131 

The novelty of this study is fourfold. First, the work presents one of the most rigorous machine 132 

learning evaluations of recent nature-inspired optimization algorithms for boosting the 133 

performance of CatBoost ensemble learners. The study developed  a set of 25 new hybrid 134 

CatBoost ensemble learning models based on the latest nature-inspired metaheuristic 135 
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optimization algorithms to achieve intelligent engineering decision support in off-road machinery 136 

systems. Secondly the study builds and proposes a robust, efficient and high-performance 137 

hybrid EAO-CatBoost machine learning framework, with high predictive accuracy, computational 138 

efficiency, and exceptional generalization capacity in unseen data for predicting drawbar load. 139 

Thirdly, it embeds SHAP-based explainable hybrid artificial intelligence (XHAI) to enhance the 140 

transparency and engineering interpretability of the hybrid EAO-CatBoost machine-learning 141 

model. Lastly, it develops an intelligent Python-based user-friendly GUI for practical 142 

implementation and deployment of EAO-CatBoost model. 143 

1.2 Significance of the study 144 

Under highly dynamic soil-machine operating conditions, intelligent, real time  drawbar load 145 

prediction is fundamental for accurate design, selection, and optimization of off-road machinery 146 

and traction systems. The study highlights the potential of nature-inspired optimization 147 

algorithms to improve the predictive intelligence, robustness, and explainability of ensemble 148 

machine learning models for complex engineering applications and established hybrid EAO-149 

CatBoost as highly generalizable framework for HDb prediction. Integrated SHAP-based hybrid 150 

AI interpretability established tractive force as the dominant variable in drawbar load dispersion, 151 

thereby generating valuable engineering knowledge that enhances interpretability of AI-assisted 152 

decisions by the hybrid EAO-CatBoost model. Finally, deployment of the Python-based GUI 153 

provides a transparent and highly accurate decision-making support tool for intelligent off-road 154 

machinery systems and precision engineering. This enables practical implementation of the 155 

EAO-CatBoost model,  translating the research into real-world practice for off-road engineering 156 

applications by engineers, researchers, and off-road agricultural machinery practitioners. 157 

2. Materials and methods 158 

2.1 Experimental database creation 159 

A remotely monitored drawbar load dynamometer was logged into a laptop device and coupled 160 

to the drawbar of the research tractor and the front tow-end of the auxiliary tractor. A 2-tine deep 161 

strip tiller was then fitted with heavy-duty shear pins and limbered up on the three-point hitch of 162 

the auxiliary tractor. The engine was cranked at 1500 rpm, and the tillage locomotion engaged 163 

in a completely randomized combination of quintuplet (5) tire inflation pressures (PTire), 164 

quadruplet (4) rear wheel loads (WLoad), and (4) strip tillage depth (Tdepth), and the drawbar 165 

dynamometer decoupled after sequential triplications (240). These included PTire levels of 110.4, 166 

151.8, 193.2, 234.6, 275.8kPa; WLoad levels of  1.3, 11.8, 12.3, and 12.8kN; Tdeth levels of 1-10, 167 

10-20, 20-30, and 30-40cm. The total tractive thrust (Ftr), implement draft force (FD), rolling 168 

resistance force (FRr), soil-tire patch contact area (AStc), wheel rut depth (Rdepth), wheel slippage 169 
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(SWheel), and fuel injection rate (ØFuel) were obtained for each combination of wheeling load, 170 

tillage depth, and tire inflation pressure levels. The technical specifications of the research tractor 171 

and tires are shown in Table 1. At the same time, soil parameters for each treatment were 172 

established using in situ and standard laboratory procedures to determine soil cone index (CIsoil), 173 

soil shear strength (τShear), soil moisture content (θSoil), soil bulk density (γSoil), and soil plasticity 174 

index (IPSoil) for every replica, yielding a database of 3360 values (240 sets of 14 soil-machine 175 

values). 176 

 Table 1 Key technical specifications of the research tractor 177 

                  Particulars/parameters Specifications/dimensions 

Tractor 

Make and model CASE IhJXM 90 HP, FPT S 

8000Model series and type Farmall, 4WD 
Engine type/aspiration 4-cylinder, turbocharged 

aftercooledEngine rated power and r.p.m  88hp/65.7kW @ 2300rpm 
Maximum engine torque 4000Nm @1300 rpm 
Front Axle 2WD/4WD 
Rear axle Heavy-duty straight axle 
Static weight and  standard ballast weight 

4WD

3600kg, 3250kg 
Max Lift capacity and ground clearance  2500kg, 436mm 
Wheelbase 4WD,2WD 2258, 2283mm 
Overall dimensions (LxWxH) 4131x2087x2589mm 

Rear 

tire 

Tire size (width and rim diameter) 18.4-30 
Ply rating, Brand, and type 14-ply, BKT, TT 
Pattern name and type construction TR-136 Heavy-duty, Crossply 
Speed weight index and speed radius 

index

151A6, 725 
Section width and overall diameter (mm) 465, 1545 
Static loaded radius (mm)  712 
Rolling circumference and tire weight 4719mm, 94.67kg 

2.2 Database pre-processing 178 

2.2.1 Normalization and variable scaling 179 

Since the database contained disparate units and ranges for various input variables, a data 180 

normalization procedure was implemented to achieve feature scaling. All numerical features 181 

were scaled using z-score normalization, which linearly transformed each feature to a 182 

standardized range (0-1), using Eq. 1 [15]. This method helped avoid exploding gradients and 183 

maintain directionality, thereby enhancing computational efficiency by ensuring algorithms 184 

sensitive to feature magnitudes perform effectively. This step was also critical for metaheuristic 185 

optimizers like the Bobcat Optimization Algorithm (BOA), distance-based algorithms, and 186 

gradient-descent-based optimizers, as it prevents features with larger numerical scales from 187 

dominating the search space, causing biased weight updates and slowed convergence while 188 

mitigating regression multicollinearity.  189 𝑥′ = ௫|௫|2 = ௫√∑ ௫೔2೙೔=1       (1) 190 
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where (|𝑥|2) is the Euclidean norm of the vector (x). 191 

2.2.2 Correlation and multi-statistical dependency 192 

Python-based Seaborn data visualization library was adopted to analyze and visualize the 193 

dynamics of correlations among variables, given its inherent graphical capabilities, thereby 194 

facilitating a more interpretative and transparent understanding of the modelling datasets. The 195 

quantitative measure of interrelationships among dataset variables and their levels of strength, 196 

directionality, and linear relationship among and between the variables and HDb was evaluated 197 

using Pearson's correlation (r) as shown in Eq. 2 [16]. 198 

ݎ = ∑ (௫೔−௫̅)೙೔=1 (௬೔−௬̅)√∑ (௫೔−௫̅)2.∑ (௬೔−௬̅)2೙೔=1೙೔=1      (2) 199 

where n, xi, yi, x̄, and ȳ are the number of datapoints, individual datapoint variables, and their 200 

respective sample means of x and y. Multivariate assessment of dual input-output variable 201 

dependencies, tripartite and multipartite interdependencies, and dependencies were evaluated 202 

with the Partial Mantel test using the  “fortify_mantel” function in the “ggcor” and “vegan” 203 

packages of the statistical software R. The distant dissimilarity or similarity relationships between 204 

two variables on the HDb, while controlling the effect of a third variable, were evaluated by 205 

computing the partial correlation coefficient (rAB.C) using Eq. 3 [17]. 206 ݎ஺஻.஼ = ௥ಲಳ−(௥ಲ಴.௥ಳ಴)√(1−௥ಲ಴2 )(1−௥ಳ಴2 )       (3) 207 

where rAB, rAC, and rBC are the Mantel correlations between soil-machine interaction variables A 208 

and B, A and C, and B and C, respectively, while rAB.C defines the correlation remaining between 209 

A and B after the linear influence of C is discarded. 210 

2.3 Hybrid CatBoost modelling  211 

2.3.1 Base learner CatBoost model development  212 

A CatBoost library was created, and the base learner was implemented in a Visual Studio Code® 213 

environment using Python®, and the model was interpreted using the Scikit-Learn® framework. 214 

The Base-CatBoost learner was then executed by mathematically representing the given set of 215 

training datasets containing N samples with M features, where each sample was denoted as (xi, 216 

yi), with xi being the vector of M features and yi the corresponding target variable. CatBoost was 217 

then trained on the datasets to learn the function F(x) for predicting the target variable (y), the 218 

HDb, by summing the initial guess with multiple products of summations over the ensemble trees 219 

and over the training samples using Eq. 4 [18]. 220 ܨ(𝑥) = (𝑥)0ܨ + ∑ ߟ ௠݂(𝑥௜)ெ௡=1       (4) 221 
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where F0(x) is the initial or baseline guess, M is the total number of trees in the ensemble, ߟ is 222 

the learning rate, while fm(xi) is the prediction of the mth tree for the ith training sample. The final 223 

base learner CatBoost model was defined based on the gradient boosting algorithm and 224 

represented by a collection of decision trees, as shown in Eq. 5 [18]  225 ܨ(𝑥) = ∑ ௜ℎ௜௡௜=1ߟ (𝑥)        (5) 226 

where ηi and hi (x) are the learning rate and decision trees for the ith sample, respectively. During 227 

modelling, the error gradients updated the learning algorithm using an unbiased gradient (ẟu) 228 

computed using Eq. 6 [1] 229 ẟ௨ = ∆௅∆ி(௫೔)|ಷ=ಷ̅        (6) 230 

where L and F(xi)  are the ith cost function and predicted values, respectively. To avoid data 231 

leakage, the target statistic method was used for numerical encoding in the CatBoost algorithm 232 

and for conversion of the category features (14 soil-machine variables), implemented using Eq. 233 

ߤ 234 .[1] 7 = ௖௟௔௦௦೎೚ೠ೙೟+௣௥௜௢௥ ௫ ఓ0௖௢௨௡௧+௣௥௜௢௥        (7) 235 

where class_count  is the total number of samples in each class, prior is the smoothing 236 

parameter, and µ₀ is the targeted mean. Further, during learning and predictive modelling, 237 

overfitting was optimized using tree depth and L2 regularization approaches defined by Eq. 8 238 

and Eq. 9, respectively [19] 239 ܦ௉௘௡௔௟௧௬ = ௠௢ௗ௘௟‖22ݓ‖ 𝑥݀஼௨௥௥        (8) 240ߚ = ∑ ௜2௡௜=1ݓ        (9) 241 

where Dpenalty, ߚ, and dcurr are the depth penalty, penalty coefficient of depth, and current tree 242 

depth, while wmodel, n, and wi are the weight vector, total model weights, and the weight of the ith 243 

variable in the leaves of the decision tree. The underlying patterns and interrelationships among 244 

experimental datasets (WLoad, Rdepth, Ptire, AStc, FRr, SWheel, Tdeth, FD, ØFuel, CIsoil, τShear, θSoil, γSoil, 245 

and IPSoil) were all employed to train and constitute drawbar load predictions of the base learner 246 

using algorithm implementation, model selection, fitting, and evaluation tools in the Scikit-Learn® 247 

library. 248 

2.3.2 Integration and fine-tuning of Base-CatBoost with nature-inspired algorithms 249 

Algorithm selection and hyperparameter tuning influence the convergence behavior, model 250 

performance, and generalization ability of hybrid CatBoost machine learning approaches. In this 251 

study, the Base-CatBoost learner was hybridized using 24 Python-based nature-inspired 252 

metaheuristic algorithms. During modelling, auto-heuristic tuning was deployed to automatically 253 

establish the optimal hyperparameters for the developed hybrid ML algorithms. Randomized 254 
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search CV and the grid search CV techniques were sequentially executed in the modelling library 255 

for all ML algorithms to perform critical hyperparameter tuning and optimize model performance. 256 

The Scikit-Learn GridSearchCV function was deployed to perform exhaustive exploration search 257 

of estimators over specified grids with a range of combined hyperparameter values optimized by 258 

cross-validated grid-search over the parameters, and to evaluate model performance for 259 

different combinations of various hyperparameters using CV. This exhaustive search ensured 260 

that all possible combination approaches within the grid were considered. At the same time, a 261 

randomized search CV was used to randomly sample a specified number of hyperparameter 262 

combinations from a specified distribution defined by prior knowledge of the hyperparameter 263 

space. Random search hyperparameter combination sampling enabled the discovery of better 264 

performance configurations within the grid. During tuning, hybrid Catboosting iterations were 265 

determined by the number of ensemble decision trees, model complexity, and the model's 266 

learning capacity. The learning rate was determined by the step size upon which the weight 267 

update of each ensemble tree was based. Maximum tree depth controlled the complexity of 268 

individual decision trees and governed their capability to capture complex, intricate patterns 269 

within the soil-machine datasets. The strength of  2ܮ regularization was adopted to determine 270 

the penalties applicable to the weights of the tree leaves to prevent overfitting for enhanced 271 

model generalization. Table 2 presents details of the various algorithms and the newly developed 272 

hybrid CatBoost models optimized in this study. All models were trained on HDb experimental 273 

data obtained from tillage datasets, and their predictions were compared using statistical 274 

accuracy and robustness metrics.  275 

Table 2 Base-CatBoost learner, nature-inspired algorithms, and the developed hybrid CatBoost 276 

models 277 

  Algorithm 
Year 
developed 

Reference 
New hybrid models 
developed in this 

study 

Base-CatBoost 2017 Prokhorenkova et al. [20] - 
Aurora Intelligent Metaheuristic (AIM) 2025 Fakhouri et al. [21] AIM- CatBoost 
Artificial lemming algorithm (ALA) 2025 Xiao et al. [22] ALA-CatBoost 
Bobcat Optimization Algorithm (BOA) 2024 Benmamoun et al. [23] BOA- CatBoost 
Bacteria phototaxis optimizer (BPO) 2023 Pan et al. [24] BPO-CatBoost 
Chicken Swarm Optimization (CSO) 2014 Meng et al. [25] CSO- CatBoost 
Enzyme Action Optimizer (EAO) 2025 Rodan et al. [26] EAO- CatBoost 
Grizzly Bear Fat Increase Optimizer 
(GBFIO) 2025 Dehghani et al. [27] GBFIO- CatBoost 

Gazelle optimization algorithm (GOA) 2023 Agushaka et al. [28] GOA-CatBoost 
Grey Wolf Optimizer (GWO) 2014 Mirjalili et al. [29] GWO-CatBoost 
Harris hawks optimization (HHO) 2019 Heidari et al. [30] HHO-CatBoost 
Hippopotamus Optimization Algorithm 
(HO) 2024 Amiri et al. [31] HO- CatBoost 



10 

 

Jellyfish Search Optimizer (JSO) 2021 Chou & Truong [32] JSO- CatBoost 
Mantis Shrimp Optimization Algorithm 
(MShOA) 2025 Sánchez Cortez et al. [33] MShOA- CatBoost 

Osprey Optimization Algorithm (OOA) 2023 Dehghani & Trojovský [34] OOA- CatBoost 
Parrot Optimizer (PO) 2024 Lian et al. [35] PO-CatBoost 
Pufferfish Optimization Algorithm 
(POA) 2024 Al-Baik et al. [36] POA- CatBoost 

reindeer cyclone optimization 
algorithm (RCOA) 2025 Chaudhary & Rawal [37] RCOA-CatBoost 

Secretary bird optimization algorithm 
(SBOA) 2024 Fu et al. [38] SBOA-CatBoost 

Swift Flight Optimizer (SFO) 2025 Kareem et al. [39] SFO- CatBoost 
Snake optimizer algorithm (SO) 2022 Hashim & Hussien [40] SO-CatBoost 
Walrus Optimization (WAOA) 2023 Trojovský & Dehghani [41] WaOA-CatBoost 
Warthog Optimization Algorithm 
(WartOA) 2025 Das et al. [42] WartOA- CatBoost 

Wolf-Bird Optimizer (WBO) 2025 Azizi et al. [43] WBO-CatBoost 
Whale Optimization Algorithm (WOA) 2016 Mirjalili & Lewis [44] WOA- CatBoost 
White Shark Optimizer (WSO) 2022 Braik et al. [45] WSO-CatBoost 

 278 

2.4 Performance evaluation of hybrid CatBoost models 279 

2.4.1 Statistical accuracy /error evaluation metrics 280 

Various statistical error metrics were adopted to evaluate the accuracy of hybrid CatBoost 281 

ensemble models in predicting drawbar pull, as shown in Eqs. 10-23 [46, 47, 48]. The coefficient 282 

of multiple correlation (R) and the coefficient of determination (R2) were used to assess the 283 

accuracy and strength of the relationships between the predicted and observed values for both 284 

the hybrid models and the base learner, using Eqs. 10 and 11. R2adjusted modifies (R²) to 285 

account for the number of predictors by penalizing the inclusion of irrelevant or redundant 286 

variables, making it more reliable for comparing hybrid machine learning models (Eq. 12). 287 

Further, explained variance score (EVS) was adopted to evaluate how best the hybrid models 288 

accounted for the variability in the actual HDb and assessed the extent to which the model’s 289 

captured variance in the predicted HDb as shown in Eq. 13. Relative absolute error (RAE) was 290 

used to establish relative magnitude of absolute prediction errors of the hybrid models compared 291 

to the Base-CatBoost learner. In contrast, the Relative Root Mean Square Error (RRMSE) was 292 

used to quantify and evaluate the relative prediction accuracy of the hybrid models compared 293 

with the base learner (Eq. 14-15). Root Mean Square Relative Error (RMSRE) was adopted as 294 

a performance measure to penalize larger errors and determine the average magnitude of 295 

prediction errors relative to the true values and is an important metric in machine learning and 296 

regression modeling in agricultural engineering applications, especially where scale-297 

independent evaluation is considered (Eq. 16). Normalized root mean square error (NRMSE) 298 
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was adopted as a standardized percentage metric for comparing HDb predictions accuracy of the 299 

models across training and testing datasets by normalizing the RMSE using the range, mean, 300 

or standard deviation (σ) of the actual HDb as shown in Eq. 17. The weighted mean absolute 301 

relative percentage Error (WMAPE) was used to assess how large the HDb prediction errors were 302 

relative to the actual HDb values (Eq. 18) while Variance accounted for (VAF) was adopted to 303 

quantify the proportion of variance in the actual HDb that is explicative in the model predictions, 304 

thereby indicating the model’s accuracy in capturing the underlying dataset variabilities (Eq. 19). 305 

The coefficient of variation (CV) as shown in Eq. 20, was adopted as a statistical measure of 306 

relative variability of  the precision, stability, and consistency of model predictions and 307 

performance across different datasets  and simulation runs, as opposed to just the absolute 308 

error. The Scatter Index (SI) was adopted to normalize the RMSE by the mean of observed HDb, 309 

providing a scale-independent performance measure that facilitated consistency in relative 310 

performance comparison of the models, across the training and testing datasets (Eq. 21). 311 

Further, Performance Index (PI) merges error evaluation metrics, R2 and RMSE and constitutes 312 

a balanced ratio of combined modeling performance allowing comprehensive comparison of 313 

various models directly. Rather than a single error component, PI, as shown in Eq. 22, integrates 314 

several metrics to evaluate the overall quality, accuracy, and efficiency of machine learning 315 

models.  Hybrid models with larger PI values exhibit greater accuracy, reliability, and overall 316 

predictive performance [49, 50]. Also, prediction accuracy (PA) is a statistical measure of data 317 

mining and machine learning models adopted in this study to assess how well the model would 318 

forecast outcomes with new, unseen or future data (Eq. 23). All the statistical metrics allowed for 319 

evaluation and comparison of hybrid Cat Boost models based on accuracy, efficiency, and 320 

performance robustness and superiority providing a decisive scientific basis for adopting one 321 

hybrid model over others.  322 R = ∑ (HDbP−HDbP)(HDbA−HDbA)ni=1√∑ (HDbP−HDbP)2x ∑ (HDbA−HDbA)2ni=1ni=1     (10) 323 

ܴ2 = ∑ (ுವ್ು−ுವ್ಲ)2೙೔=1∑ (ுವ್ು−ுವ್ಲ)2೙೔=1 2ܴ ݀݁ݐݏݑ݆݀ܣ 324  (11)       = 1 − (1−ோ2)(௦−1)ௌ−ி−1 ܸܵܧ 325 (12)      = 1 − ௏௔௥(ுವ್ಲ−ுವ್ು)௏௔௥(ுವ್ಲ) ܧܣܴ 326 (13)       = ∑ |ுವ್ು−ுವ್ಲ|೙೔=1∑ |ு஽௕ಲ−ு̅ವ್ಲ|೙೔=1       (14) 327 

RRMSE = 1|H̅DbP| √∑ (HDbA−HDbP)ni=1 n      (15) 328 
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ܧܴܵܯܴ = √1௡ ∑ (ுವ್ಲ−ுವ್ುுವ್ಲ )2
     (16) 329 NRMSE = ோெௌாெ௔௫ுವ್ು−ெ௜௡ுವ್ು      (17) 330 ܹܧܲܣܯ (%) = ∑ |ுವ್ಲ−ுವ್ು|೘೔=1∑ |ுವ್ಲ|೘೔=1 𝑥100    (18) 331 ܸܨܣ = (1 − ௩௔௥(ுವ್ಲ−ுವ್ು)௩௔௥(ுವ್ಲ) ) 𝑥100     (19) 332 

CV = √∑ ((HDbp−HDbp)2n−1 )ni=1
(∑ HDbAni=1n )  or  CV = RMSEMean x100   (20) 333 

ܫܵ = ோெௌாு̅ವ್ಲ         (21) 334 PI = RRMSE1+R   or   PI = ோ2RMSE      (22) 335 PA = [1 − (1n ∑ |HDbA−HDbP|HDbAni=1 )] x100    (23) 336 

where n is the number of HDb variables, HDbP, and ̅ܪ஽௕௣ are the predicted HDb and its 337 

corresponding mean, while HDbA and ̅ܪௗ௕஺ represent the actual experimental and mean of actual 338 

HDb, respectively. S and F are the numbers of samples and features, respectively. The ideal 339 

values and accuracy metrics criteria are shown in Table 3. 340 

    Table 3  Performance evaluation criterion of accuracy metrics 341 

Accuracy metrics Ideal criteria/Perfect prediction value 

R, R2, R2adjusted, EVS,  1 

RAE, RRMSE, RMSRE, NRMSE, SI, PI, WMAPE 0 

VAF, PA 100 

CV 

<10% (Excellent consistency/Low variation), 
10-20% (Good/Acceptable/Moderate 
variation), 
20-30% (Acceptable in some fields), 
>30% (Poor consistency/High variability).  342 

2.4.2 Robustness metrics 343 

Robust regression loss functions were implemented to establish a hybrid CatBoost model that 344 

converges fast and has reliable resistance to outliers in handling HDb predictions. These included 345 

Mean Squared Error (MSE) and Root Mean Square Error (RMSE), Mean Absolute Error (MAE), 346 

Median Absolute Error (MedAE), Huber loss (Lδ),  and Log-Cosh loss (LCL) as shown in Eqs 347 

24-29. The MSE and  RMSE were essential for assessing the quality of predictions,  evaluating 348 

overall prediction accuracy, and measuring global goodness-of-fit of the models (Eq. 24-25). 349 

Further, MAE was adopted to capture absolute errors, quantify the average magnitude of 350 

prediction errors and evaluate overall prediction accuracy (Eq. 26). At the same time, MedAE 351 
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(Eq. 27), was adopted to measure the median of all absolute differences between predicted HDb 352 

and actual values making it a robust model evaluation metric against outliers and is used as the 353 

"gold standard" for post-training validation of models in noisy environments like soil-machine 354 

analysis due to its high invariant to extreme values [51]. Further, the Huber loss (Lδ) function 355 

was adopted as a robust regression loss function that combines the sensitivity of MSE to small 356 

drawbar load residuals with the resilience of MAE to extreme values, making it particularly 357 

suitable for evaluating prediction robustness of  CatBoost models, as shown in Eq. 28 [52]. 358 

Similarly, the Log-Cosh loss (LCL) approximated MSE for small residuals and behaved like MAE 359 

for large residuals, demonstrating robustness to extreme deviations as shown in Eq. 29 [53]. 360 ܧܵܯ = ∑ ஽௕஺ܪ) − ஽௕௉)2௡௜=1ܪ ܧܵܯܴ 361 (24)       = √∑ (ுವ್ು−ுವ್ಲ)೙೔=1 2௡ ܧܣܯ 362 (25)       = 1௡ ∑ ஽௕௉ܪ| − ஽௕஺|௡௜=1ܪ ܧܣ݀݁ܯ 363 (26)       = ஽௕஺ܪ|)݊ܽ݅݀݁ܯ −  ஽௕௉|)     (27) 364ܪ

,ௗ௕஺ܪ)ఋܮ (ௗ௕௉ܪ = { 12 ,஽௕஺ܪ) ,஽௕஺ܪ|    ݎ݋݂          ,஽௕௉)2ܪ |஽௕௉ܪ ≤ ߜߜ ∙ ,஽௕஺ܪ|) |஽௕௉ܪ − 12 (ߜ , ,஽௕஺ܪ| ݎ݋݂ |஽௕௉ܪ ≴  365 (28)    ߜ

,஽௕஺ܪ)ܮܥܮ (஽௕௉ܪ = 12 ∑ ஽௕௉ܪ)ℎݏ݋ܿ)݃݋݈ − ஽௕஺))௡௜=1ܪ    (29) 366 

where n is the number of HDb variables, HDbP, and ̅ܪ஽௕௣ are the predicted HDb and its 367 

corresponding mean, while HDbA and ̅ܪ஽௕஺ represent the actual experimental and mean of actual 368 

HDb, respectively. S and F are the number of samples and features, respectively. Small and large 369 

error boundaries are defined by the positive hyperparameter value (δ),  while log (cosh) is the 370 

natural logarithm of hyperbolic cosine. The ideal values of MSE, RMSE, MAE, and medAE are 371 

zero [48], while low values of Lδ and LCL indicate minimal difference between predictions and 372 

actual HDb values, demonstrating that the model has effectively mitigated noise and outliers, and 373 

accurate predictions are preserved [54]. 374 

2.4.3 Score ranking and multicriteria selection of the best model 375 

Whenever the single best machine learning model cannot be conclusively established as the 376 

most superior model based on a set of statistical evaluation metrics, performance rank score 377 

analysis can be adopted as a decision-support approach. This method facilitates robust model 378 

selection in multi-criteria optimization problems, especially in heterogeneous and nonlinear 379 

systems such as soil–machine interaction modelling. In this study, each model was ranked 380 

across multiple statistical evaluation criteria (both accuracy and robustness statistical metrics) 381 

during training and testing phases. The aggregate ranking scores were then computed to obtain 382 
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a composite measure of overall performance for each model, enabling a more balanced 383 

assessment by accounting for trade-offs between competing performance metrics.   384 

2.4.4 Modelling regression error-characteristic analysis 385 

Regression error characteristic curve (REC) analysis was adopted to evaluate diagnostic 386 

accuracy and robustness of the 26 models by characterizing the residual error distributions of 387 

the models. REC curves were plotted with error tolerance (ε) on the x-axis against the 388 

corresponding percentages of predictions within the tolerance on the y-axis. The resulting curve 389 

estimates the cumulative distribution function of the error as the proportion of predicted HDb 390 

whose absolute errors fall within the specified tolerance, as expressed using Eq. 30. 391 ߝ = 1௡ ∑ 1௡1 ஽௕஺ܪ|) − |஽௕௉ܪ ≤  392 (30)      (ߝ

where ε is the error tolerance accuracy, n is the number of instances, HDbP, and HDbA are the 393 

predicted HDb and the actual experimental HDb, respectively. By varying ε from 0 to the maximum 394 

admissible error, the HDb REC curves capture the cumulative distribution function of absolute 395 

errors, thereby providing a complete depiction of model performance across different precision 396 

requirements and metrics. A key metric used to evaluate models in this study is the area over 397 

the REC curve (AOC) to quantify the prediction error, given by Eq. 31 [55]. 398 ܥܱܣ = ∫ [1 − ఌ೘ೌೣ0ߝ݀[(ߝ)ݕܿܽݎݑܿܿܣ      (31) 399 

Lower AOC values indicate superior model performance, while an ideal model exhibits a steep 400 

REC curve that rapidly approaches unity accuracy at minimal error tolerance, corresponding to 401 

near-zero AOC. The technique is useful for high-level modelling, for rigorous comparison of 402 

competing models to support error-tolerance-based decision-making, and for providing an 403 

interpretable linkage between application-specific performance and statistical accuracy 404 

constraints. An ideal model should exhibit a very small area over the curve (AOC = 1-AUC) and 405 

a high area under the curve (AUC), with its error curve achieving high accuracy levels (y-axis) 406 

while remaining steep and approaching parallelism with the y-axis, at minimal error tolerance (x-407 

axis), thus achieving maximum predictive power [56, 57]. 408 

2.4.5 Convergence generalization evaluation metrics  409 

Assessing generalization and identifying performance overfitting of hybrid models is critical, as 410 

they occur whenever there is excellent performance on the training data but underperform on 411 

unseen and new data. This is because the learning algorithm is exposed to noise and random 412 

and irrelevant patterns present in the new datasets, resulting in poor predictions. To assess 413 

model generalization ability and detect overfitting, two metrics were used, including 414 

generalization gap (G-gap) and perturbation stability score (PS). G-gap evaluates the difference 415 
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between the accuracy on the training versus test datasets and quantifies overfitting of machine 416 

learning models by measuring the performance deviation between the training and unseen data, 417 

as shown in Eq. 32 [58]. The perturbation score evaluates how slight changes in the training data 418 

affected predictions, whereby the most stable and robust models do not vary their outputs upon 419 

ingress of noise in the input data, as shown in Eq. 33 [59]. 420 ܩ௚௔௣ = ௧௥௔௜௡ܯ − ܵܲ ௧௘௦௧      (32) 421ܯ = 1௡ ∑ ஽௕௜ܪ̂| − ஽௕௉ܪ̂ |௡௜=1       (33) 422 

Where Mtrain and Mtest represent the evaluation metric, such as MSE or R2, while  ̂ܪ஽௕௜ and ̂ܪ஽௕௉  423 

are the original prediction and the prediction upon perturbation. High PS indicates high sensitivity 424 

to small input changes, suggesting poor robustness and the ingress of overfitting noise, while 425 

the lowest G-gap indicates better generalization ability without overfitting noise [60]. 426 

2.4.6 Taylor Analysis 427 

The Taylor diagram tool was used to graphically quantify, evaluate, and visually compare model 428 

performance by simultaneously integrating three statistical metrics, including the correlation 429 

coefficient (R), the standard deviation (σ), and the centered root mean square error (cRMSE) 430 

between model predictions and observed data. The diagram is based on the law of cosines, 431 

which links these three statistics via Eq. 34 [61]. In the diagram, the radial distance from the 432 

origin corresponds to the model’s standard deviation (σ), the angular position with respect to the 433 

x-axis represents R, while the distance between the model point and the reference point 434 

(observations) indicates the centered RMSE. Plotting multiple models on the same Taylor 435 

diagram enables rapid visual assessment of how well each model reproduces the observed 436 

variability, pattern similarity, and overall accuracy, thereby facilitating comparative performance 437 

evaluation and uncertainty analysis. In a Taylor diagram, a model that is positioned closer to the 438 

reference point (usually on the x-axis at a distance equal to the σ of the observed data) is viewed 439 

as more precise, as it shows reduced prediction error, stronger correlation, and better overall 440 

agreement with observed data [62] 441 ܴܿ2ܧܵܯ = ௉2ߪ + ஺2ߪ −  ஺ܴ     (34) 442ߪ௉ߪ2

Where cRMSE is the centered RMS difference, σP, σA are the standard deviations of the model 443 

predictions and actual experimental observations, while R is the correlation coefficient. 444 

2.5 SHAP analysis 445 

Machine learning Shapley Additive exPlanations (SHAP) was deployed to assess the complex 446 

drawbar load-generating behavior and to obtain insights into the dynamic impact of variables on 447 

the predictions by the most effective model. Further, the SHAP method was adopted to establish 448 
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how model predictions were produced from specific input variables and to understand which 449 

variables (features) were driving the results either positively or negatively and by what 450 

magnitude. For each feature, SHAP values corresponding to the variable effect on the prediction 451 

were computed, and the sum of SHAP values for all the features of a particular prediction was 452 

computed to account for the difference between the predicted value and the mean baseline 453 

values of the entire dataset. SHAP summary provided insights into the behavior of the EAO-454 

CatBoost model, showing the most important features globally, local prediction drivers, their 455 

impact, and the distribution of their effects. Positive and negative feature effects on the HDb are 456 

denoted by red and blue points, respectively [63]. The flowchart for the entire study is shown in 457 

Fig. 1. 458 

 459 

Fig. 1. Hybrid CatBoost model development and evaluation framework for the study 460 

3. Results and discussions 461 

3.1 Database normalization  462 

A normalized database combining the features of a box plot and a kernel density plot using violin 463 

plots is shown in Fig. 2, allowing visualization of the median, quartiles, and the full distribution 464 
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shape for a comprehensive comparison with non-normalized data. The violin plot shows the 465 

dataset with raw data values in their original scale, with the y-axis showing the raw absolute 466 

values, and the median indicating the central values. In contrast, the violin density shape 467 

indicates how the values are distributed and where the raw measurements are concentrated, 468 

focusing on the scale for magnitude comparison. The differences appear large because of scale. 469 

Further, Fig. 2(b) shows the comparison distribution of the datasets after database normalization. 470 

All the data were normalized to a new range of (0, 1) to reduce dispersion among variables and 471 

improve the convergence of CatBoost models. The y-axis represents standardized values 472 

(unlike raw units), and the distributions from different groups become more directly comparable, 473 

while shape differences become clearer, focusing on patterns in their distributions. Further, the 474 

violins are aligned around a common centre, and the median lines are similar across samples. 475 

The normalized database thus enabled shapes to be more comparable, and the differences now 476 

reflect true experimental variations rather than scale effects. Since the input variables were 477 

intrinsically heterogeneous in units and scales, normalizing the entire database improved data 478 

quality for model training and prediction comparison. 479 

  480 

                                  (a)                                                                                       (b)                                              481 

Fig. 2. Violin plot showing the distribution of multiple variables in the database before and after 482 

normalization for  (a) magnitude comparison of raw non-normalized data and (b) distribution 483 

patterns of the normalized database 484 

3.2 Data visualization in Pearson's and Partial Mantel test analysis 485 

The normalized database showed considerable Pearson and partial Mantel correlations and 486 

multicollinearity (r > 0.8). Fig. 3 shows a comprehensive visual display of relationships and 487 

correlation coefficients among the modelling variables, providing a more in-depth evaluation and 488 

understanding of data point distribution patterns. There was a strong positive correlation 489 
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between HDb with FTr (1.00), Tdepth (0.96), IpSoil (0.96), ØFuel (0.93), and Swheel (0.81). Further, the 490 

total HDb generated at the drawbar was significantly affected by the tractive thrust force  (FTr) 491 

generated by the tractive devices (dependent on wheel load), as greater Tdepth increased specific 492 

soil resistance, resulting in higher ground reaction forces, which increased the Swheel and ØFuel 493 

at higher HDb. Pearson correlation matrix further revealed interdependence among soil physical 494 

parameters, including CISoil, θSoil, γSoil, and IPSoil, reflecting the inherent multicollinearity among 495 

soil strength and consistency indicators. There was a strong positive correlation between Tdepth 496 

and IpSoil (0.99), ØFuel and Tdepth (0.98), IpSoil and ØFuel (0.97), ØFuel and Swheel (0.93), Wload and 497 

FRr (0.76), and a negative correlation between θSoil and γSoil (-1.00). This concludes that the 498 

variables will affect HDb, either directly or indirectly, at various levels of significance, and agrees 499 

with soil–tire interaction models that highlight the coupled nature of soil deformation and strength 500 

indices in predicting traction outcomes [64,65]. 501 

 502 

Fig. 3. Correlation among drawbar load prediction variables for CatBoost models. ∗denotes a 503 

statistically significant correlation (p<0.05), and the number of ∗ signs denotes the level of 504 

significance, i.e. ∗, ∗∗ and ∗∗∗ indicates p<0.05 at the 0.05 level, (p <0.01) at the 0.01 level, and (p 505 

<0.001) at the 0.001 level, respectively. The circular and elliptical contours with different numbers 506 

on the lines reflect the magnitude and direction of the correlations among the paired drawbar 507 

prediction variables. The confidence bounds of regression estimates are shown by the shaded 508 
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area around regressed lines of the scatter plot, indicating the variability of estimated regression 509 

scatter and the likely range of true regression lines. 510 

Partial Mantel test revealed highly significant correlations (ݎ ≥ 0.4, ݌ < 0.01) of HDb with FTr, 511 

Tdepth, τShear, and Swheel as shown in Fig. 4. These findings are consistent with traction studies 512 

and advances in terramechanics that identify soil mechanical resistance and soil-wheel interface 513 

dynamics as the dominant factors governing traction and drawbar performance in off-road 514 

agricultural field operations [66, 67, 68, 69]. In contrast, WLoad and PTire displayed weak or 515 

statistically insignificant relationships (݌ ≥ 0.05), suggesting minimal influence on HDb variations 516 

within the operational range of high-power range tractors tested. These findings emphasize that 517 

drawbar pull optimization under field conditions is predominantly determined by soil deformation 518 

behavior and soil-wheel contact mechanics, rather than by adjustments in load distribution or 519 

tire inflation pressure. This underscores the importance of observing soil strength and contact 520 

characteristics to enhance power transmission to the drawbar and minimize energy losses 521 

during field operations. Similar observations have been reported in experimental investigations, 522 

where inflation pressure and load adjustments contributed less to traction efficiency compared 523 

to soil strength and slip–sinkage effects [65, 69, 68,70] 524 

 525 

Fig. 4. Mantel test matrix illustrating and quantifying the correlations between HDb and dependent 526 

variables during tillage. Line thickness indicates the magnitude and strength of the correlation, 527 
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as well as the absolute value of Mantel's r statistic. While line colour reveals levels of statistical 528 

significance of the association and if the relationship is reliable (p-value),  with orange (P<0.01) 529 

and green (P≥0.01) 530 

3.3 Cognitive performance and selection of the most effective models 531 

After modelling the HDb with all the hybrid Cat Boost models, an important step was to identify 532 

the most effective model based on a robust criterion combining all evaluation metrics. 533 

3.3.1 Error /Accuracy evaluation matrix 534 

An accuracy matrix was adopted to facilitate a comprehensive assessment of accuracy levels 535 

achieved by all the models and their comparison with ideal metrics during training and testing. 536 

During training, the Base-CatBoost learner achieved the best metrics of R, R2, R2adj of 537 

0.999997, 0.999994, 0.999993, and the best RRMSE, NRMSE, CV, SI, PI of, 538 

0.000439,0.000267,0.000439, 0.000450, and  0.000219, respectively, as shown in Fig. 5a-d. 539 

However, OOA achieved the best EVS (0.999751) and RAE (0.006671) during training against 540 

the Base-CatBoost (EVS, 0.999488 and RAE, 0.006833). During testing, the base learner 541 

performed poorly while EAO-CatBoost achieved the best values of R2 (0.998361), R2adj 542 

(0.998008), EVS (0.998363), RAE (0.035851), RRMSE (0.021915), NRMSE (0.013083), 543 

CV(0.021915), SI (0.021915), and PI (0.10962). However, SBOA Cat Boost achieved the best 544 

R (0.999214) against the EAO-Cat Boost (0.999197) as shown in Fig. 5c-d. At the same time  545 

Fig. 5 e-f shows that Base-CatBoost achieved the best values of WMAPE (0.03508%) during 546 

training, while EAO CatBoost achieved the best during testing (1.72517%). However, all the 547 

models had WMAPE values under 5% and were all considered highly accurate in terms of 548 

WMAPE. Nonetheless, Base-CatBoost performed poorly in terms of VAF (99.94879%) 549 

compared to EAO Cat Boost (99.97418%), but both models lagged behind OOA-CatBoost 550 

(99.97514%) and WAOA-Cat Boost (99.97446%). In comparison, both SO-CatBoost and BOA-551 

Cat Boost (99.94582%) had the lowest values during training, as shown in Fig. 5g. However, 552 

during training, EAO CatBoost was the best model (VAF, 99.83626%) while the Base-CatBoost 553 

learner was the worst (VAF-99.63180%), as shown in Fig. 5h.  Although all the models had 100% 554 

PA during training, they declined during testing with CSO-CatBoost attaining the best values 555 

(98.75%) followed by EAO-CatBoost (97.50%). In comparison, the Base-CatBoost (91.25%) had 556 

the lowest values as shown in Fig. 5 i-j. This indicates that single accuracy metrics such as R 557 

and PA do not necessarily reflect modelling robustness and versatility in machine learning, 558 

especially when applied to unseen datasets. It can be observed that selecting a single best 559 

model across all accuracy metrics was not entirely conclusive, especially during training, and 560 
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the models did not achieve the ideal zero or unity values. This could be due to limitations, such 561 

as high sensitivity to dataset noise, necessitating the adoption of robustness metrics to ensure 562 

the selection of a model that maintains consistent and reliable performance even when inputs 563 

are perturbed, noisy, or unexpected. While accuracy measures how often a model is correct on 564 

a specific dataset, it often fails to provide a complete picture of reliability, especially in real-world 565 

or high-stakes scenarios. This necessitated further evaluation of the models using robustness 566 

metrics. The models were thus evaluated for robustness to achieve a trade-off, as accuracy 567 

metrics alone were inconclusive and could mislead the choice of the best model. 568 

 569 

(a)  training 570 
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 571 

b) training 572 

 573 

(c) testing  574 
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 575 

(d) testing 576 

  577 

(e) training                   (f) testing 578 

   579 
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(g) training                                                             (h) testing 580 

   581 

   582 

(i) training-prediction accuracy                                                                   (j) testing-prediction accuracy 583 

Fig. 5. Analysis of error/accuracy evaluation metrics of all the 25 models during training (a, c, 584 

e, g, i)  and (b, d, f, h, j) testing phases.  585 

3.3.2 Robustness metrics of hybrid models 586 

Fig. 6 shows the performance of all models across robustness metrics. During training the Base-587 

CatBoost performed the best in terms of MSE (1.58466e-08), Lδ (7.26453e-07), LCL (7.26448e-588 

07), RMSE (4.42285e-05), MAE (3.53502e-05), and MedAE (1.88020e-05). During testing, all 589 

25 hybrid models performed better than the Base-CatBoost model across all evaluation metrics, 590 

thanks to enhanced robustness in hyperparameter tuning and bias-variance trade-off, resulting 591 

in improved stability and reduced error on unseen data. EAO-CatBoost was the best model in 592 

terms of MSE (4.64297e-06), Lδ (2.32149e-06), LCL (2.32148e-06), RMSE (2.15476e-03), MAE 593 

(1.69626e-03), but was third best in terms of MedAE (1.88020e-05), preceding MSHOA-594 

CatBoost (1.42929e-03) and GWO-CatBoost (1.39589e-03). This deviation in medAE 595 

necessitated further evaluation of the model's accuracy and overfitting metrics, while focusing 596 

on performance score ranking. 597 
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   598 

(a) train 599 

 600 

             (b) test 601 

Fig. 6. Prediction robustness metrics for the Base-CatBoost learner and 25 hybrid CatBoost 602 

models 603 

3.3.3 Multi-metric accuracy and robustness score  ranking of the models  604 

Achieving ideal metrics and models across all evaluated accuracy and robustness metrics, using 605 

the complete set of criteria in all modelling phases, was not feasible in practice. This necessitated 606 

selecting the model that yielded the most optimized values, taking into account all error and 607 

robustness evaluation metrics across all modelling phases without compromising any indices. 608 
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The most important aspect is the need for the best hybrid model to strive and achieve 609 

performance values closest to the ideal values for all the metrics evaluated in the criterion. As 610 

such, it was necessary to obtain the best model by metric scoring and performance ranking of 611 

all the models. All computed metrics were programmatically ranked using a statistical 612 

performance scoring technique to provide a comprehensive comparison during training and 613 

testing based on their proximity to the ideal value for each metric. Metrics for which larger values 614 

indicate better performance, such as R, R2, and PA, were ranked in descending order, with the 615 

algorithm with the largest value receiving the highest ranking (in this case, 26 out of 26 models) 616 

and the algorithm with the smallest value receiving the lowest ranking (1). Metrics representing 617 

prediction error or dispersion, including RMSE, MSE, MAE, RRMSE, MARE, RMSRE, and CV, 618 

were ranked in ascending order, with smaller values indicating better performance. As such 619 

model metrics with an ideal target value were ranked based on the absolute deviation from the 620 

ideal values with those closest to the ideal reference point being assigned the best rank, while 621 

those with a monotonic optimum were ranked according to their optimization direction, with 622 

algorithms producing the most desirable lower or high values receiving the best ranks as they 623 

indicated reduced loss, reduced overfitting tendency, smaller train–test performance 624 

discrepancy, lower bias, and improved model reliability. The total score for each algorithm was 625 

computed separately by summing the individual error and robustness metric scores during the 626 

training and testing phases, along with the entire modelling diagnostics, as shown in Fig. 7. All 627 

the models were then ordered according to the scores from the training and testing performance 628 

metrics. Separate scores were calculated for training metrics and validation diagnostics, allowing 629 

the evaluation process to distinguish between algorithms that performed well on training data 630 

and those that generalized effectively to unseen test data. During training, the OOA-CatBoost 631 

performed best for all the metrics (train total score of 25) while the POA-CatBoost performed the 632 

least (train total score of 1). The Base-CatBoost learner model ranked 5th, preceded by SBOA, 633 

EAO, and ALA, as shown in Fig. 7a. During testing, the EAO-CatBoost performed best (test total 634 

score of 25). 635 

In contrast, Base-Cat-Boost ranked lowest (test total score of 1), as shown in Fig. 7b. Further, 636 

evaluating the models' metrics using a unified overall rank score across the entire modelling 637 

phases was necessary to establish algorithms that demonstrated stable behavior without 638 

excessive overfitting. To provide a comprehensive evaluation of model rank across the entire 639 

modelling cycle, a summary leaderboard was constructed by combining training and test scores 640 

for both accuracy and robustness metrics. This further enabled the selection of algorithms that 641 
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demonstrated strong predictive capability on unseen future data while maintaining stable 642 

behavior across the training and validation phases. The overall model ranking scores for the 643 

entire modelling phases were computed as the sum of the three stage-specific scores, as shown 644 

in Fig. 7c-e. Notably, OOA-CatBoost demonstrated the highest total metrics ranking during 645 

training (466), followed closely by SBOA-CatBoost (424) and EAO-CatBoost (422), ALA-646 

CatBoost (416), and the Base-CatBoost learner (409). At the same time, EAO-CatBoost 647 

achieved the best rank scores during testing with unseen data (488) while Base-CatBoost was 648 

ranked the least (19). Although the Base-Cat Boost learner ranked fairly among models during 649 

training as the fifth-best, it is worth noting that all the hybrid models performed better than the 650 

stand-alone Base-CatBoost during testing. This shows that the Base-CatBoost learner suffers 651 

reduced performance on unseen data due to poor generalization. Further, EAO-CatBoost ranked 652 

as the best overall model across all modelling phases (980), while the Base-CatBoost model 653 

(465) ranked 17th, and POA-CatBoost (201) ranked worst overall, at position 26 for the entire 654 

modelling cycle. Thus, the recently developed EAO algorithm, hybridized with the CatBoost 655 

learner, was the most effective hybrid model (EAO-CatBoost) and most reliably generalized on 656 

the training dataset for predicting HDb in agricultural tractors. 657 

 658 

(a)                                                                                            (b)     659 
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     660 

        (c)                                                                                              (d) 661 

  662 

(e) 663 

Fig. 7. Multi-metric scores for accuracy and robustness during (a) training, (b) testing  phases, 664 

and the total model rank during (c) training and (d) testing, and the (e) overall final model ranking 665 

for the entire modelling cycle 666 
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3.3.4 Regression  error characteristic curve (REC) 667 

To further establish a valid credit for selecting the EAO-CatBoost as the best model, we analyzed 668 

all 26 models using the model regression error characteristic curve (REC) across all modelling 669 

phases. REC curve generalized the model regression receiver operating characteristic (RROC), 670 

as shown in Fig. 8, thereby aiding in the interpretation of model performance by plotting error 671 

tolerance against the proportion of predictions falling within the given error tolerance. This 672 

resulted in a curve that estimates the cumulative distribution function of the error, and served as 673 

a robust diagnostic tool for confirming model performance, robustness, and stability. The REC 674 

curve afformed the robustness of all the models by computing the area over the curve (AOC)  675 

and the area under the curve (AUC) as key metrics for overall assessment of model 676 

performance, as they reflected cumulative distribution of prediction errors during training and 677 

testing phases respectively, illustrating the cumulative prediction proportions within various 678 

levels of error tolerances, visually depicting model accuracy and robustness in training and 679 

validation. The REC graphs values for Hybrid models generally reveal that hybrid-Cat Boosting 680 

not only enhanced the prediction performance of the optimized EAO-CatBoost model but also 681 

improved the performance of other hybrid boosting models above the Base-CatBoost learner 682 

during testing (Fig. 8). Overall, Base-CatBoost achieved the lowest AOC (0.054) during training 683 

(highest AUC) but the highest AOC  during testing (0.340), depicting the lowest AUC. Further, 684 

EAO-CatBoost achieved the lowest AOC (0.236), indicating the highest AUC during testing (Fig. 685 

8b) and the best error tolerances and stability with a narrow error distribution. 686 

In contrast, Base-CatBoost showed the highest AOC (0.34) during training, indicating the lowest 687 

AUC, the largest cumulative error, and the weakest predictive accuracy. The Base-CatBoost 688 

training curve indicates greater prediction uncertainty, lower accuracy, and stability. Compared 689 

to all hybrid models, EAO-CatBoost REC curves show the highest prediction accuracy at very 690 

low error tolerance, underscoring its reliability and robustness on unseen data. Further, the EAO-691 

CatBoost produced the steepest and longest REC curve, achieving the highest cumulative 692 

accuracy and demonstrating superior performance and generalization. This suggests strong 693 

predictive accuracy with minimal overfitting, indicating that EAO-CatBoost models can achieve 694 

high predictive accuracy within very small error bounds, reflecting strong generalization 695 

capability and fast convergence. 696 

In contrast, Base-CatBoost achieved low training errors, showing clear signs of overfitting, as 697 

evidenced by a lower AOC (0.034) during testing and a comparatively flatter REC curve at low 698 

AOC (0.054) during training. This further demonstrates the base learner model's memorization 699 

of the training data, highlighting its tendency to overfit and its limited ability to generalize to 700 
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unseen data. Fig. 8c compares the REC of the best model (EAO-CatBoost) with those of its top 701 

preceding models, with the Base-CatBoost learner showing the widest range of residual errors 702 

during testing, resulting in a slower increase in the cumulative distribution compared to the EAO-703 

CatBoost, which showed steeper curves indicating fewer residual errors during testing. Overall, 704 

EAO-CatBoost maintained superior generalization, achieving higher accuracy and consistently 705 

minimizing residual errors across all phases (8d). The results confirm that the EAO-CatBoost 706 

model was the most accurate, robust, and reliable for HDb prediction among the 26 models (25 707 

hybrid models and the base learner) evaluated in this study. 708 

   709 

(a)                                                                                             (b) 710 
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  711 

(c)                                                                                             (d) 712 

Fig. 8. Illustration of the regression error characteristic (REC) of all 26 models during (a) training, 713 

(b) testing, (c) comparison of the best three hybrid models, and (d) the selected model with the 714 

base learner. 715 

3.3.5 Model generalization and overfitting score 716 

Model generalization was assessed using the perturbation score (PS) and the Generalization 717 

gap (G-gap). The perturbation metric evaluated model stability by quantifying how a slight 718 

change in the input database (perturbation) is likely to alter predictions and was adopted to 719 

measure how the HDb prediction changes when inputs are slightly modified, analogous to 720 

heterogeneous conditions and future unseen events in field datasets. A high PS indicates that 721 

predictions are highly sensitive to small input changes, suggesting poor robustness and a higher 722 

likelihood of overfitting. This is because the model tends to capture noise rather than underlying 723 

patterns within the datasets. Conversely, a low PS indicates stable predictions, indicating that 724 

the model has learned generalized patterns and is more robust to variations in input data. The 725 

hybrid EAO-CatBoost model achieved lower PS (0.005) than the top preceding models obtained 726 

in REC curves GWO(0.12), OOA (0.08) and the CatBoost base learner (0.017), affirming resilient 727 

to dataset variations, improved robustness and reduced overfitting (Fig. 9a). Consequently, the 728 

model is better suited for deployment in real-world scenarios where dynamic drawbar datasets 729 

distributions deviate from the training set. Further, the G-gap performance score evaluated the 730 

models' performance on unseen data in practical applications, assessed and measured as the 731 
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MSE gap between the training and testing phases. The hybrid EAO-CatBoost achieved the 732 

lowest G-gap (4.545e-06), indicating better generalization ability. At the same time, a larger G-733 

gap in the Base-Cat Boost (1.042e-05) suggested ingress of overfitting (Fig. 9b). Further,  OOA-734 

CatBoost and GWO-CatBoost showed higher PS and G-gap closest to the Base-CatBoost and 735 

were eliminated for further evaluation. Nonetheless, the EAO-CatBoost was affirmed to be the 736 

best model across all evaluation metrics. 737 

 738 

                                         (a)                                                                                              (b)    739 

Fig. 9. Model performance overfitting evaluation using (a) Perturbation score and (b) 740 

generalization gap for the selected model (EAO-CatBoost) with the best of these models 741 

3.3.6 Taylor analysis 742 

Taylor analysis was adopted to assess the prediction performance of EAO-CatBoost and the 743 

standalone Base-CatBoost learner. Taylor plot simultaneously constitutes multiple statistical 744 

metrics in terms of R, normalized standard deviation (σ), and the centered root-mean-square 745 

difference (cRMSE) in a single polar plot, to visually compare measured reference and predicted 746 

values.  Fig. 10 shows that the EAO-CatBoost predicted HDb with σ = 0.05315 more closely to 747 

the reference σ of the measured database (0.05320) than the Base-CatBoost model σ = 0.05311 748 

during training. This indicates better agreement of the EAO-CatBoost with the observed 749 

variance, whereas Base-CatBoost shows a slight underestimation of variability. Further, the 750 

EAO-CatBoost and Base-CatBoost predicted HDb with σ values of 0.0529 and 0.0517, 751 

respectively, during testing. It can be observed that the EAO-CatBoost achieved a σ closer 752 

(0.0529) to the actual database ( 0.0532) than the Base-CatBoost model (0.0517) during testing. 753 

It is concluded that the prediction capabilities of  EAO-CatBoost improved the σ with unseen data 754 

by 0.0003 deviation difference, very close to the actual database, while the Base-CatBoost 755 

lagged by a larger margin (0.0015). At the same time, EAO-CatBoost achieved the strongest 756 
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correlations (R>0.9999)  during training and testing (0.9992) compared to Base-CatBoost 757 

(0.9997 train and 0.9985 test). Further, a lower cRMSD positions EAO-CatBoost closest to the 758 

reference point on the Taylor diagram during training (0.0009) and testing (0.0022), indicating 759 

superior agreement with actual observed data and overall predictive accuracy on unseen data. 760 

Conversely, Base-CatBoost is farther from the reference, reflecting higher dispersion and 761 

reduced agreement with the observed data during training (0.0012) and testing (0.0032). High 762 

prediction clustering to the reference point indicated superior predictive stability of EAO-763 

CatBoost in aligning its predictions closest to the measured values, suggesting a stronger 764 

capability in capturing the underlying variabilities in the HDb datasets. 765 

   766 

(a)                                                                                            (b) 767 

Fig. 10. Taylor plots showing comparison of Base-CatBoost and EAO-CatBoost models in (a) 768 

training and (b) testing phases. The points on the graph indicate the positions of the hybrid EAO-769 

CatBoost model's predictions relative to the base learner. The red line represents the standard 770 

deviation of the actual data. It serves as the experimental reference line, whereby models closest 771 

to it have predictions closest to the actual data, indicating high prediction accuracy. 772 

3.4 Comparative regression evaluation of hybrid EOA-CatBoost with the Base-773 

CatBoost 774 

3.4.1 Performance scatter and regression deviation 775 

Fig. 11 shows the regression scatter plot and deviation histogram for EAO-CatBoost and the 776 

Base-CatBoost learner during training and testing on the entire database, comparing the 777 

measured and predicted HDb. This detailed illustration enables evaluation of the accuracy and 778 

reliability of each model prediction, along with its associated actual, non-normalized prediction. 779 

EOA-CatBoost regressed its predictions closest to the experimental values, with a narrow 780 
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confidence interval and a 45-degree regression line, yielding the strongest agreement with 781 

observed HDb, the highest R (0.9999), and the lowest RMSE (0.0008569). Still, the Base-782 

CatBoost achieved the best MAE (0.0003233) during training. However, during testing, EAO-783 

CatBoost achieved the best values of R (0.9992), MAE (0.001696), and RMSE (0.002155) than 784 

the Base-CatBoost, with R (0.9985), MAE (0.002465), and RMSE (0.00323). At the same time, 785 

modelling with the entire database showed that the EAO-CatBoost performed best in both 786 

training (R=0.9999) and RMSE (0.0008569) and testing (R=0.9992, RMSE=0.002155) 787 

compared to Base-CatBoost during training (R=0.9997, RMSE=0.001205 and testing 788 

(R=0.9985, RMSE=0.00323. Conversely, EAO-CatBoost achieved the worst MAE in training 789 

(0.0003334) compared to Base-CatBoost (0.0003233) but achieved the best MAE in testing 790 

(0.001696) compared to Base-CatBoost (0.002465). However, compared to EAO-CatBoost, 791 

Base-CatBoost had the best MAE values during training cycles (Fig. 11a, b, e), but the worst in 792 

testing and the entire validation database, as shown in Fig. 11c, d, and f, respectively. This shows 793 

that the Base-CatBoost model learns the training data patterns (including noise) very well, but 794 

those patterns do not generalize to unseen test or validation data. It optimizes to fit the training 795 

data, inherently causing overfitting, and uses specialized categorical encodings and target 796 

estimators that are more precise on known data, computed from labels, leading to lower bias 797 

due to overfitting. However, when applied to an unseen test or validation dataset, where the 798 

memorized targets are unknown, it does not generalize or eliminate generalization gaps, leading 799 

to higher test MAE. Therefore, the model is inherently tailored to the unique structure of the 800 

training dataset and becomes precise only when applied to familiar patterns, but exhibits target 801 

leakage on unseen data. The model dispersion of EAO-CatBoost closely aligns strongly with 802 

unseen data, as shown by the regression 1:1 line (dots in the scatter plots), indicating more 803 

accurate predictions. Further, the slope values of the trendlines indicate that the predictions of  804 

HDb are closer to the measured values. Thus, the error histograms clearly show that the 805 

predictions are more accurate in EAO-CatBoost, potentially aligning more closely with the 806 

measured HDb than in Base-CatBoost, due to lower correlations between the measured and 807 

HDb predictions. At the same time, the relative error histograms of EOA-CatBoost predictions 808 

showed minimal deviations from all the measured values, revealing that the models converged 809 

the HDb predictions with consistent accuracy during validation tests. 810 
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 811 

(a)                                                                                            (b) 812 

 813 

(c)                                                                                            (d) 814 

 815 
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 816 

(e)                                                                                            (f) 817 

Fig. 11. Regression comparison of Hybrid EAO-CatBoost and the Base-CatBoost models during 818 

training (a-b), testing (c-d), and with the entire database ( e-f), respectively.  819 

3.4.2 Model training and prediction error residuals 820 

Prediction residual error plots of Base-CatBoost and EAO- CatBoost showed differences 821 

between the actual HDb values and the respective model predictions (Fig. 12). The modelling 822 

domain of EAO- CatBoost produced narrower, more tightly packed training and testing curves 823 

that were closely clustered around the actual HDb line, confirming higher model precision, 824 

consistency, and reduced variance susceptibility. Furthermore, the pattern of the EAO-Cat Boost 825 

absolute error line showed smoother residual dispersion and more evenly distributed prediction 826 

residuals, indicating reduced target leakage, less overfitting, and greater prediction stability. 827 

Conversely, the Base-CatBoost showed comparatively wider and irregular residual fluctuations 828 

around the actual HDb profile line, depicting weak precision and low residual stability. In certain 829 

prediction regions, the Base-CatBoost residual distribution curve showed greater error 830 

concentration due to localized error variability, suggesting poor hyperparameter tuning. This 831 

indicates under-optimized learning leading to reduced robustness in capturing the complex 832 

interactions that govern HDb predictions within the database. Thus, hybrid optimization of the 833 

base learner with EAO captured the complex nonlinearities in the datasets while reducing 834 

prediction bias. 835 
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 836 

Fig. 12. Prediction domain profile and error residuals of (a) Base-CatBoost and (b) EAO-837 

CatBoost 838 

3.5  SHAP analysis based on the EAO-CatBoost model 839 

3.5.1 Explainable feature importance based on EAO-CatBoost 840 

Explainable hybrid artificial intelligence (XHAI) machine learning based on Shapley Additive 841 

exPlanations (SHAP) analysis revealed the dynamic impact of variables on the predictions by 842 

the EAO-CatBoost model. Bee swarm plots provided a complex information-rich display of 843 

qualitative measures of both local and global model behavior and interpretability by combining 844 

both feature relative importance and impact directionality, revealing each feature's contribution 845 

to the output HDb, indicating whether it increases or decreases the final HDb prediction value and 846 

by how much and their global distribution across all predictions (Fig. 13a). Further SHAP 847 

framework decoder was applied to the entire dataset, to generate global Bee swam plots for 848 

extraction of feature importance as shown in Fig. 13b. Results visualize whether a feature 849 

increases (positive) or decreases (negative) the predicted value compared to the base rate 850 

(average prediction). SHAP values along the x-axis indicate a feature’s relative impact, while 851 

color gradients reveal the variable's magnitude. A strong positive or negative influence on HDb 852 

prediction is indicated by the concentration of red color points on the positive or negative axis, 853 
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respectively, and vice versa. Further, the distribution of the feature point values on the x‑axis 854 

shows that high FTr contributes to positive prediction impact and low FTr contributes to negative 855 

prediction outcomes of HDb. Global Bee swarm SHAP summary revealed that FTr achieved the 856 

greatest distribution spread with positive pink points (highest values) and blue negative points 857 

(lowest values), indicating that higher FTr increases EAO-CatBoost drawbar pull predictions. In 858 

contrast, lower FTr values decrease drawbar predictions. However, both high θSoil and PTire 859 

showed deviations, with negatively clustered pink points contributing to negative prediction 860 

outcomes and lower θSoil and PTire positively clustered blue points contributing to positive 861 

prediction outcomes. This confirms that higher θSoil and PTire increased predictions. Additionally, 862 

each feature had a consistent impact as indicated by the vertical spread of points; CISoil, Tdepth, 863 

and τshear showed the greatest variability and thus the greatest influence on CatBoost model 864 

predictions across samples, while Rdepth and WLoad had the least. Further, Fig. 13(b) ranks the 865 

variables by their predictive power as indicated by the hierarchy of their mean absolute SHAP 866 

values. FTr dominated the predictive hierarchy (0.0168), higher (>50%) than the preceding CISoil 867 

(0.00732), indicating that tractive force is the single-most critical predictor of drawbar pull. 868 

Ranging from 0.00506 to 0.0168, Tdepth, IPSoil, CISoil, and FTr accounted for the greatest influence 869 

on the model predictions. At the same time, Rdepth (0.000569) and WLoad (0.0012) had minimal 870 

impact on the predictions with the lowest SHAP values (Fig.13b). The model relied primarily on 871 

tractive force, cone index, tillage depth, and soil shear strength to construe the drawbar loading 872 

estimate.  873 
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 874 

(a) 875 

 876 

Fig. 13. SHAP summary of (a) features and (b) feature importance and contribution plot to the 877 

hybrid model predictions for tractor drawbar pull by EAO-CatBoost model. Each point represents 878 

a sample, and the point’s color indicates the value of the corresponding instance; blue and pink 879 

denote low and high feature values, respectively. The X-axis shows the (SHAP) value of a 880 

specific feature, which signifies the feature’s effect on the prediction. An absolute higher SHAP 881 

value indicates a greater impact on the predicted HDb, and the sign indicates whether the average 882 

prediction increases or decreases. The Y-axis shows the arrangement of features in order of 883 

importance (high to low) from top to bottom, computed from average absolute SHAP values. 884 
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Opposing side feature values are shown as high (red) and low (blue) values. Pink points denote 885 

a higher positive or negative contribution, while blue points denote a lower positive or negative 886 

impact on the prediction. The vertical axis represents the prediction features of HDb ordered by 887 

their mean absolute SHAP values and their distribution rank according to their contribution to 888 

predictions.  889 

3.5.2 Waterfall and individual force plots explanations 890 

The SHAP-waterfall plot (Fig. 14) provides a visual interpretation of the local feature contributions 891 

to a single prediction instance. Each row indicates how the positive (pink) or negative (blue) 892 

contribution of each feature shifts the value from expected output (E[ f(x)]) to the model-predicted 893 

value (f (x)). f(x) = E( f(x))+ shapley value for each feature. The X-axis shows average SD, and 894 

the Y-axis the features arranged in descending order according to their SHAP values (from top 895 

to bottom) to visualize how much the features impacted either negatively (blue) or positively (red) 896 

and how that shifted the predictions from the expected outcome E[f(x)]. The values beside each 897 

feature row indicate the respective observed values. The SHAP force plots are also shown as 898 

horizontal projections of the waterfall plots, highlighting features that drive higher (pink) or lower 899 

(blue) drawbar pull predictions. For the first sample, the model output is f(x) = 0.027, and the 900 

expected final output is E[f(x)] = 0.097. Each feature influences this model's outcome deviation. 901 

The observed FTr =0.042 (normalized) provided a low negative contribution (-0.02), while IPSoil, 902 

CISoil, τShear, γSoil, and Tdepth all had negligible contributions (-0.01), cumulating into a low (-0.07) 903 

contribution, pointing to the negative predictions. In contrast, others had negligible (<0.005) 904 

negative contributions (θSoil, Swheel, ØFuel, FRr, WLoad, and Rdepth) and positive contributions (AStc, 905 

PTire) to the prediction, respectively. This demonstrated that the features push the predictions 906 

towards higher values primarily due to the largest contribution from tractive force, moderate 907 

contributions from soil plasticity, cone index, shear strength, soil bulk density, and tillage depth, 908 

while other features played supportive parametric roles in the complex prediction process. 909 

The corresponding SHAP force plot of Fig. 14 e  explains the key information on the predictions 910 

but in a more condensed format than the expansive waterfall plots that spare no detailed 911 

explainable behavior in the generalized predictions (a) and the 20th (b), 40th (c),60th (d), and 80th 912 

(e) percentile instances. Features that raised the HDb prediction above the base SHAP value 913 

(0.09651) have pink/red arrows pointing right, while those that pushed the HDb prediction lower 914 

from the base have blue arrows pointing left. The base value (0.09651) is the average HDb 915 

(normalized) in the database, and features with greater impact (larger SHAP values) have the 916 

longest arrows pushing the prediction instance from 0.09651(base) to 0.03, 0.08, 0.12, and 0.15 917 
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at the 80th percentile. The dominant blue section for FTr = 0.04248 visually indicates a strong 918 

negative contribution towards lower prediction, followed by IPSoil (0.09266) and CISoil (0.08299). 919 

The compact force plot shows  AStc (0.115) and PTire (0.061) on the left edge, with minimal positive 920 

impact towards higher HDb predictions. 921 

  922 

(a) Single sample 1(first per-centile)                              (b) Single sample 16 (20th per-centile) 923 

  924 

(c)  Single sample 32 (40th percentile)                           (d)  Single sample 48 (60th percentile) 925 

 926 
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  927 

(e)  Single sample 64 (80th percentile) 928 

 929 

(f) SHAP force plot on selected samples 930 

 931 

a 

b 

c 

d 

e 
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Fig. 14. SHAP analysis local explanations of waterfall plots (a-e)  and the corresponding 932 

interpretation force plots (a-e) for dominant features showing how the features drive the EAO-933 

CatBoost model predictions and the features’ impact on local instances. The x-axis shows the 934 

individual HDb predictions from the CatBoost model. E[f(x)] (0.097) represents the baseline value, 935 

indicating the model output of the entire dataset, and f (x) represents the individual model output 936 

for each feature. The y-axis represents the input features of the models.  937 

3.5.3 Prediction dependency scatter plot of EAO-CatBoost 938 

It was necessary to understand the true relationship between the model's dominant features and 939 

their prediction outcomes, because the Beeswarm plots were information-dense and provided 940 

broad SHAP values for many features at once. Fig. 15a-s shows the true dependence plots for 941 

the model features, revealing that the relationships between SHAP values and variable values 942 

were quite different for each feature. SHAP dependency plots showed inverse interaction effects 943 

and nonlinearities among features. SHAP values above the y=0 line (positive values) showed 944 

higher predictions of HDb, and vice versa (Fig. 15a). Positive values increase the prediction, while 945 

negative values decrease it. Lower levels of FTr (<0.1) favored low ØFuel and lower HDb 946 

predictions, while the combination of higher FTr levels (>0.1) consumed more Fuel and produced 947 

higher FTr predictions. At the same time, the CISoil-SWheel interactions showed that CISoil <0.12 948 

strengthened HDb discrimination, leading to lower SWheel predictions, while CISoil >0.12 at higher 949 

SWheel led to higher SWheel predictions. Fig 15c shows that Tdepth (<0.12) discriminated low (y<0) 950 

and high HDb predictions (y>0) with lower Tdepth(<0.12) leading to lower SWheel (y<0)  while higher 951 

Tdepth (>0.12) leading to higher SWheel at higher HDb predictions (y>0). Further, the τShear – SWheel 952 

interaction showed that τShear < 0.11 and low SWheel (<0.125) was an important discriminating 953 

factor for HDb (Y=0 line), as indicated in Fig.15d. IPSoil- SWheel responded in a similar trend to CISoil 954 

with SWheel. However, Fig. 15f clearly shows that the HDb predictions dramatically grow (y>0 line) 955 

when γSoil increases up to  0.11 at high FTr (0.14) and further increases to higher values at higher 956 

γSoil (0.12) even when FTr declines, but thereafter declines as FTr maintains moderately high 957 

values at higher γSoil (>0.13). However, HDb predictions are lowest at low values of FTr and SWheel, 958 

but increase as FTr and SWheel increase. This is more so as CISoil, Tdepth, τShear, and IPSoil 959 

increase forcing increased  ØFuel as deduced in figures 15a, b, c, d, and e. These interactive 960 

patterns are evidence of the high-precision discrimination aided by the hybrid EAO-CatBoost 961 

model, which captures complex nonlinearities across various combinations of model prediction 962 

features. 963 

 964 
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  965 

(a)                                                                                      (b) 966 

 967 

(c)                                                                                          (d) 968 

 969 

(e)                                                                                                   (f) 970 
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(g)                                                                                           (h)                        972 

 973 

(i)                                                                                                   (j) 974 

   975 

(k)                                                                                                   (l) 976 
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    (q)                                                                                                   (r) 982 
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 983 

(s) 984 

Fig. 15. SHAP dependency analysis for the six dominant features, coloured by the values of 985 

strongly interacting features. The plots reveal the influence of a feature value (x-axis) on the 986 

EOA-CatBoost prediction (y-axis: SHAP value). SHAP values (Y<0) and Y>0 indicate low and 987 

high predictions, respectively. Each point represents a single sample, and its color indicates the 988 

value of the second feature (secondary y-axis) to help visualize their multi-partite interaction. i.e., 989 

Effects of HDb prediction outcome by SHAP values (primary Y-axis) as affected by various model 990 

features.  991 

3.6 Decision path and attribution clustering of the EAO-CatBoost model 992 

The SHAP decision plot was adopted to visualize how a complex hybrid CatBoost model arrives 993 

at predictions by plotting the cumulative sum of SHAP values, showing how individual features 994 

move a prediction away from the model's base value (average prediction) towards the final 995 

prediction. SHAP decision path and attribution clustering pattern revealed heterogeneous 996 

decision making by the EAO-CatBoost model, providing more interpretable visualization of the 997 

modelling"path" that a data point takes through the drawbar predictions step by step, from the 998 

baseline (average prediction) to the final output (Fig. 16).  The EAO-CatBoost decision path 999 

encoding showed consistent structural partitions defined by shared traversal paths. In contrast, 1000 

attribution clustering revealed distinct patterns of feature attribution. Feature values are provided 1001 

for reference next to the prediction lines. Each line represents one sample of the testing datasets. 1002 

The prediction by a single sample depicted how the model arrived at the final prediction result 1003 

from the baseline value through the contributions of each feature and the cumulative influence 1004 

of each process variable on the output value of SHAP (predicted concentration value), providing 1005 

typical insights into the cumulative effect of the interaction and prediction path. Fig. 16a shows 1006 

how each feature shifted the prediction up or down relative to the average prediction, and the 1007 
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decision plot shows the step-by-step cumulative contribution along the prediction path. Fig. 16b 1008 

shows the feature-cluster heat map summarizing SHAP values across all prediction instances 1009 

and illustrates the contribution of each feature to the prediction in each instance. Positive and 1010 

negative prediction impacts are indicated in red and blue colors, respectively. The clustering 1011 

heatmap (Fig.16b) revealed two distinct model-cluster attribution patterns. The first positively 1012 

clustered samples (0-30) were associated with positive SHAP contributions from FTr, 1013 

corresponding to positive HDb predictions (f(x) > 0), while samples 38–80 (second cluster) were 1014 

characterized by negative SHAP contributions from FTr, corresponding to negative HDb 1015 

predictions (f(x) < 0). This means that whenever FTr has a negative SHAP value, the hybrid Cat-1016 

Boost ensemble model relies on the positive SHAP values from γSoil, AStc, ØFuel, FRr, θSoil, PTire, to 1017 

enhance predictions of HDb. This shows their significant role in the model output. Another notable 1018 

observation is that WLoad, when present, consistently contributes positively to the HDb prediction, 1019 

albeit with low impact. In contrast, Rdepth has no significant positive or negative impact on the 1020 

predictions. At the same time, whenever γSoil, AStc, ØFuel, FRr, θSoil, PTire have a negative or positive 1021 

contribution, the FTr,  IPSoil, CISoil, τShear, Tdepth, and Swheel always contribute positively with SHAP 1022 

values changing accordingly. This pattern confirms the dynamic heterogeneity of soil and 1023 

machine variables. However, FTr shows the most pronounced, deep red and blue colour intensity 1024 

variations, indicating the largest magnitudes and substantial differences across prediction 1025 

instances and samples. At the same time, IPSoil, CISoil, τShear, Tdepth, and Swheel showed a 1026 

mix of marginal pale pink on the left and light blue to blue on the right, consistent with their non-1027 

linear inverse relationships, where low instance values are associated with a positive 1028 

contribution. The γSoil, AStc, ØFuel, FRr, θSoil, PTire, and WLoad contributions are predominantly pale 1029 

blue across all prediction instances, indicating minimal overall impact on model output. In 1030 

contrast, Rdepth did not impact the predictions. Overall, FTr,  IPSoil, CISoil, τShear, Tdepth, and SWheel 1031 

exhibited distinct and strongly varying impacts across prediction instances. At the same time, 1032 

γSoil, AStc, ØFuel, FRr, θSoil, and PTire had a more moderate and consistent effect. FTr was the single 1033 

most significant feature contributing to the model’s prediction output, while Rdepth had no 1034 

significant contribution to the HDb prediction instances. Together, the decision path and attribution 1035 

clustering visualizations enabled a comprehensive understanding of the dominant predictors that 1036 

governed both the global and the sample-specific prediction behavior, thereby strengthening the 1037 

interpretability of  EAO-CatBoost modelling. 1038 
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    1039 

Fig. 16. Drawbar prediction decision paths for 80 representative samples centered, and 1040 

attribution clustering heat map (a) X-axis represents the model's output. At the same time, the Y-1041 

axis lists the model's features ordered by descending importance computed over the plotted 1042 

observations. Each observation's prediction is represented by a colored path starting from the 1043 

base (E[f(x)]) value at the bottom of the x-axis to strike the model’s output value f(x) at the top, 1044 

with the colour bar line representing the magnitude and value of the final prediction. At the same 1045 

time SHAP values for each feature are cumulatively added to the model's base value to  show 1046 

contribution of each feature to the overall prediction whilst the observations converge at expected 1047 

value at the bottom of the plot, and (b) Feature clustering heatmap with colors representing the 1048 

directional magnitude of SHAP values (red for positive, blue for negative), intuitively displaying 1049 

attribution patterns and clearly defining distinct sample clusters that negatively of positively affect 1050 

drawbar pull. The heat map curve shows the corresponding sample model raw output f(x). 1051 

3.7 Graphical user interface for drawbar load prediction using hybrid EAO-1052 

CatBoost 1053 

The hybrid EAO-CatBoost model demonstrated superior, robust predictive performance 1054 

compared to the other evaluated models. To enhance the practical application of this study, 1055 

EAO-CatBoost was coded into a standalone user-friendly application for predicting drawbar pull 1056 

using PySide6 desktop graphical user interface (GUI) framework in Python. To optimize GUI 1057 

performance for a user-friendly experience, the normalized database variables that facilitated 1058 

model training were subjected to post-processing denormalization using Eq. 35. This allows 1059 

users of the interactive GUI application to easily input variables using their easily measurable 1060 

units to obtain drawbar pull in KN without transformation of variable units for rapid user-friendly 1061 
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response and experience. At the same time, the EAO-CatBoost GUI enables standalone output 1062 

visualization devoid of manual computations, as shown in Fig. 17. 1063 ܪ஽௕ೆೞ೐ೝ=ܪ௡௢௥௠௔௟௜௦௘ௗ ௉௥௘ௗ𝑥‖ܪ஺௟௟_ௗ௔௕௔௦௘‖2 and  ‖ܪௗ௔௧௔௕௔௦௘‖2 = √∑ ஽௕௜2௡௜=1ܪ                 (35) 1064 

The EAO-CatBoost graphical user interface exhibited strong predictive capability, with R = 0.999, 1065 

R2 = 0.998, RMSE = 0.0385, MAE = 0.0017, MAPE = 0.0026, RMSRE = 0.0385, and RRMSE = 1066 

0.0219 during testing with new unseen datasets, validating its effectiveness for field applications 1067 

in practice. 1068 

 1069 

Fig. 17. User-friendly EAO-CatBoost graphical user interface for predicting drawbar pull. 1070 

 1071 

3.8 Discussion  1072 

Among the 26 models, the Base-CatBoost model achieved high accuracy and lower deviation 1073 

error metrics during training, but was outperformed by the Hybrid CatBoost models during 1074 

testing. Specifically, EOA-CatBoost offered the best accuracy, robustness, stability, and 1075 

generalization on the validation set. This outcome indicates that while Base-CatBoost models 1076 

may fit the training data closely, adaptive hybridization with EAO methods performs better at 1077 

handling variability in unseen data. Additionally, compared to the base learner, models using 1078 

EAO nature-inspired algorithms to optimize the Base-CatBoost learner perform better at 1079 

detecting, mapping, and capturing complex relationships and variabilities in unseen datasets 1080 

across all instances, which is necessary for accurate predictions. This is because of EAO's highly 1081 

adaptive iteration and fine-tuning mechanisms, its high-performance convergence, and its 1082 

superior feature selection for dynamically simulating the catalytic behaviour of enzyme–substrate 1083 

interactions, which balance exploration and exploitation (refining the best solution) and are 1084 

suitable for machine learning and engineering optimization tasks. As such, the developed state-1085 

 1 
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of-the-art hybrid EAO-CatBoost model outperformed all the nature-inspired algorithm models in 1086 

boosting the performance of the conventional Base-CatBoost learner and forms the best hybrid 1087 

CatBoost model for drawbar predictions. The hybrid EAO-CatBoost model superiorly 1088 

outperformed other nature-inspired algorithms by integrating the high-dimensional global search 1089 

efficiency of the Enzyme Action Optimizer with the strong categorical feature handling framework 1090 

of the CatBoost gradient boosting library, resulting in high predictive accuracy, robustness, and 1091 

generalization. Thus, hybridizing the standalone Base-CatBoost learner with the recently 1092 

developed EAO-nature-inspired algorithm significantly improved its cognitive performance for 1093 

off-road engineering applications in drawbar load predictions. Based on the accuracy evaluation 1094 

matrix, overfitting metrics, multi-metric score ranking, error characteristic curve, performance 1095 

scatter, regression analysis, prediction deviation, robustness and generalization, as well as 1096 

prediction error residuals and Taylor analysis, the EAO-CatBoost was best suited for drawbar 1097 

predictions. The Hybrid EAO-CatBoost showed the best generalized cognitive ability among 1098 

other models, on unseen validation datasets. Although Base-CatBoost performed almost 1099 

perfectly during training, it produced lower validation metrics due to poor generalization and was 1100 

a concern of overfitting. This highlights the need to evaluate hybrid neurocomputing models 1101 

beyond training accuracy metrics using robustness and generalization metrics. Furthermore, 1102 

cognitive interpretation of the EAO-CatBoost model predictions using Shapley Additive 1103 

exPlanations revealed FTr as the most significant feature contributing to HDb variability and 1104 

dispersion, followed by IPSoil, CISoil, τShear, Tdepth, and SWheel. These meaningful findings align well 1105 

with off-road soil-machine dynamics and agricultural drawbar load mechanics in tillage and 1106 

traction that fundamentally govern drawbar pull generation and control for practical applications 1107 

in tillage operations and off-road locomotion. 1108 

4. Conclusion 1109 

This investigation evaluated the cognitive performance of hybrid CatBoost ensemble models 1110 

and the Base-CatBoost learner in predicting drawbar load of agricultural tractors. Comparatively, 1111 

hybrid-CatBoost models outperformed the standalone Base-CatBoost learner across evaluation 1112 

measures on unseen data during testing, indicating that hyperparameter optimization using 1113 

nature-inspired algorithms significantly improved the Base-CatBoost learner's predictive 1114 

reliability. Further, hybrid EAO-CatBoost showed superior predictive performance when tested 1115 

compared to the Base-CatBoost learner, highlighting the benefit of integrating CatBoost into a 1116 

bio-inspired hyperparameter optimization framework. However, the Base-CatBoost learner 1117 

algorithm performed best during training, demonstrating its powerful gradient-boosting 1118 
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capabilities for handling nonlinear interactions and complex relationships between soil-machine 1119 

features and the target HDb variable using the training data. The observed weakness of the base 1120 

CatBoost learner during testing indicates that it uses default hyperparameters that memorize the 1121 

training data rather than fully leverage heuristic tuning to exploit its predictive structure in an 1122 

unseen dataset. Conversely, the superior robustness and generalization associated with EAO-1123 

CatBoost indicate that the hybrid optimization process heuristically improved the bias-variance 1124 

trade-off by selecting appropriate combinations of learning rate, tree depth, regularization, and 1125 

iteration-related parameters. Although the Base-CatBoost is known for excellent gradient-1126 

boosting performance, the EAO nature-inspired optimizer fine-tuned and improved the Base-1127 

CatBoost learner beyond the default hyperparameter settings for the training set. This 1128 

improvement further underscores that the effective comparative analysis of machine learning 1129 

models should be interpreted critically, not only to include accuracy but also to balance 1130 

robustness-generalization trade-offs with overfitting risks. The superiority of the hybrid models 1131 

was not only demonstrated by the lowest values of error-based metrics RMSE, MAE, MAPE, 1132 

NRMSE, RRMSE, SI, SE, sMAPE, WMAPE, MARE, RMSRE, medAE, CV, and PI, but also they 1133 

demonstrated better agreement based goodness of fit indicators R, R², VAF, score rank, lowest 1134 

values of robustness and overfitting metrics including MSE, RMSE, MAE, medAE, Lδ, LCL, and 1135 

lowest G-gap, PS, and cRMSD Taylor diagram proximity. Overall, the Hybrid EAO-CatBoost 1136 

achieved the highest stable ranking across accuracy and robustness metrics, the best residual 1137 

characteristic curves, the lowest G-gap, the best PS, and the closest Taylor diagram agreement 1138 

compared to all the other 24 hybrid models and the Base-CatBoost. This study shows that 1139 

improvements in the accuracy alone for hybrid machine learning models over the base learner 1140 

are not sufficient to determine their superiority. Instead, the superiority gains need to be 1141 

evaluated with respect to stable validation behaviour, decreased residual dispersion, reduced 1142 

generalization gaps, and increased agreement with the observed data. Thus, the most 1143 

defensible hybrid model (EAO-CatBoost) improved testing accuracy while maintaining numerical 1144 

stability, model parsimony, and generalization reliability compared to the Base-CatBoost learner. 1145 

EAO-CatBoost achieved a good trade-off between accuracy and robustness in estimating HDb 1146 

during training and attained the highest accuracy, robustness, and generalization during 1147 

validation on unseen datasets compared to the base learner (Base-CatBoost). This work 1148 

integrated the stand-alone CatBoost learner with the enzyme action optimizer and evaluated the 1149 

EAO-CatBoost model for both local (individual) and global interpretability using SHAP to gain 1150 

clear insights into the main drivers of drawbar pull variability and their cognitive modelling 1151 

mechanism. The validity of the insights and the explanatory reliability of the EAO-CatBoost 1152 
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model are consistent with known soil-machine dynamics in off-road traction, and the model is 1153 

capable of making accurate, robust, and explainable predictions. The developed hybrid 1154 

CatBoost framework is recommended for integration into intelligent off-road decision-support 1155 

systems and smart machinery platforms. Further, the deployment of the user-friendly EAO-1156 

CatBoost GUI will enable data-driven, intelligent operational adjustments of autonomous off-1157 

road machinery for adaptive control and optimized drawbar load utilization. 1158 
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