
 

1 https://orcid.org/0000-0003-4915-9162   2 https://orcid.org/0000-0002-9751-3405 
51 

 

Bozok Journal of Science 
V o l u m e  4 ,  N o  1 ,  P a g e  5 1 - 6 6  ( 2 0 2 6 )  
Research Article D O I :  1 0 . 7 0 5 0 0 / b j s . 1 9 4 4 2 7 6  

Predicting hadron mass and decay width using XGBoost: A unified machine learning framework 
for baryons and mesons 

Metin YALVAÇ1*, Tarık AKAN1 

1Yozgat Bozok University, Faculty of Science and Letters, Department of Physics, 66100, Yozgat, Türkiye 
*Correspondence: metin.yalvac@bozok.edu.tr 

 

Received: 05.05.2026 Accepted: 20.05.2026 Final Version: 20.05.2026 

Abstract 

This study presents an XGBoost-based machine learning framework for predicting the mass and decay width of hadrons, including both 
baryons and mesons, within a unified feature space. The dataset was compiled from Particle Data Group (PDG) records and contains 
495 hadrons in total, reduced to 406 and 373 usable samples for mass and width prediction tasks respectively after data cleaning. Model 
inputs consist of quark and antiquark counts along with conserved quantum numbers including isospin, spin, parity, electric charge, 
strangeness, charmness, and bottomness. Analyses were conducted at three levels: baryon-only, meson-only, and combined hadron 
datasets. For width prediction, two scenarios were evaluated: one excluding and one including hadron mass as an input feature. Mass 
prediction achieved high accuracy across all datasets, with test R² values of 0.904, 0.959, and 0.964 for baryons, mesons, and the 
combined hadron dataset, respectively. Feature importance analysis identified heavy-flavor quark content, particularly bottom quarks, 
as the dominant factor in mass prediction. Width prediction without mass information yielded limited explanatory power, especially for 
mesons (R²=0.203), whereas including mass as an input substantially improved performance, raising the combined hadron model's test 
R² to 0.812. These results confirm that hadron mass plays a central role in governing decay width through kinematic decay channels. 
Data augmentation via Gaussian-noise perturbation did not improve generalization over the baseline model trained on real observations 
alone. The study demonstrates that XGBoost offers both predictive accuracy and physical interpretability, providing a complementary 
data-driven tool for hadron spectroscopy. 
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1. INTRODUCTION 

Hadron spectroscopy is one of the most fundamental research areas aimed at understanding the structure of strong interactions in the 
low-energy regime. Baryons and mesons, as composite systems of quarks, are classified through their quantum numbers, internal quark 
content, masses, and decay widths (Malekhosseini et al., 2024). These properties play a decisive role both in testing theoretical models 
and in interpreting the physical nature of newly observed particle candidates. Current compilations by the PDG systematically present 
experimentally measured features such as mass and width for a vast family of particles, including mesons and baryons, demonstrating 
that this field provides a robust foundation for data-driven studies (Navas et al., 2024; Workman et al., 2022). 

The explanation of hadronic masses and widths has traditionally been addressed within the frameworks of quark models, potential 
models, lattice QCD calculations, and various phenomenological approaches. However, the highly nonlinear and multivariate 
relationship between hadron properties and their quark content has made the application of data-driven methods increasingly attractive 
(Malekhosseini et al., 2024). Particularly in recent years, machine learning has transitioned from simple event classification to the direct 
prediction of spectral quantities (Gal et al., 2022). Recent studies, such as those by Akan and Malekhosseini et al., have demonstrated 
that predicting mass and width based on quantum numbers is possible with high accuracy, even for states that are experimentally 
uncertain or exotic (Akan, 2024; Malekhosseini et al., 2024). 

Despite these advancements, a significant portion of the current literature remains meson-centric, and the joint investigation of baryons 
and mesons under a single "hadron" framework within a common feature space appears relatively limited (Rostami et al., 2025; Tong 
et al., 2025). Aiming to fill this gap, this study proposes an XGBoost-based prediction framework utilizing a three-level design. By first 
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analyzing baryons and mesons separately, the study evaluates whether more homogeneous, subclass-specific patterns can be learned 
with higher stability and interpretability. Subsequently, by merging both groups into a unified hadron dataset, it tests the extent to which 
a single model can capture shared regularities across the full hadron spectrum. In this way, the study is positioned not only as a hadron-
level prediction task but also as a comparative framework between subclass-based and unified modeling. 

Among machine learning techniques, XGBoost emerges as a powerful method that combines the tree-based gradient boosting approach 
with advantages in scalability, regularization, and sensitivity to sparse data (Chen & Guestrin, 2016). Developed by Chen and Guestrin, 
this algorithm is particularly advantageous for studies seeking to examine the relative effects of physical variables on target quantities, 
as it allows for the interpretation of feature importance in addition to producing high accuracy (Chen & Guestrin, 2016; Nielsen, 2016). 
Considering the complex interactions between quark contents, conserved quantum numbers, and derived features, XGBoost is evaluated 
as a strong candidate model for predicting quantities such as hadron mass and width. 

Input variables such as quark contents, isospin, spin, parity, and electric charge were used. A direct regression model was established 
for mass prediction, while for width prediction, two different scenarios, one including mass information and one excluding it, were 
evaluated. Thus, the contribution of hadron mass to width prediction was quantitatively tested, and model behavior was analyzed in 
detail through correlation analysis, feature importance, residual distributions, and true-vs-predicted value comparisons. 

The primary contribution of this study is the development of a hadron-level XGBoost model that treats baryons and mesons together, 
extending the data-driven approach previously proposed for mesons to a broader physical scope. Such an approach is significant not 
only for uncovering hidden patterns within existing experimental data but also for providing a supplementary tool that generates 
predictions for hadronic states with limited information. The main contributions of this study are: development of a unified XGBoost 
framework treating baryons and mesons jointly for both mass and width prediction, a quantitative demonstration of the role of hadron 
mass as a dominant input for width prediction, and an interpretable feature importance analysis identifying which quark contents and 
quantum numbers drive predictive performance across hadron families. 

2. MATERIAL AND METHODS 

2.1 Dataset 

The dataset for this study was constructed as a structured tabular framework, integrating the fundamental quark compositions of hadrons 
with their experimentally reported physical properties. Compiled primarily from the Particle Data Group (PDG, 2020) summary tables, 
the compilation provides a systematic mapping of quark content, conserved quantum numbers, masses, and decay widths. The raw data 
initially encompassed 495 hadrons, 292 baryons and 203 mesons. Examples from dataset are shown in Table 1 & Table 2. 

Table 1. Baryon dataset examples used as inputs taken from PDG. 

 

Table 2. Meson dataset examples used as inputs taken from PDG.  

 

To ensure statistical consistency across different regression tasks, a task-specific data cleaning strategy was implemented rather than a 
single global filter. This approach was chosen to maximize the preservation of physically meaningful observations; for instance, a record 
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missing a width value could still provide valuable information for mass prediction. Consequently, the usable sample size was refined to 
406 for mass prediction (205 baryons, 201 mesons) and 373 for width prediction (172 baryons, 201 mesons). This distribution highlights 
a relative scarcity in baryon width data, whereas the meson subset demonstrates higher representative power for width analysis. 

Model input variables were carefully selected to represent internal structures and quantum states. Beyond direct quark and antiquark 
counts, the feature space includes essential physical quantum numbers such as; Strangeness (S), Charm (C), Bottomness (B’), Electric 
Charge, Isospin (I), Spin (J), and Parity (P). In unified models, a binary variable was introduced to distinguish between baryon and 
meson formations. To further explore the relationship between spectral quantities, width prediction was conducted in two distinct modes: 
"mass-inclusive", which treats mass as a predictive feature, and "mass-exclusive", which isolates the influence of quantum numbers 
alone. 

The modeling strategy follows a three-level hierarchical approach designed to evaluate learning efficiency. First, baryon and meson 
subsets were modeled separately to capture family-specific regularities within homogeneous data. Second, these were combined into a 
shared feature space to establish a unified hadronic model. Finally, a direct comparison between these levels was conducted to determine 
whether predictive performance benefits more from subclass specialization or from a common feature space that captures dominant 
trends across both families. 

To mitigate distribution shifts between the learning and evaluation phases, the datasets were partitioned using a balanced splitting 
strategy. The combined mass dataset was divided into train/validation/test (284/61/61), while the width dataset followed a 261/56/56 
split, ensuring that the baryon-meson ratio remained consistent across all sets. 

Exploratory analysis of the target variables revealed that while mass values are broadly distributed, widths exhibit a strongly right-
skewed pattern with many states approaching zero. To address this numerical imbalance, width prediction was treated using both the 
original linear scale and a log(1+Γ) transformation. This transformation was crucial for the learning process, as it reduces the dominance 
of high-width outliers while preserving the subtle contributions of narrow states, resulting in a more balanced and stable target space. 

 

Figure 1. Width and log(1+Γ) distributions of baryons. The raw baryon width distribution is strongly right-skewed, whereas the transformed 
distribution is more balanced and closer to Gaussian, improving learnability. 

2.2 XGBoost-based Regression Approach 

In this study, XGBoost was preferred as the primary learning algorithm for mass and width prediction. XGBoost is a powerful ensemble 
learning method based on the regularized gradient boosted decision trees approach, which demonstrates high success on tabular data 
while also providing interpretability. Developed by Chen and Guestrin (Chen & Guestrin, 2016) , this method sequentially combines 
tree-based weak learners to gradually reduce residual errors, offering advantages such as regularization, sensitivity to sparse data, and 
computational efficiency. 

The XGBoost regression model is defined through an additive structure: 
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𝐲଍ෝ = ෍𝐟𝐤(𝐱𝐢)

𝐊

𝐤ୀ𝟏

, 𝐟𝐤 ∈ 𝓕 

Where represents the input vector, represents the predicted output, and represents the weak learners in the form of decision trees. The 
model aims to reduce the errors remaining from previous stages by adding a new tree at each iteration. The objective function used is 
the sum of a loss term measuring data fit and a regularization term controlling model complexity: 

𝓛(𝓽) =෍𝐥 ቀ𝐲𝐢, 𝐲଍ෝ
(𝐭ି𝟏)

+ 𝐟𝐭(𝐱𝐢)ቁ

𝐢

+ 𝛀(𝐟𝐭) 

and 

𝛀(𝐟) = 𝛄𝐓 +
𝟏

𝟐
𝛌‖𝐰‖𝟐 

In these expressions, denotes the number of leaves, denotes the leaf weights, and and represent regularization parameters determining 
the complexity penalty. This framework enables the effective learning of non-linear interactions while limiting overfitting. 

There are several key reasons for choosing XGBoost for this study. First, the dataset is clearly tabular, and there are non-linear 
interactions between quark contents and quantum numbers. Tree-based methods can learn such relationships without explicitly designing 
feature transformations. Second, since there are missing observations in some variables in the dataset, the flexible structure of XGBoost 
toward missing values provides a practical advantage. Third, the method is conducive to generating feature importance analysis, which 
allows for a physical interpretation of which quark contents or quantum numbers play a more dominant role in mass and width prediction. 
The purpose of the present study is not to provide a broad benchmark comparison among multiple machine-learning algorithms, but 
rather to investigate whether an XGBoost-based framework can successfully model hadron mass and decay width while also offering 
physically interpretable feature rankings. Earlier meson-focused studies, particularly the work by Akan, have already shown that several 
machine-learning approaches can be applied to hadronic prediction problems(Akan, 2024). Building on that foundation, the present 
study adopts XGBoost as the primary regression model because it is especially well suited to structured tabular data, can effectively 
capture non-linear interactions among quark content and quantum numbers, and enables an interpretable analysis through feature-
importance scores. 

To ensure reproducibility, the main hyperparameters of the XGBoost regressor were fixed explicitly before final testing. Hyperparameter 
values were selected through validation-guided empirical tuning based on preliminary training runs, while the test set was reserved 
strictly for final performance evaluation. This procedure was adopted to avoid information leakage from the test set into model 
development. Since parameters such as n_estimators, max_depth, learning_rate, subsample, and colsample_bytree strongly influence 
model flexibility and generalization, the final configurations are reported in Table 3. To preserve comparability across baryon, meson, 
and full-hadron analyses, the same fixed configuration was used within the corresponding mass and width modeling setups. 

Table 3. XGBoost hyperparameter configuration. Fixed hyperparameter settings used in the mass and width prediction models. The table reports the 
fixed XGBoost hyperparameters adopted in the present study. These settings were determined through validation-guided preliminary tuning and then 

kept constant during final evaluation to ensure reproducibility and comparability across baryon, meson, and unified hadron analyses. 
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In this study, XGBoost was used for four main problem classes: (i) baryon mass prediction, (ii) baryon width prediction, (iii) meson 
mass prediction, and (iv) meson width prediction. Additionally, the following tasks were performed on the unified dataset: (v) hadron 
mass prediction, (vi) hadron width prediction using the mass feature, and (vii) hadron width prediction without using the mass feature. 
In this way, both subclass-based and holistic hadron modeling were compared under the same method family. 

In mass prediction, the target variable was defined directly as mass in MeV. For width prediction, two different approaches were 
followed. The first is the model where the mass variable is included in the inputs, accepting that mass may be physically related to the 
decay width. The second is the model proceeding only from quark content and quantum numbers, i.e., excluding mass information. 
These two setups were designed to directly test to what extent width prediction depends on the hadron mass.  

Additionally, two model variants, referred to as real only and augmented, were considered in this study. The real only variant denotes 
the baseline models trained exclusively on experimentally reported observations, whereas the augmented variant includes synthetic 
samples generated during preprocessing by applying Gaussian-noise perturbations to the original data. The purpose of this comparison 
is to assess whether controlled data augmentation can improve model generalization relative to the baseline configuration. In this section, 
however, the emphasis remains on the core XGBoost framework that defines the overall behavior of the model family; detailed 
comparisons between these variants are presented and interpreted in the Results and Discussion section. 

2.3 Analysis Strategy and Evaluation Metrics 

The analysis workflow of the study was structured in three main stages. The first stage is exploratory data analysis (EDA). Within this 
scope, the numerical distributions of hadron, baryon, and meson samples; mass and width histograms; target variable distributions by 
particle type; and specifically, behavior after logarithmic transformation for width were examined. This step is necessary to determine 
the balance of the dataset, the spread of the target variables, and potential outliers. 

 

Figure 2. Mass Distribution of Full Hadrons (left) and by Particle Type EDA plots (right) visualizing the spread of mass values, showing that while 
most hadrons cluster in the 1–2.5 GeV band, mesons exhibit a wider spread in low and high-mass regions compared to baryons. 

 

Figure 3. Width Distribution of Full Hadrons (left) and by Particle Type (right). Visualization of decay widths for the total dataset and subsets, 
indicating the skewed nature of width variables and the higher representative power of mesons in the width variable compared to baryons. 



Y a l v a ç ,  A k a n  /  B o z o k  J  S c i  V o l  4  N o  1  P a g e  5 1 - 6 6  ( 2 0 2 6 )  

56 

The second stage is relationship analysis. Here, linear trends between quark contents, quantum numbers, mass, and width were visualized 
using correlation matrices. The relationships between the target variable and features were evaluated in the mass task, and the correlation 
structure for both mass-inclusive and mass-exclusive scenarios was evaluated in the width task. This analysis was conducted to see 
which variables carry stronger links with the target magnitudes before modeling and to support the physical justification for feature 
selection. 

 

Figure 4.Correlation Matrix of Full Hadrons for Mass Variable. Matrix displaying the linear relationships between inputs and target mass, 
highlighting the strong positive correlation between mass and heavy flavor components like bottom and charm quarks. 

The third stage is the quantitative and visual evaluation of prediction performance. In this context, Coefficient of Determination (R2), 
Mean Absolute Error (MAE) , and Root Mean Square Error (RMSE) values were calculated on the validation and test sets for each 
model. These metrics collectively indicate the model's variance-explaining power; specifically, MAE provides a direct measure of the 
average error magnitude, while RMSE, due to its squared nature, offers higher sensitivity to large errors. Together, these three criteria 
ensure a balanced assessment of both the general fit and the magnitude of deviations. In addition to performance metrics, the following 
graphical diagnostic tools were used to examine model behavior in detail: 

 True vs Predicted scatter plots: To show the proximity of predictions to the ideal line, 

 Residual Histogram: To examine the centering and symmetry of the error distribution, 

 Residual vs Predicted plots: To determine if there is a systematic bias depending on the prediction level, 

 Feature Importance plots: To show which inputs XGBoost assigns more weight to, 

 Top 10 Test Errors tables: To allow for the individual physical examination of particles with the largest errors. 

The study was structured to answer not only "which model is better?" but also "which physical variables are decisive?", "in which 
regions do the error increase?", and "to what extent does mass information contribute to width prediction?". Thus, the method section 
allows the results to be addressed not just through numerical performance, but also in terms of physical interpretability and model 
behavior. 
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3. RESULTS AND DISCUSSION 

3.1 Hadrons Mass Prediction 

The XGBoost-based mass prediction model established on the combined hadron dataset demonstrated a high level of explanatory power 
by learning both baryon and meson samples within the same feature space. The base model, trained with real observations, achieved, 
R²=0.874, MAE=263.52 MeV, and RMSE=372.63 MeV on the validation set; while on the test set, it obtained R²=0.964, MAE=313.03 
MeV, and RMSE=422.23 MeV. These results indicate that the model successfully captured the non-linear relationships between hadron 
mass and input variables. While the higher value in the test set compared to the validation set is noteworthy, this situation is likely due 
to differences in sample composition arising from the data split. Specifically, the limited size of the dataset and the small number of 
samples in the high-mass region can produce varying error profiles across the validation and test subsets. 

Table 3. Full Hadron Mass Prediction Performance (Validation and Test Results). This table compares the predictive performance of the real_only 
and augmented model variants on validation and test sets. The results demonstrate that the real_only variant, trained exclusively on experimental 

observations, provides superior generalization compared to the augmented approach. Metrics such R2, MAE, and RMSE confirm that data 
augmentation did not offer a performance advantage for this specific mass prediction task. 

 

 

Figure 5. Hadron Mass analysis Validation and Test comparison. Scatter plot showing the proximity of predicted mass values to the ideal line, 
demonstrating the model's success in capturing non-linear mass patterns across the full hadron spectrum. 

When comparing model variants, the augmented approach involving data augmentation did not provide a performance advantage over 
the real only base model. For the augmented variant, R²=0.856, MAE=275.78 MeV, and RMSE=397.98 MeV were obtained on the 
validation set. This suggests that the base model, which preserves the distribution of original physical observations, offers a more 
balanced generalization for this specific problem. Therefore, interpretations regarding hadron mass are primarily based on the real only 
model. 

Table 4. Full Hadron Mass Prediction Performance (Model Variants). Comparison of R2, MAE, and RMSE metrics between the real_only baseline 
and the augmented model, showing that preserving original physical observations provides better generalization for mass prediction. 
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Sub-dataset-based test results reveal the behavior of the unified model on baryon and meson samples in more detail. In the baryon test 
subset, R²=0.923, MAE=227.26 MeV, and RMSE=302.95 MeV were found; while in the meson test subset, R²=0.964, MAE=401.66 
MeV, and RMSE=517.37 MeV were obtained. This situation presents a seemingly contradictory but physically meaningful result. The 
larger variance within the meson subset naturally leads to a higher proportion of explained variance or R2. At the same time the wider 
mass scale inherent in this group results in an increase in absolute error magnitudes. In other words, while the model captures a relatively 
better mass ranking for mesons, the error magnitude in MeV is higher than for baryons due to the broader and multi-modal nature of the 
meson mass spectrum. In the baryon subset, error magnitudes remained more limited because of the narrower mass range. 

Table 5. Sub-dataset-based Test Results (Baryon and Meson). Detailed evaluation of the unified model on specific subsets, illustrating that while the 
model captures mass rankings well for mesons, absolute error magnitudes are higher due to the broader meson mass scale. 

 

Exploratory graphics support this interpretation. The mass distribution of all hadrons is significantly right-skewed, with most 
observations clustered in the 1–2.5 GeV band; in contrast, a smaller number of heavy hadrons form a long tail extending into several 
GeV regions up to approximately 10 GeV. When examined by particle type, mesons exhibit a wider spread in both the low-mass and 
very high-mass regions, whereas baryons are mostly concentrated in the medium-mass region. This heterogeneous structure requires the 
unified model to learn different physical scales simultaneously and directly influences the interpretation of feature importance. 

 

Figure 6. Mass Distribution by Particle Type. This histogram compares the mass distributions of baryons and mesons within the dataset. It shows that 
mesons exhibit a wider spread in both low and very high-mass regions, while baryons are primarily concentrated in the medium-mass range (1–2.5 

GeV). 

XGBoost feature importance results shown in Figure 7 clearly show that heavy quark content plays a dominant role in determining 
hadron mass. Specifically, the number of b quarks stands out as the variable with the highest importance, followed by, Bottomness (B’), 
c, and hadron type . In contrast, the contributions of light quark variables, electric charge, isospin, spin, and parity remain much more 
limited. For the unified hadron model, the limited but non-zero contribution of the hadron type variable indicates that baryon and meson 
classes carry some systematic differences in mass formation, but the primary decisive factor remains the heavy flavor content. Similarly, 
the correlation matrix reveals that mass has a strong positive relationship particularly with and content, while charm and other flavor 
components provide secondary but significant contributions. This result is consistent with the direct effect of heavy quarks on hadron 
mass. 
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Figure 7. Full Hadron Mass Feature Importance. XGBoost ranking of input variables, identifying heavy quark content (specifically b quarks) as the 
dominant factor in determining hadron mass.  

Scatter plots comparing true and predicted masses given in Figure 8 show that the model produces predictions close to the ideal line for 
the vast majority of samples. The general trend has been successfully captured, especially for high-mass hadrons. Conversely, residual 
distributions indicate that model errors are not completely randomly distributed and that significant deviations occur in some specific 
resonance states. While the residual histogram is concentrated around zero, there are long tails in both directions. Residual plots against 
predictions reveal that the limited number of observations in the very high-mass region and certain resonances around 1–2 GeV pose 
more difficulty for the model. This suggests that quark content and basic quantum numbers alone may not always be sufficient to fully 
represent the fine structures across the entire hadron mass spectrum. 

 

Figure 8. Hadron Mass True vs. Predicted (top panel) and Residual (bottom panel) Plot. This figure displays a scatter plot comparing true versus 
predicted hadron masses alongside their corresponding residuals. The upper panel shows that predictions are closely aligned with the ideal diagonal 

line, while the lower panel illustrates the distribution of errors (residuals) across the mass spectrum. 
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An examination of the top 10 samples with the largest test errors, given in the Table 7, strengthens this interpretation. The highest 
absolute errors largely occurred in meson states. Specifically, meson states such as ϒ(1S), φ(1020), π(1300)⁻, π(1800)⁺, ψ(4660), 
f₄(2050) and a₀(1450)⁻ are at the top of the list. On the baryon side, the n (neutron), N(2570)5/2⁻ and Δ(1232)3/2⁺ states are notable. 
First, the growth of absolute error in very high-mass states does not always mean relative failure; for example, while the error for is 
large in absolute terms, the total mass scale is also quite high. Second, the large deviations seen in excited meson and baryon resonances 
in the medium-mass region suggest that fine spectral distinctions between states with the same quark content cannot be fully resolved 
with the current input variables alone. 

Table 6. Top 10 Samples with Largest Mass Test Errors. Identification of specific particles with the highest prediction deviations, such as excited 
meson and baryon resonances, suggesting that current inputs may not fully resolve fine spectral distinctions.  

 

3.2 Hadrons Width Prediction 

Hadron decay width is a more complex physical quantity compared to mass, closely related not only to internal quark content and 
conserved quantum numbers but also to accessible decay channels, threshold effects, and resonance structure. Therefore, width 
prediction constitutes a more challenging regression problem. This study examined width prediction under two different modeling 
setups: first, where width is predicted solely from quark content and quantum numbers, and second, where hadron mass is included as 
an additional input variable. This allowed for a direct test of the role of mass in width prediction. 

Table 7. Comparison of Width Modeling Setups. Quantitative summary comparing width prediction without mass information vs. including mass, 
highlighting the significant performance boost when mass is used as a predictor. 

 

The model established on the combined hadron dataset without mass information produced R²=0.309, MAE=87.03 MeV, and 
RMSE=113.83 MeV on the validation set; on the test set, performance further declined to R²=0.146, MAE=87.33 MeV, and 
RMSE=122.39 MeV. This indicates that hadron width cannot be modeled with sufficient accuracy using only quark content and basic 
quantum numbers with this model (XGBoost). The limited value in the test set suggests the model explains only a small fraction of the 
observed variance. This is physically expected, as decay width is directly connected to accessible decay channels and their dynamic 
dominance. 
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Figure 9. The limited predictive power of the model without mass input is visualized in figures, where both the parity relation and the residual 
structure reveal substantial deviations.  

Conversely, the width model using hadron mass as an additional input variable exhibited significant improvement. This setup achieved 
R²=0.804, MAE=36.89 MeV, and RMSE=60.55 MeV on the validation set, and R²=0.812, MAE=36.95 MeV, and RMSE=57.38 MeV 
on the test set. This performance boost clearly demonstrates a strong and systematic relationship between hadron width and mass. The 
primary determinant for width prediction success is the mass information, which defines the kinematic decay regime. The strong gain 
obtained in the mass-included setup is physically expected. Within the resonance picture, the decay width depends not only on internal 
quantum numbers but also on the resonance mass. This mass variable is crucial because it controls the available phase space and the 
opening of decay channels. Consequently, the result is consistent with Breit–Wigner-type resonance behavior. The substantial 
performance gain obtained when mass is added is highly significant. It shows that the model does not merely exploit a numerical 
correlation. Instead, it successfully learns the physically expected connection between resonance mass, decay kinematics, and total 
width.  

 

Figure 10. The substantial improvement obtained after including mass as an input variable is clearly seen in figure, where the predictions become 
much more tightly aligned with the ideal trend. 
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The combined hadron width dataset consists of 373 samples (172 baryons, 201 mesons). The train/validation/test split followed a 
261/56/56 ratio, maintaining the baryon-meson distribution in each subset. 

Table 8. Width Dataset Split Statistics. This table provides a statistical summary of the dataset used for hadron width prediction, divided into training, 
validation, and test sets. It details the sample counts for baryons and mesons within each split, alongside key distribution metrics such as minimum, 

median, maximum, and quartile width values (in MeV).   

 

XGBoost feature importance plots show that in the model without mass, importance values are scattered and relatively weak across 
hadron type, flavor content, spin, and parity. This suggests the model relies on multiple weak signals. When mass is included, it becomes 
the overwhelmingly dominant variable, confirming that mass is not just an auxiliary feature but the primary explanatory variable for 
hadron width. 

 

Figure 11. This contrast is directly reflected in the feature-importance distributions shown in figures: without mass, the model relies on several weak 
signals, whereas with mass, the mass variable becomes clearly dominant. 

3.3 Comparison of Hadron-level Results with Baryon and Meson Subsets 

In addition to evaluating the unified hadron model, the present study also compares its behavior with the corresponding baryon-only 
and meson-only models. This comparison is important because it reveals whether the predictive structure is governed mainly by global 
hadronic regularities or by subclass-specific patterns. Accordingly, the following subsection contrasts baryon, meson, and full-hadron 
results for mass prediction, width prediction without mass information, and width prediction with mass information, thereby providing 
a more complete physical and methodological interpretation of model performance. 

3.3.1. Comparison in Terms of Mass Prediction 

When the mass prediction results are examined together, it is evident that high success was achieved in both baryon and meson subsets. 
The baryon model produced R²=0.942 and R²=0.904 on the validation and test sets respectively, while the meson model reached 
R²=0.946 and R²=0.959 on the same sets. The unified hadron model yielded R²=0.874 on the validation set and R²=0.964 on the test set. 
These results confirm that the mass problem can be strongly learned by XGBoost and that quark content and quantum numbers possess 
high explanatory power for hadron mass. 

When examined at the subset level, the meson model produced the highest R² value particularly on the test set. This suggests that the 
updated meson data representation offers a more discriminative feature space for the model. The explicit encoding of the quark-antiquark 
structure in mesons creates distinct separations in the mass scale, especially for heavy mesons containing charm and bottom quarks, 
facilitating the model's ability to learn these distinctions. Although the baryon model's test performance is also very high, it is slightly 
lower compared to mesons. A likely reason for this is that different resonances and excited states sharing the same quark content in 
baryons cluster in closer mass regions, making discrimination more difficult. 



Y a l v a ç ,  A k a n  /  B o z o k  J  S c i  V o l  4  N o  1  P a g e  5 1 - 6 6  ( 2 0 2 6 )  

63 

The fact that the unified hadron model produces performance close to the meson model on the test set is noteworthy. However, the lower 
R² on the validation set compared to the subset models indicates that a single model faces a more heterogeneous problem when learning 
both baryon and meson spectra simultaneously. In other words, while unified hadron-level modeling can successfully capture the overall 
mass pattern, it cannot represent the finer structures within each subclass as efficiently as separate models. 

The MAE and RMSE values further support this picture. The baryon mass model yielded MAE=239.16 MeV and RMSE=324.14 MeV 
on the test set, while the meson model produced MAE=406.30 MeV and RMSE=532.97 MeV. The hadron model lies between these 
two extremes with MAE=313.03 MeV and RMSE=422.23 MeV. This indicates that the unified model strikes a balance between hadron 
classes, but cannot fully match the specialized performance of subset models in terms of absolute error levels, particularly due to the 
wide mass range of mesons and the denser medium-mass structure of baryons. 

Table 9. Mass Prediction Performance Summary. This table compares R2, MAE, and RMSE metrics for mass prediction across baryon, meson, and 
unified hadron datasets. It highlights that high accuracy is achieved in all categories, with the unified model reaching a test R2 of 0.964. 

 

3.3.2. Comparison in Terms of Width Prediction: Without Mass Information 

Differences between subsets and the unified hadron model become considerably more pronounced in width prediction. In the model 
setup without mass information, the baryon model produced R²=0.475 and R²=0.469 on the validation and test sets respectively. In 
contrast, the meson model yielded only R²=0.139 and R²=0.203 for the same problem. The unified hadron model remained at R²=0.309 
on the validation set and R²=0.146 on the test set. 

These results suggest that explaining the width variable solely through quark content and quantum numbers is particularly difficult for 
mesons among the two hadron classes. The better performance of the baryon model compared to the meson model indicates that baryon 
widths carry a more regular and learnable pattern within the existing feature space. Since mesons with the same quark composition can 
have a large number of resonances, mixing configurations, and channel-dependent decay structures, width becomes increasingly distant 
from being a quantity directly derivable from structural variables alone. 

The unified hadron model was found to occupy an intermediate position between baryons and mesons in this scenario. This is 
understandable, as the model simultaneously attempts to learn the relatively more regular width behavior seen in baryons on one hand, 
and the more complex and heterogeneous width structure of mesons on the other. The fact that the test set R² drops as low as 0.146 
demonstrates that the unified model cannot adequately discriminate the width problem at the hadron level without mass information. In 
other words, when mass is excluded, the single unified model approach for width prediction at the hadron level is not as effective as 
subset-specific models. 

Table 10. Width Prediction Performance Without Mass Information. This table compares R2, MAE, and RMSE metrics for width prediction across 
baryon, meson, and unified hadron datasets without using mass as an input. It highlights the limited explanatory power of structural variables alone, 

particularly for mesons and the unified model. 

 

3.3.3. Comparison in Terms of Width Prediction: With Mass Information 

Including the mass variable fundamentally changes the picture. The baryon model produced R²=0.898 and R²=0.922 on the validation 
and test sets respectively. In the meson model, the validation performance reached a very high level of R²=0.941, while the test 
performance was R²=0.748. The unified hadron model yielded R²=0.804 and R²=0.812 on the validation and test sets respectively. 



Y a l v a ç ,  A k a n  /  B o z o k  J  S c i  V o l  4  N o  1  P a g e  5 1 - 6 6  ( 2 0 2 6 )  

64 

The most important physical implication of these results is that mass is a central variable in the prediction of hadron width. Since width 
depends not only on the internal quark structure of the hadron but also on which decay channels are kinematically open, mass information 
adds a powerful explanatory dimension to the model. The dramatic improvement in the baryon model demonstrates this very clearly: 
the R² value rose from approximately 0.47 to 0.92. The same trend holds for the meson model; however, the gap between validation and 
test performance remains larger for mesons. This suggests that the meson width problem carries a more complex, more heterogeneous, 
and harder to generalize structure compared to baryons. 

The unified hadron model, when mass is included, meaningfully captures the common pattern between baryons and mesons and reaches 
R²=0.812 on the test set. This performance falls behind the baryon model but is close to, and slightly above, the meson model's test 
performance. The conclusion to be drawn here is that mass information establishes a strong enough physical link to make unified hadron-
level modeling feasible; however, subset-specific specialized models, particularly for baryons, can still produce higher accuracy. 

Table 11. Width Prediction Performance with Mass Information. This table compares R2, MAE, and RMSE metrics for width prediction across 
baryon, meson, and unified hadron datasets with mass included as an input. It highlights the dramatic improvement in predictive power across all 

categories when mass information is utilized. 

 

3.3.4. Physical and Methodological Implications 

 When the baryon, meson, and unified hadron results are evaluated together, three key conclusions can be drawn. 

 Mass prediction is highly successful across all datasets, confirming the strong link between quark content and mass. 

 Width prediction without mass is extremely challenging, especially for mesons, due to complex decay dynamics. 

Mass is a dominant physical indicator for width, determining the decay phase space. Methodologically, unified models are useful for 
general trends, but subset-specific models offer higher precision and clearer physical interpretation. 

 

Figure 12. Test R2 Comparison Across Tasks and Datasets. This heatmap summarizes the model performance R2  for mass and width prediction 
across different datasets. It visually demonstrates that while mass prediction is highly successful for all groups, width prediction is significantly more 

challenging and requires mass as an input variable to achieve high accuracy 

4. CONCLUSION 

In this study, the predictability of hadron mass and decay width was systematically investigated using an XGBoost-based machine 
learning approach on a hadron dataset composed of baryons and mesons. The model inputs were constructed from the quark content of 
hadrons together with quantum numbers such as isospin, spin, parity, electric charge, strangeness, charmness, and bottomness. The 
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analyses were carried out separately for the baryon, meson, and combined hadron datasets. For the width problem, two different scenarios 
were also considered: one in which hadron mass was included in the model and another in which it was excluded. In this way, both the 
explanatory power of structural variables and the role of mass in width prediction were examined in a data-driven manner. 

The findings show that hadron mass can be predicted with high accuracy from quark content and quantum numbers. High R² values, 
reaching 0.904 for baryons, 0.959 for mesons, and 0.964 for the combined hadron dataset on the test set, were obtained for mass 
prediction, indicating that hadron mass has a strong and learnable relationship with the input variables. In particular, heavy-flavor content 
was found to play a dominant role in mass prediction, as clearly reflected in the feature-importance analysis and correlation structures. 
This result is consistent with the physical expectation that hadron mass is largely determined by quark composition. 

In contrast, hadron width prediction was considerably more challenging than mass prediction. Using only quark content and quantum 
numbers led to limited performance, especially for mesons, showing that width is not governed solely by static structural variables. 
Including hadron mass produced a clear and systematic improvement. This is physically expected, since in the resonance picture the 
decay width depends on the resonance mass through the available phase space and the kinematic opening of decay channels, in a manner 
consistent with Breit–Wigner-type behavior. The gain in performance therefore indicates that the model captures this expected physical 
dependence rather than merely exploiting numerical correlations. Data augmentation, on the other hand, did not improve the results, 
suggesting that preserving the original physical distribution is more effective for this task. Comparisons across subsets also provided 
important insights. The models constructed for baryons were found to be more stable and to exhibit better generalization performance 
than the meson models, particularly for width prediction. For mesons, mass prediction was very strong, whereas the width problem 
displayed a more heterogeneous and more difficult-to-learn structure. Although the combined hadron model was able to capture the 
overall trends successfully, it became clear that, especially in width prediction, baryon- and meson-specific details are more difficult to 
represent within a single unified model. Therefore, while the combined modeling approach is useful for examining global trends, 
subclass-based modeling appears to be more suitable for more precise predictions. 

Another important outcome of this study is that XGBoost provides not only high predictive performance but also an interpretable 
modeling framework. The feature-importance plots revealed which quark contents and quantum numbers were more dominant in 
determining the target variables, while the residual analyses and true-versus-predicted comparisons showed in which physical regions 
the model performed more successfully and where it remained limited. In this respect, the study treats machine learning not merely as a 
numerical prediction tool, but as an analytical framework capable of making visible the patterns that govern hadron properties. 

Table 12. Consolidated Summary of Predictive Performance. This table provides a comprehensive overview of the predictive performance metrics 
(R2, MAE, and RMSE) for all experimental tasks across the baryon, meson, and unified hadron datasets. 

 

In conclusion, this study demonstrates that the XGBoost-based data-driven approach is a powerful method for hadron spectroscopy, 
particularly for mass prediction, and that it becomes effective for width prediction when supported by appropriate physical variables. 
The results suggest that machine learning can provide a complementary contribution to both theoretical and experimental studies in 
hadron physics, especially by offering useful predictions for hadron states where data are limited, uncertainties are high, or physical 
properties have not yet been fully established. In future work, several directions appear particularly promising. Given the observed 
difficulty in generalizing meson width prediction, where validation and test R² values diverged notably, the development of resonance-
aware feature representations that explicitly encode decay channel information could substantially improve performance. Additionally, 
probabilistic models incorporating uncertainty estimation would be valuable for hadron states where experimental measurements are 
sparse or conflicting. Expanding the dataset to include exotic hadron candidates such as tetraquarks and pentaquarks, and benchmarking 
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XGBoost against deep learning approaches on the same unified feature space, would further clarify the boundaries and advantages of 
the data-driven approach in hadron spectroscopy. 
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