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Hydroxyapatite (HAp) is a widely used bioactive material in medical applications such as bone 
tissue engineering, where the crystallinity plays a critical role in determining mechanical 
strength, bioactivity, and bioelectric behavior. The crystallinity is strongly affected by complex 
interactions between dopant elements and processing conditions. In this study, a public 
database was used to develop an explainable artificial intelligence (AI) framework to predict 
the crystallinity of multi-doped HAp based on compositional parameters. A public dataset 
comprising 37 samples with various dopants (e.g., Sr, Zn, Ag, F, and transition metals), 
processing temperatures, and durations was used. Three machine learning (ML) models, 
including XGBoost, random forest, and decision tree, were developed using all features. An 
explainable AI method, Shapley additive explanations (SHAP), was used to identify the most 
relevant features for each model. The features relevant to all models were selected 
(temperature, processing duration, Zn, HAp, Er, and Al). Model performance was assessed 
before and after feature reduction. XGBoost achieved the best performance with all features 
(R2 = 0.917, root mean squared error as RMSE = 6.03), while feature reduction slightly 
decreased its performance (R2 = 0.881, RMSE = 6.18). In contrast, RF and DT showed notable 
improvements after feature selection, with RF increasing from R2 = 0.814 to 0.872 and DT 
from R2 = 0.574 to 0.688, indicating reduced overfitting and improved generalization. Final 
model interpretation using SHAP revealed that processing parameters (time and temperature) 
dominate crystallinity prediction, followed by specific dopants such as Zn and Er. It was 
demonstrated that combining SHAP-based consensus feature selection with ML provides both 
accurate prediction and meaningful interpretation, offering valuable insights into the factors 
governing HAp crystallinity.  
© 2026 The Authors. Published by Synsint Research Group. 
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 Introduction 1.

Hydroxyapatite (HAp), a calcium phosphate bioceramic, is one of the 
most widely used biomaterials in bone tissue engineering as it has 
compositional similarity to the inorganic phase of natural bone and 
excellent biocompatibility, biodegradability, thermal stability, 
osteoconductivity, and bioactivity [1, 2]. Owing to this structural 
similarity, HAp  is extensively used as an implant material for repairing  

 
and regenerating damaged skeletal tissues [2]. With the increasing 
demand for biomedical applications, including rehabilitation and 
aesthetic treatments, numerous synthesis techniques for HAp 
nanoparticles have been developed [2, 3].  
HAp can be found in natural sources such as animals, plants, and 
minerals like Limestone [4]. However, synthesized HAp can be 
produced using chemical methods such as solid-state reactions, the sol-
gel process, and emulsion, with synthesis and processing conditions 
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affecting its morphology, structure, and physicochemical properties 
[4,5]. Among the modification strategies, ion doping has emerged as an 
effective approach to tailor the structural and functional properties of 
HAp. Incorporation of foreign ions can alter key characteristics such as 
lattice structure, porosity, and crystallinity [6]. Among these properties, 
crystallinity plays an important role in determining mechanical 
strength, dissolution rate, bioactivity, and bioelectric behavior [7]. 
The literature showed that various metals can be used for doping. For 
instance, Fe-doped HAp exhibited increased durability, bioactivity, and 
proliferation [6]. Metal doping could significantly enhance the 
antimicrobial performance of HAp, with ions such as silver (Ag), 
copper (Cu), zinc (Zn), and strontium (Sn) exhibiting measurable 
inhibition zones against pathogens like Escherichia coli (E. coli) and 
Staphylococcus aureus (S. aureus), whereas pure HAp shows negligible 
activity [8]. In addition, manganese (Mn)-doped HAp has been shown 
to possess a biomimetic structure closely resembling natural bone 
apatite, along with high cytocompatibility, indicating strong potential 
for bone tissue engineering applications [9]. Despite these 
advancements, the specific effects of different dopant ions on HAp 
crystallinity remain insufficiently explored. 
Recently, machine learning (ML) and deep learning (DL) approaches 
have emerged as powerful tools for predicting material properties, 
including crystallinity, bioactivity, and biocompatibility, before 
experimental synthesis. Studies have shown that models such as 
XGBoost can accurately predict the crystallinity of ion-doped HAp, 
with Mg2+ and Zn2+ identified as key factors influencing crystallinity 
[7]. Furthermore, crystallinity has been identified as the dominant 
parameter affecting photocatalytic performance, with extreme learning 
machine (ELM) models achieving high prediction accuracy [10]. 
Advanced approaches, including graph convolutional neural networks 
combined with explainable artificial intelligence (XAI), have also 
demonstrated strong capability in capturing structure–property 
relationships in HAp using multiscale datasets, achieving near density 
functional theory (DFT) accuracy [11].  
In this study, we aim to predict the crystallinity of ion-doped HAp 
using ML models combined with XAI techniques. XGBoost, random 
forest (RF), and decision tree (DT) models are employed, while 
Shapley additive explanations (SHAP) are used to interpret the 
influence of different dopants on crystallinity. 

 Methods 2.

All analyses were performed in Python 3.12, using scikit-learn, 
XGBoost, SHAP, pandas, NumPy, and matplotlib libraries. 
Computations were performed on a standard workstation with 16 GB 
RAM and an Intel i7 CPU. 

2.1. Dataset preparation 

The public dataset that was used in this study is available at 
https://github.com/Fajar2006/HAP [7]. It contains information about 
ion concentrations (%) including HAp (%), strontium (Sr), Zn, Ag, 
fluorine (F), nickel (Ni), Cu, iron (Fe), erbium (Er), boron (B), 
aluminum (Al), barium (Ba), tungsten (W), molybdenum (Mo), 
magnesium (Mg), sintering temperature (°C), time (hours) and 
crystallinity (%). This database was collected from previously 
published literature [7]. There were 105 samples; rows with missing 
temperature, time, or crystallinity were removed to ensure dataset 
integrity. The final dataset contained 37 samples with 17 quantitative 

features. All features were numeric. Non-numeric columns (e.g., 
reference URLs) were excluded before modeling. 

2.2. Machine learning models 

Three supervised ML models, including XGBoost, RF, and DT, were 
used to predict crystallinity. All models were implemented using 
default scikit-learn-compatible interfaces and evaluated under identical 
experimental conditions. 
Extreme gradient boosting (XGBoost) 
XGBoost is an ensemble learning method based on gradient boosting 
of decision trees. It builds models sequentially, where each new tree 
minimizes the residual errors of the previous ones. It employs level-
wise tree growth, sparsity-aware splits, and approximate histogram-
based splits for scalability [12]. In this study, these parameters were 
used: Number of boosting rounds (trees) = 300, maximum depth of 
each tree = 4, step size shrinkage = 0.05, fraction of samples used for 
each tree = 0.8, fraction of features used per tree = 0.8.  
Random forest (RF) 
RF builds an ensemble of decorrelated DTs via bagging, where each 
DT is trained on bootstrapped data subsets and random feature subsets 
at splits. Predictions aggregate via majority vote (classification) or 
averaging (regression), reducing variance and improving generalization 
[13]. The parameters were 200 trees in the forest and the default setting 
for other parameters. This model is effective for handling nonlinear 
relationships and noisy data. 
Decision tree (DT) 
DT recursively partitions data based on feature thresholds to minimize 
impurity measures like entropy. Each internal node represents a 
decision, leaves denote class predictions, and splits are chosen greedily 
for optimal local gain [14]. DTs are interpretable but prone to 
overfitting, often addressed via pruning. A maximum depth of 5 was 
used to avoid overfitting. 

2.3. Model evaluation 

The models’ performance metrics, including coefficient of 
determination (R2), adjusted R2, root mean squared error (RMSE), and 
mean absolute error (MAE), were evaluated. R2 and adjusted R2 
measure the proportion of variance explained by the model; RMSE 
evaluates prediction error magnitude, and MAE measures average 
absolute prediction deviation [15]. 

2.4. Explainable AI (XAI) and feature selection (SHAP-based 
consensus) 

To interpret model predictions and define the best features, an 
explainable AI method, SHAP, was used. Based on cooperative game 
theory, SHAP assigns each feature a contribution value, representing its 
influence on the crystallinity relative to a baseline prediction. Positive 
SHAP values indicate that a feature increases the predicted 
crystallinity, whereas negative values indicate a decreasing effect. In 
this study, TreeExplainer was employed for the models to efficiently 
compute accurate feature contribution values, leveraging the inherent 
structure of these models. Global feature importance was obtained by 
averaging the absolute SHAP values across all samples. To ensure 
robustness, a multi-model consensus strategy was employed: SHAP-
based feature rankings were computed independently for each model, 
and features were ranked based on their frequency of appearance in the 
top-10 most important features. Features appearing in all models’ top-
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10 rankings were selected as the final feature subset. This consensus-
based approach reduces model-specific bias and improves the stability 
of selected predictors. 

2.5. Final model training and interpretation 

After feature selection, the final predictive models were retrained using 
only the selected features. The same leave-one-out cross-validation 
(LOOCV) framework was applied to evaluate model performance 
before and after dimensionality reduction. 
The best-performing model (XGBoost) was further analyzed using 
SHAP summary bar plots to investigate the relationship between key 
predictors and crystallinity. These visualizations provided information 
about the magnitude and direction of feature effects. 

 Results 3.

Fig. 1 represents the SHAP bar plots showing the importance of the 
first 10 features for each model. As these figures show, processing time 
and temperature, HAp, Zn, Er, and Al are the parameters that are 
relevant in all models. Hence, they were used to train XGBoost, RF, 
and DT using the LOOCV method. 
Table 1 shows the evaluation metrics for these ML models before and 
after feature reduction. The evaluation of ML models revealed that 
XGBoost significantly outperformed the other algorithms in predicting 
HAp crystallinity. Overall, the XGBoost model demonstrated the 
highest predictive accuracy when trained on the full feature set, 
achieving an R2 of 0.917 and an RMSE of 6.03. The RF model showed 
moderate performance (R2 = 0.81), while the DT model exhibited the 
lowest accuracy (R2 = 0.57), indicating limited generalization 
capability when using all available features. After applying SHAP-
based consensus feature reduction, the performance trends changed 
notably. The XGBoost model experienced a slight decrease in 
predictive performance (R2 = 0.88, RMSE = 6.18), suggesting that the 
removed features contained some useful predictive information. On the 
contrary, both RF and DT models showed clear improvements. The RF 
model improved from R2 = 0.81 to 0.87 and reduced its RMSE from 
10.08 to 7.97, indicating enhanced generalization and reduced variance. 
Similarly, the DT model improved from R2 = 0.57 to 0.68, with RMSE 
decreasing from 13.17 to 11.70, demonstrating that feature reduction 
mitigated overfitting. 
These results indicate that feature selection had a model-dependent 
effect. While XGBoost, which is inherently robust to irrelevant features 
due to its boosting mechanism, performed best with the full feature set, 
simpler models such as RF and DT benefited significantly from 
dimensionality reduction. 
Fig. 2a presents the parity plot for the XGBoost model trained on the 
selected features. The predictions show strong relationships with 
experimental crystallinity values, with most data points distributed 
close to the diagonal line, indicating good predictive accuracy. A few 
deviations are observed, particularly at lower crystallinity values, 
suggesting slightly reduced model performance in that range. Overall, 
the distribution confirms the robustness of the model after feature 
reduction. 
Fig. 2b illustrates the SHAP summary plot for the selected features, 
characterizing their contributions to the model predictions. Among the 
features, processing time and temperature exhibit the largest impact, 
with higher values generally contributing positively to crystallinity. 

This indicates that processing conditions are the dominant factors 
influencing the output.  
Dopant-related features such as Zn, HAp, Er, and Al show 
comparatively  small  but still  meaningful contributions.  Zn and  HAp  

Fig. 1. SHAP bar plots for all models. a) XGBoost, b) random forest, 
and c) decision tree. 

a) 

b) 

c) 
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Table 1. Performance of machine learning methods before and after feature reduction. 

 Basic model Models trained with reduced features 

R2 Adjusted R2 RMSE MAE R2 Adjusted R2 RMSE MAE 

XGBoost 0.917 0.85 6.03 6.03 0.88 0.86 6.18 6.18 

Random forest 0.81 0.68 10.08 10.08 0.87 0.85 7.97 7.97 

Decision tree 0.57 0.27 13.17 13.17 0.68 0.63 11.7 11.7 

 

 
display both positive and negative effects depending on their values, 
suggesting nonlinear interactions with crystallinity. On the contrary, Al 
exhibits a relatively limited influence, with SHAP values clustered 
closer to zero.  

 Discussions 4.

The present study demonstrates that ML models, particularly XGBoost, 
can effectively capture the complex, nonlinear relationships among 
dopant composition, processing parameters (time and temperature), and 
HAp crystallinity. The higher performance of XGBoost (R2 ≈ 0.88–
0.92) shows its suitability for modeling small and heterogeneous 
datasets, where intricate feature interactions and nonlinear 
dependencies are prevalent. Compared to conventional models, its 
boosting-based architecture enables robust learning even in the 
presence of limited data and potential noise. 
The SHAP-based analysis further enhances the interpretability of the 
model by defining the underlying structure–property relationships. 
Processing time and temperature were identified as the most influential 
variables governing crystallinity, which is consistent with their well-
established thermodynamic and kinetic roles in sintering processes. 
These parameters directly influence grain growth, phase stability, and 
the degree of crystal ordering, thereby dominating the crystallization 
behavior of HAp. Higher temperature and prolonged duration likely 
enhance atomic diffusion, reduce lattice defects, and promote crystal 

maturation, thereby increasing crystallinity [16–19]. These results are 
in line with the previous research showing that XGBoost had the 
highest performance in predicting crystallinity, and time and 
temperature were the most contributing parameters [7].  
Among dopants, Zn, Er, and Al consistently showed positive 
contributions across models. This suggests that these ions may act as 
structural stabilizers or promote lattice ordering within the HAp matrix. 
Zn is known to influence osteogenic activity and can substitute into Ca 
sites, potentially enhancing crystal growth [5]. The consistent 
importance of Er is notable and may indicate an underexplored role in 
lattice distortion control or crystallite refinement. It was shown that Er 
dopant leads to thermal stability in HAp [20]. The role of Zn in 
crystallinity is in line with previous findings [7]. Al doping reduces the 
crystallinity of HAp, producing smaller, more disordered nanocrystals 
and increasing lattice defects [21]. At low–moderate Al levels is 
accompanied by a slight increase in thermal stability but overall lower 
structural regularity and solubility of the HAp phase [22].  
The lower performance of the DT model highlights two inherent 
characteristics of the dataset: the presence of complex nonlinear 
interactions among features, and the limited sample size. As a single-
tree model, DT is prone to high variance and overfitting, particularly in 
small datasets where slight variations in training data can lead to 
substantially different tree structures. This instability reduces its 
generalization capability, as reflected in its lower predictive accuracy. 
The RF shows improved performance relative to DT due to its 

Fig. 2. a) Parity plot comparing experimental and predicted crystallinity values obtained using the XGBoost model with selected features and 
b) SHAP summary plot illustrating the relative importance and directional impact of the selected features on crystallinity prediction. 

a) b) 
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ensemble-based variance reduction; however, its performance was 
lower than XGBoost. This suggests that, although bagging mitigates 
overfitting to some extent, it may still struggle to fully capture intricate 
feature interactions under data-scarce conditions. In contrast, the higher 
performance of XGBoost indicates that boosting-based approaches are 
more effective in handling low-sample, high-dimensional materials 
datasets, as they iteratively refine residual errors and better model 
complex nonlinear dependencies.  
Clinical implications 
Although this study is computational, the findings have direct 
implications for biomedical and clinical materials design. Crystallinity 
is strongly correlated with mechanical strength, degradation rate, and 
biological stability of HAp-based implants. The identification of key 
predictors (temperature, time, Zn, Er, and Al) provides a data-driven 
pathway for optimizing implant fabrication protocols. 
Dopant-informed control of crystallinity can be used to engineer 
scaffolds with tailored resorption rates and osteoconductivity, 
improving outcomes in bone defect repair and orthopedic 
reconstruction. The ML framework enables rapid screening of dopant 
combinations without exhaustive experimental synthesis, reducing cost 
and time in preclinical biomaterials development. With further data 
expansion, such models could support patient-specific implant design, 
where crystallinity and degradation rates are tuned according to 
metabolic and anatomical requirements. 
Limitations 
Despite promising results, several limitations should be acknowledged. 
The final dataset included only 37 samples, which significantly limits 
model generalizability and increases the risk of overfitting, even with 
cross-validation. The dataset is compiled from multiple studies with 
potentially inconsistent experimental protocols, measurement 
techniques, and reporting standards, introducing hidden bias and noise. 
Only compositional and processing parameters were included. Other 
relevant factors, such as pH, pressure, precursor type, and synthesis 
route, were not consistently available. Although SHAP improves 
interpretability, feature attribution does not confirm causal 
relationships; it only reflects learned statistical associations. 

 Conclusions 5.

Our results show the effectiveness of ML for predicting HAp 
crystallinity from dopant composition and processing conditions. 
Among the evaluated models, XGBoost achieved the highest predictive 
accuracy and stability, highlighting its suitability for complex, small-
scale materials datasets. 
XAI analysis revealed that sintering temperature and time are the 
dominant drivers of crystallinity, while Zn, Sr, Al, and Er are the most 
influential dopants. These findings provide both predictive capability 
and interpretable views into material design. 
Overall, our findings offer a powerful data-driven approach for guiding 
the optimization of HAp-based biomaterials and may contribute to 
more efficient development of high-performance bone substitute 
materials. 
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