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Abstract: The rapid growth of engineered nanoparticles in medicine, electronics, and industry has 

increased the need for reliable toxicity assessment. In response, this study develops nano-QSTR 

regression models using Extreme Gradient Boosting (XGBoost) and Random Forest (RF), with Ridge 

regression included as a baseline model, to predict nanoparticle cytotoxicity measured as percent cell 

viability. The models incorporate features related to nanoparticle properties, biological characteristics, 

exposure conditions, synthesis methods, and surface coatings. A dataset of 4,856 samples was used, 

with 3,887 for training and 969 for testing. During repeated cross-validation (rcv) on the training data, 

XGBoost achieved R2
rcv=81.84%±1.79, RMSErcv=12.73%±0.60, and MAErcv=8.15%±0.29, and RF 

reached R2
rcv=76.42%±2.46, RMSErcv=14.79%±0.90, and MAErcv=10.01%±0.40. Whereas, Ridge 

performed substantially worse (R2
rcv=33.74%±2.53, RMSErcv=24.33%±0.61 , MAErcv=18.42%±0.45). 

External validation confirmed these trends: XGBoost achieved R2
test=80.25%, RMSEtest=13.09%, and 

MAEtest=9.01%, RF reached R2
test=75.59%, RMSEtest=14.87%, MAEtest=10.32%, and Ridge obtained 

R2
test=33.02%, RMSEtest=24.13%, MAEtest=18.27%. Feature importance analysis from the ensemble 

models identified primarily nanoparticle concentration, size, diameter, zeta potential, exposure time, 

number of cells, and synthesis method as key drivers of cytotoxicity. These results demonstrate that 

ensemble models can reliably predict cytotoxicity and highlight factors critical for early safety 

assessment. 
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1. Introduction 

Nanotechnology has enabled the creation of engineered nanoparticles with unique 

physicochemical properties, which are increasingly applied in medicine, electronics, and 

industrial processes [1, 2]. However, these materials can interact with biological systems in 

complex ways, potentially reducing cell viability or inducing cytotoxic effects [3, 4]. 

Experimental evaluation of nanoparticle toxicity is often costly, time-consuming, and ethically 

challenging, limiting the ability to screen the rapidly growing variety of nanoparticles [5, 6]. 

Computational approaches, such as quantitative structure–activity relationship (QSAR) or 

quantitative structure–toxicity relationship (QSTR) modeling, offer a practical solution by 

linking measurable nanoparticle and exposure features to biological responses. These in silico 

methods can support rapid toxicity assessment and guide the design of safer nanoparticles [6, 

7]. 

Numerous studies have applied nano-QSAR or nano-QSTR models to predict 

nanoparticle cytotoxicity or effects on cell viability. Early work by Puzyn et al. showed that 

nano-QSAR models could predict the cytotoxicity of metal oxide nanoparticles using 

descriptors that capture size, composition, and surface properties [5, 7]. Researchers have also 

developed nano-QSAR models to understand the cytotoxic properties of TiO₂-based 

nanoparticles using SMILES-based descriptors and structural features [8]. 

Recent machine learning-based nano-QSAR studies demonstrate the growing role of 

advanced algorithms in nanosafety assessment. For example, Random Forest and AdaBoost 

have been used to predict cytotoxic responses of nano-TiO₂ and heavy metal mixtures in human 

cells, achieving improved accuracy when combined with data clustering [9]. Meneses et al. 

developed nano-QSTR models using tree-based ensemble methods, including Random Forest, 

Extra Trees, and Gradient Boosting, showing that nonlinear learners can effectively capture 

complex structure–toxicity relationships [10]. Similarly, Park et al. (2025) evaluated a multi-

target nano-QSAR framework for continuous cytotoxicity prediction using XGBoost, Random 

Forest, Support Vector Regression, Extra Trees, Gradient Boosting, CatBoost, Transformer, 

and Multilayer Perceptron, providing a comprehensive example of ensemble methods applied 

to regression tasks [11]. Despite their predictive power, these studies relied on relatively limited 

feature sets focused on specific physicochemical or structural properties, which may restrict 

model generalizability across diverse nanoparticles and exposure conditions. 

In contrast, Ahmadi et al. applied several machine learning classifiers, including 

Decision Tree, Random Forest, Support Vector Machine, Naïve Bayes, and Artificial Neural 

Network, to predict nanoparticle toxicity using physicochemical properties, exposure 

conditions, and cellular response data. Their study formulated toxicity prediction as a 

classification task based on cell death responses. While these models effectively distinguished 

toxicity outcomes, categorical endpoints limit their ability to capture continuous variation in 

cytotoxicity [12]. Valeriano et al. further demonstrated high predictive performance using 

regularized regression models, such as Ridge, Lasso, and Elastic Net, consistently identifying 

cell tissue, material, synthesis method, cell type, coat or functional group, and cell source as 

key features. However, these models primarily addressed classification tasks using binary-

coded cell viability rather than continuous percentage cell viability [13]. 

Collectively, previous nano-QSAR and nano-QSTR studies show three main 

limitations. First, many rely on a limited set of features. Second, several treat toxicity 

predictions as a classification problem (toxic vs. non-toxic) rather than predicting the exact 
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percentage of cell viability. Third, even when ensemble methods are used, researchers often do 

not compare their performance with simpler regression models to clearly demonstrate their 

added value. 

To address these gaps, this study develops nano-QSTR regression models that predict 

continuous cytotoxicity based on percentage cell viability. The framework integrates 

nanoparticle physicochemical properties, exposure conditions, biological descriptors, and 

synthesis and coating information. We implemented Extreme Gradient Boosting (XGBoost) 

and Random Forest (RF) as ensemble methods and compared them directly with Ridge 

regression as a baseline to assess whether more complex approaches improve predictive 

performance. 

XGBoost and Random Forest (RF) were selected because they are widely used 

ensemble methods that perform well on structured tabular data. Random Forest is a bagging-

based ensemble, which means it builds many decision trees using random subsets of the data 

and features, then combines their predictions. This helps reduce overfitting, capture complex 

patterns, and make the model more stable [14]. 

XGBoost is a boosting-based ensemble, which builds trees sequentially, with each tree 

focusing on the errors of the previous ones. This process allows boosting to gradually improve 

predictions by combining the strengths of multiple weak learners. XGBoost adds regularization 

and optimized tree construction to improve both accuracy and computational efficiency [15]. 

Comparative studies show that XGBoost provides a good balance of training speed and 

predictive performance compared with other gradient boosting methods, such as LightGBM 

and CatBoost [16]. 

By using both RF and XGBoost, this study compares two different ensemble strategies, 

bagging and boosting, within the same nano-QSTR framework, demonstrating how these 

approaches capture patterns in the data differently. In addition, Ridge regression is used as a 

simple linear baseline model that addresses multicollinearity without removing any features 

[17]. Valeriano et al. have shown that this model performs well when cytotoxicity is treated as 

a binary outcome; however, its performance may decline when predicting continuous 

cytotoxicity. This provides a clear reference point for evaluating the advantages of nonlinear 

ensemble models [13]. 

To ensure reliable results, model development follows OECD guidelines for QSAR or 

QSTR studies, including clear endpoint definition, unambiguous algorithms, appropriate 

validation, applicability domain assessment, and mechanistic interpretation, if possible [18]. 

2. Materials and Methods 

2.1. Data description. 

This study utilized a structured nanotoxicity dataset adapted from Valeriano et al. [13], 

originally compiled by Gul et al. [19], which provides experimentally measured cytotoxicity 

in terms of cell viability (%) as the target variable for engineered nanoparticles. It contained 

n= 4683 observations, and each observation included 25 features categorized as follows: 

physicochemical properties: diameter (nm), size in medium (nm), size in water (nm), zeta in 

medium (mV), zeta in water (mV), surface charge, shape, aspect ratio, polydispersity index 

(PDI), core material, and nanoparticle type. Exposure-related features: concentration (μg/ml) 

and exposure time (hr). Biological features (including assay-related): number of cells (cells per 

well), cell type, cell tissue origin, subject (human or animal), cell source, cell morphology, cell 
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age, cell line or primary cell, cell viability test, and test indicator. Synthesis and coating 

information: coat functional group and synthesis method.After removing features with a high 

percentage of missing values and observations with cell viability values less than 0, a total of 

21 features and 4856 observations were retained for modeling. 

2.2. Software and packages. 

The results of this study were generated using R software [20]. Data wrangling and 

visualization were performed mainly using functions from the tidyverse and ggplot2 packages, 

respectively [21]. Missing values were handled using the kNN() function from the VIM 

package [22]. Feature selection was conducted with the Boruta package using its Boruta() and 

TentativeRoughFix() functions [23], while machine learning models were implemented using 

the caret package for training, hyperparameter tuning, and model evaluation [24]. Specifically, 

the train() function from caret was used with the argument method set to "xgbTree", "rf", and 

"glmnet" for training XGBoost, Random Forest, and Ridge regression models, respectively. 

Standardization and dummy encoding were performed using recipe(), step_center(), 

step_dummy(), prep(), and bake() functions from the recipes package [25]. Principal 

component analysis and Hotelling's T2 for applicability domain assessment were carried out 

using base R functions, such as prcomp(). 

2.3. Data preparation, model development, and evaluation. 

2.3.1. Data splitting. 

Prior to splitting, observations with cell viability < 0 were removed. The cleaned dataset 

(n = 4856) was then divided into an 80% training set (n = 3887) and a 20% testing set (n = 969) 

using stratified random sampling to preserve the distribution of cytotoxicity values across both 

subsets. We used the training set for model fitting and hyperparameter tuning, and held out the 

testing set for external validation to provide an unbiased assessment of predictive performance. 

An 80:20 split was selected to balance model estimation and generalization assessment. This 

split allows the majority of the data to be used for model learning while retaining a sufficiently 

large independent test set for reliable performance evaluation. Allocating substantially more 

than 80% of the data to training may weaken the reliability of performance evaluation due to 

a limited test set, whereas allocating more than 40% to testing may reduce the stability of 

parameter estimation. Given the dataset size (n=4856) and the use of repeated cross-validation 

within the training set, this proportion supports robust model estimation while maintaining 

adequate data for independent evaluation of predictive generalization [26, 27]. 

2.3.2. Data preprocessing. 

Data preprocessing was conducted to prepare the dataset for machine learning 

modeling. The preprocessing consisted of several steps, namely missing value handling, 

categorical feature handling, scaling, and feature selection. The first step, missing value 

handling, involved excluding features with a high proportion of missing values (i.e., > 50%, 

corresponding to about 1,944 or more observations) to reduce noise and enhance model 

reliability. Moreover, missing values in the remaining features were imputed using k-nearest 

neighbors (kNN) with k= 5 [22]. Distances between observations in the kNN algorithm were 

calculated using a variation of Gower’s distance, suitable for mixed data (i.e., both categorical 
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and numeric features). Each feature was weighted according to its importance. Numeric values 

were imputed as a weighted mean, while categorical values were imputed as the most common 

category among the neighbors. The choice of k=5 follows the default value that balances the 

use of too few neighbors, which can make imputation unstable, and too many neighbors, which 

can oversmooth the data. This provides reliable imputation while preserving local patterns in 

the nanotoxicity data [28]. The second step, categorical feature handling, involved grouping 

rare categories (categories <1.5% of the total observations or n<58) within categorical variables 

into a single category labeled “Others” to reduce sparsity. This threshold was chosen to prevent 

unstable parameter estimates and overfitting from very small groups while retaining 

meaningful variability in the data. Moreover, all categorical features were then converted to 

binary numeric variables using dummy encoding to make them compatible with machine 

learning algorithms. The third step, scaling, involved standardizing numeric features using z-

score transformation to ensure comparability across features measured on different scales. The 

fourth and final step, feature selection, used the Boruta algorithm, a random forest–based 

method that identifies relevant predictors by comparing each feature's importance to shadow 

(randomly permuted) versions of the same feature [23]. Features confirmed as important by 

Boruta were retained for modeling, while features deemed uninformative were removed. 

All preprocessing steps, including kNN imputation, rare category lumping, dummy 

encoding, standardization, and feature selection using the Boruta algorithm, were applied 

exclusively to the training set. The same transformations were then applied to the testing set, 

with missing values imputed independently within the test data using the same kNN procedure 

(k=5 weighted Gower distance for mixed features). That is, categorical levels in the test set 

were aligned with those in the training set, and numeric features were standardized using the 

training set means and standard deviations. Independent imputation of the test set was 

necessary because the VIM kNN algorithm for mixed data cannot directly use the training set 

as a reference. Likewise, the features selected by the Boruta algorithm in the training set were 

retained for the testing set. By processing the training and testing sets in this way, data leakage 

is avoided, and model evaluation reflects reliable predictive performance on unseen data. 

2.3.3. Model development. 

Two ensemble machine learning methods were used to develop nano-QSTR models: 

XGBoost and RF. These methods were chosen for their ability to handle complex datasets and 

nonlinear relationships. In addition, Ridge regression was included as a baseline model to 

provide a regularized linear benchmark for comparison with the ensemble approaches. 

All three models were trained on the processed training dataset, and hyperparameter 

tuning used a grid search strategy, systematically testing multiple combinations of 

hyperparameters to identify the set that produced the best predictive performance. Grid search 

was combined with 5-fold cross-validation repeated five times, in which the training data were 

split into five equal parts: four parts were used to fit the model and one part to validate it. This 

process was repeated five times with different random splits to reduce variability in 

performance estimates and provide a more reliable evaluation of model accuracy. Combining 

grid search and repeated cross-validation ensures the selected hyperparameters are robust, 

reduces the risk of overfitting, and provides realistic performance estimates on unseen data 

[27]. 

XGBoost is a gradient boosting method that builds decision trees sequentially while 

optimizing a regularized objective function to reduce overfitting [15]. Hyperparameters, which 
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govern model structure and learning behavior, were tuned to optimize performance using the 

following grid. The number of boosting iterations (nrounds) was varied from 100 to 1,000 in 

increments of 50, resulting in nrounds ∈ {100, 150, 200, 250, …, 1000}. The learning rate (eta) 

was varied across the values 0.025, 0.05, 0.1, and 0.3, or eta ∈ {0.025, 0.05, 0.1, 0.3}. The 

maximum tree depth (max_depth) was varied across values from 2 to 6, or max_depth ∈ {2, 3, 

4, 5, 6}. The remaining hyperparameters were fixed at gamma = 0, subsample = 1, 

colsample_bytree = 1, and min_child_weight = 1. 

The range of nrounds was selected to allow sufficient model learning while limiting the 

risk of overfitting. The learning-rate values provided a range from highly stable learning at eta 

= 0.025 to faster convergence at eta = 0.3, with the intermediate values (eta ∈ {0.5, 0.1}) 

providing a balance between learning speed and stability. The selected max_depth values 

allowed the model to range from shallow trees (max_depth = 2), which may reduce overfitting 

but potentially underfit the data, to deeper trees (max_depth = 6), which are capable of 

capturing more complex patterns but carry a greater risk of overfitting. The intermediate values 

(max_depth ∈ {3, 4, 5}) may provide a balance between model flexibility and generalization 

by capturing moderate patterns while limiting overfitting. The remaining hyperparameters were 

fixed at standard values to constrain the tuning space and ensure stable training. Specifically, 

gamma controls the minimum loss reduction required to make a split and was fixed at 0 to 

allow all potential splits and simplify tuning. The subsample hyperparameter was set to 1 to 

ensure that all training observations were used in each boosting round, thereby avoiding 

additional randomness. The colsample_bytree hyperparameter was fixed at 1, meaning that all 

features were used when constructing each tree. The min_child_weight hyperparameter sets the 

minimum sum of instance weights required in a child node and was fixed at 1 to avoid overly 

restrictive splitting while allowing overfitting to be controlled through other tuned 

hyperparameters. 

Random Forest (RF) builds multiple decision trees using bootstrap samples of the data 

and random subsets of features at each split [14], which reduces the effects of noise and 

correlated predictors while allowing the model to capture complex patterns. Hyperparameter 

tuning focused on the number of features considered at each split (mtry), using the values 2, 

64, and 127. The number of trees (ntree) was fixed at 500, and the minimum node size 

(nodesize) at 5. The mtry ∈ {2, 64, 127} values represent few, moderate, and many features, 

respectively, to balance randomness and model accuracy, while ntree and nodesize were held 

constant. Setting ntree to 500 ensures a sufficiently large forest for stable predictions without 

high computational cost. The nodesize parameter controls the minimum number of 

observations in terminal nodes and was fixed at 5, which is the default for regression tasks, to 

balance bias and variance. 

Ridge regression extends ordinary least squares regression by adding L2 regularization 

to reduce multicollinearity and prevent overfitting, particularly when features are highly 

correlated [17, 27]. In Ridge regression, the lambda hyperparameter controls the strength of 

regularization. Smaller lambda values result in minimal shrinkage and allow the model to fit 

the data more closely, whereas larger lambda values apply stronger shrinkage, reducing 

variance but potentially increasing bias. To thoroughly evaluate the effect of regularization, 

lambda was systematically tuned over a wide range from 0.1 to 10 in increments of 0.05, that 

is, lambda ∈{0.1,0.15,0.2,…,10}. This extended range ensures that both weak and strong 

regularization levels were examined, allowing the model to identify the optimal balance 

between bias and variance. 
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All hyperparameter ranges for XGBoost, RF, and Ridge were chosen to balance model 

accuracy and generalization while considering computational efficiency. Model performance 

was evaluated using root mean squared error (RMSE), mean absolute error (MAE), and 

coefficient of determination (R2). Let 𝑦𝑖 denote observed cytotoxicity and 𝑦̂𝑖 denote predicted 

values for 𝑛 observations. The evaluation metrics are defined as follows: 

𝑅𝑀𝑆𝐸 = √
1

𝑛
∑ (

𝑛

𝑖=1
𝑦𝑖 − 𝑦̂𝑖)2 (1),   𝑀𝐴𝐸 =

1

𝑛
∑ ∣𝑛

𝑖=1 𝑦𝑖 − 𝑦̂𝑖 ∣  (2), 

and 

𝑅2 = 1 −
∑ (

𝑛

𝑖=1
𝑦𝑖−𝑦̂𝑖)2

∑ (
𝑛

𝑖=1
𝑦𝑖−𝑦̄)2

       (3) 

where 𝑦̄ is the mean observed cell viability in the corresponding dataset partition. Performance 

metrics were computed for each fold and repetition during cross-validation and then averaged 

to obtain stable estimates of predictive performance. The optimal hyperparameters were 

selected based on the best mean cross-validated metrics. For external validation, the final tuned 

models were evaluated once using the independent testing dataset [27]. 

2.3.4. External validation. 

External validation was carried out using an independent testing set to assess how well 

the models generalize to unseen nanoparticle samples. Model behavior was first examined 

using plots of predicted versus true cytotoxicity and prediction error distributions to visually 

evaluate agreement with experimental measurements and identify differences in error patterns 

among XGBoost, RF, and Ridge. To test for statistically significant differences in prediction 

errors among models, we applied the Kruskal–Wallis test, followed by Bonferroni-adjusted 

pairwise comparisons. The Kruskal–Wallis test is a nonparametric alternative to one-way 

ANOVA that compares the distributions of three or more independent groups without assuming 

normality [29]. The null hypothesis (𝐻0) states that the distribution (or median) of prediction 

errors is the same across all three models. The alternative hypothesis (𝐻1) states that at least 

one model differs. 𝐻0 was rejected when the p-value was less than 𝛼 = 0.05 level of 

significance. If the overall test was significant, we conducted Bonferroni-adjusted pairwise 

comparisons to determine which specific model pairs differed [30]. For each pairwise 

comparison, 𝐻0 states that the two models have equal prediction error distributions, while 𝐻1 

states that the distributions differ. The Bonferroni correction adjusts the significance level by 

dividing 𝛼 by the number of comparisons to control the family-wise error rate. A pairwise 

difference was considered significant when the adjusted p-value was less than 𝛼 = 0.05. This 

nonparametric approach was preferred over ANOVA because prediction errors may violate 

normality and homogeneity of variance assumptions. These analyses provide insight into 

prediction stability, bias, and performance across different cytotoxicity ranges. After this 

qualitative assessment, standard external validation metrics were calculated to allow a direct 

quantitative comparison of predictive accuracy between the two nano-QSTR models. 

Moreover, we compared the external-validation performance metrics with those from model 

training by computing their differences to assess overfitting. Overfitting occurs when a trained 

model fails to generalize well to new data. It is indicated when performance metrics during 

model training are substantially higher than those obtained during external validation. 
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2.4. Feature importance. 

Feature importance analysis was performed to improve the interpretability of the 

ensemble machine learning models. For XGBoost and RF, importance scores were derived 

from the internal structure of the tree-based models. 

In the XGBoost model, feature importance was based on the gain metric, which 

measures how much each feature contributes to reducing prediction error when it is used to 

split decision trees. Features that result in larger reductions in error across the ensemble receive 

higher importance scores. 

For the RF model, variable importance was estimated using a permutation-based 

approach. For each tree in the forest, the mean squared error (𝑀𝑆𝐸) is first calculated on the 

out-of-bag (OOB) portion of the data. Then, the values of each feature are randomly permuted, 

and the 𝑀𝑆𝐸 is recalculated on the same OOB data. The increase in 𝑀𝑆𝐸 caused by permuting 

the feature is averaged across all trees and normalized by the standard error. Features that cause 

a larger increase in 𝑀𝑆𝐸 when permuted are considered more important. If the standard error 

is zero for a feature, the normalization step is skipped. 

Finally, for Ridge, feature importance was assessed based on the magnitude of the 

standardized model coefficients. Larger absolute coefficients indicate a stronger influence of 

the corresponding feature on cytotoxicity. 

For all models, importance values were scaled relative to the most influential feature, 

which was assigned a value of 100. All other predictors were expressed as percentages of this 

maximum importance. This normalization allows direct comparison of feature importance 

within each model and improves the clarity of interpretation. The top-ranked features were 

selected to present the key factors influencing cytotoxicity prediction [14, 15, 24]. 

2.4. Applicability domain assessment: PCA bounding box and Hotelling’s. T.2 

The applicability domain (AD) of the developed nano-QSTR models was assessed 

using a principal component analysis (PCA)-based approach, combining a bounding box 

method with Hotelling’s 𝑇2 statistic. PCA was performed on the preprocessed training feature 

matrix, and the principal components were ranked according to the proportion of explained 

variance. The first two components (𝑃𝐶1 and 𝑃𝐶2), which together captured the largest 

variance, were initially used to define a bounding box, where the minimum and maximum 

scores for each component among the training samples set the AD limits: 

𝑃𝐶min(𝑗) = min 𝑃𝐶𝑖(𝑗), 𝑃𝐶max(𝑗) = max 𝑃𝐶𝑖(𝑗)   (4) 

where 𝑃𝐶𝑖(𝑗)denotes the score of training sample i on principal component j. A testing 

sample was considered inside the AD if: 

𝑃𝐶min(𝑗) ≤ 𝑃𝐶test(𝑗) ≤ 𝑃𝐶max(𝑗) for all retained PCs.    (5) 

While the bounding box provides a straightforward range-based check, it does not 

quantify the multivariate distance of a sample from the central distribution of training data. To 

address this, we applied Hotelling’s 𝑇2 statistic, which measures the squared multivariate 

distance of a sample in the PCA space, accounting for the variance along each component. For 

sample i, the 𝑇2 distance is defined as: 𝑇𝑖
2 = ∑

𝑡𝑖𝑗
2

𝜆𝑗

𝑎
𝑗=1 , where 𝑡𝑖𝑗is the score of sample i on 

principal component j, 𝜆𝑗is the eigenvalue of that component, and 𝑎is the number of retained 

𝑃𝐶s. A critical threshold for 𝑇2 at a chosen confidence level (commonly 𝛼 = 0.95) can be 
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computed based on the 𝐹-distribution: 𝑇crit
2 =

𝑎(𝑛−1)

𝑛−𝑎
𝐹𝑎,𝑛−𝑎,𝛼, where 𝑛is the number of training 

samples, and 𝐹𝑎,𝑛−𝑎,𝛼is the critical 𝐹 value. Samples with  𝑇2 values exceeding this threshold 

are considered statistically distant from the training distribution and therefore outside the AD. 

By combining the PCA bounding box and Hotelling’s 𝑇2, this approach ensures that test 

samples are both within the range of observed feature values and not multivariately distant 

from the training set. This dual assessment provides a robust applicability domain suitable for 

nonlinear nano-QSTR models and is consistent with established projection-based AD 

methodologies in QSAR/QSTR studies [31-39]. 

3. Results and Discussion 

3.1. Data preparation for model training. 

Initial cleaning removed observations with biologically implausible cytotoxicity values 

(cell viability < 0), these are observations1107, 1339,1718, 1742, 1750, 2771, and 4542, 

reducing the dataset slightly from 4863 to 4856 samples, indicating minimal data quality issues. 

The dataset was then split, resulting in 3,887 samples for training and 969 samples for the 

testing set. Features with more than 50% missing values in the training set (n > 1944), such as 

aspect ratio, PDI, zeta in medium, and size in medium, were excluded, reducing the number of 

features from 25 to 21. This step reduced the number of features from 25 to 21, as shown in 

Table 1. Remaining missing values were imputed using k-nearest neighbors. For categorical 

features, rare categories representing less than 1.5% (n < 58) of observations were lumped into 

an “Others” group. Numeric features were standardized to have a mean of 0 and variance of 1, 

while categorical variables were dummy encoded, expanding the feature set from 21 to 130 

features. Boruta feature selection was then applied, removing three non-informative binary 

features (Cell Type: L929, Cell Tissue: Subcutaneous Connective Tissue, and Cell 

Morphology: Neuronal), resulting in a final set of 127 features. As a result, these steps 

improved data quality, reduced noise and sparsity, and produced a robust feature set for model 

development while ensuring consistent preprocessing across training and testing sets. 

Table 1. Features with missing values. 

No. Features No. of missing values Percentage (%) 

1 Aspect Ratio 3606 92.77 

2 PDI 2625 67.53 

3 Zeta Potential in Medium (mV) 2420 62.26 

4 Particle Size in Medium (nm) 2079 53.49 

5 Particle Size in Water (nm) 1445 37.18 

6 Zeta Potential in Water (mV) 1387 35.68 

7 Particle Diameter (nm) 968 24.9 

8 Surface Charge 959 24.67 

9 Number of Cells (cells/well) 711 18.29 

10 Concentration (µg/mL) 141 3.63 

11 Coating Functional Group 63 1.62 

12 Cell Age 4 0.1 

The remaining missing values were imputed using the k-nearest neighbors algorithm 

with k = 5. For categorical features, rare categories representing less than 1.5% of the 

observations, corresponding to fewer than 58 samples, were grouped into an “Others” category 

to reduce sparsity. Categorical features were then converted into dummy variables, which 

expanded the feature space from 21 to 130 features. Numerical features were standardized to 

have a mean of 0 and a variance of 1 to ensure comparability across features and to improve 
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model stability. Boruta feature selection was then applied, removing three non-informative 

binary features (Cell Type: L929, Cell Tissue: Subcutaneous Connective Tissue, and Cell 

Morphology: Neuronal), resulting in a final set of 127 features. As a result, these steps 

improved data quality, reduced noise and sparsity, and produced a robust feature set for model 

development, while ensuring that preprocessing was applied consistently to both training and 

testing sets. 

3.2. Model training with hyperparameter tuning and repeated 5-fold cross-validation. 

Figure 1 shows the results of repeated cross-validation (rcv) for the XGBoost model. 

The model performed best with a maximum tree depth (max_depth) of 6, a learning rate (eta) 

of 0.1, and 1,000 boosting iterations (nrounds). Under these settings, the model achieved an 

R2
rcv of81.84%, an RMSErcv of 12.73%, and a MAErcv of 8.15%. This means that the model can 

explain about 81.84% of the variation in cytotoxicity, showing strong predictive ability for this 

dataset. Given that cytotoxicity values range from 0 to 234.63%, with a median of 87.44% and 

a mean of 77.42%, the R2
rcv, RMSErcv, and MAErcv values are relatively small. Most predictions 

are therefore close to the observed values, and the model errors are minor compared to the data 

range. The choice of a moderately deep tree (max_depth = 6) allows the model to capture 

complex patterns without overfitting. The learning rate (eta = 0.1) ensures stable learning in 

small steps, while the high number of boosting rounds (nrounds = 1,000) lets the model 

gradually refine its predictions. These hyperparameters enable XGBoost to model the 

relationship between nanoparticle features and cytotoxicity effectively, producing accurate and 

reliable predictions for the dataset. 

 
(a) 

 
(b) 

 
(c) 

Figure 1. XGBoost performance across various hyperparameters: (a) R2
rcv vs nrounds by max_depth and eta; 

(b) RMSErcv vs nrounds by max_depth and eta ; (c) MAErcv vs nrounds by max_depth and eta. 

Figure 2 presents the repeated cross-validated performance of the RF model across 

different 𝑚𝑡𝑟𝑦 values. The highest R2
rcv (76.42%) and the lowest RMSErcv (14.79%) were 
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obtained when 𝑚𝑡𝑟𝑦 =  64. Although the lowest 𝑀𝐴𝐸rcv (9.99%) occurred at mtry = 127, 

the R2
rcv and RMSErcv results indicate that mtry = 64 provides a better balance between 

predictive accuracy and error and was therefore selected as the optimal setting. At this value, 

the MAErcv was 10.01%. Using mtry = 64 allows the model to consider a moderate number of 

features at each split, helping to capture important patterns in the training data while avoiding 

excessive randomness. 

When compared to XGBoost, the RF model shows lower R2
rcv and higher RMSErc and 

MAErcv during training, indicating a weaker fit to the training data. This suggests XGBoost 

better captures the complex relationships between nanoparticle features and cytotoxicity in this 

dataset. However, these results are based only on training performance, and external validation 

is still required to evaluate how well both models perform on unseen data. 

 
(a) (b) (c) 

Figure 2. RF performance for different 𝑚𝑡𝑟𝑦 hyperparameter values: (a) R2
rcv vs mtry; (b) RMSErcv  mtry; (c) 

MAErcv vs mtry.  

Figure 3 shows the repeated 5-fold cross-validated performance of the Ridge model for 

different values of the regularization parameter lambda. The best results were obtained at 

lambda = 0.41, where the model achieved the highest R2
rcv of 33.74%, the lowest RMSErcv of 

24.33%, and the lowest 𝑀𝐴𝐸rcv of 18.42%. As lambda increased, R2
rcv gradually decreased, 

while RMSErcv and MAErcv increased.  

 
(a) (b) (c) 

Figure 3. Ridge performance for different 𝑙𝑎𝑚𝑏𝑑𝑎 hyperparameter values (a) R2
rcv vs lambda; (b) RMSErcv vs 

lambda; (c) MAErcv vs lambda. 
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This means that using a larger lambda reduces the model’s ability to fit the data well. 

Compared with XGBoost and RF, the Ridge model shows much lower R and higher RMSErcv, 

and MAErcv. XGBoost achieved an R2
rcv of 81.84%, and RF achieved 76.42%. Ridge explained 

only about 33.74% of the variation in cytotoxicity. In addition, the prediction errors of Ridge 

were almost twice as large as those of XGBoost. These results show that Ridge is less accurate 

for this dataset. 

Table 2 reports the mean and standard deviation (SD) of the performance metrics 

obtained from five repetitions of 5-fold cross-validation. The mean values correspond to the 

optimal performance observed in Figures 1–3, reflecting each model’s best-tuned 

hyperparameters. Smaller standard deviation values indicate greater stability, as they imply that 

the model’s performance remains consistent across the cross-validation folds. For XGBoost, 

the standard deviations are relatively small (R2
rcv:± 1.79%, RMSErcv: ±0.60%, MAErcv: 

±0.29%), indicating consistent performance across folds. The RF model shows slightly higher 

variability (R2
rcv:± 2.46%, RMSErcv:±0.90%, MAErcv:± 0.40%), but the results remain stable 

overall. Ridge also exhibits comparable variability (R2
rcv:± 2.53%, RMSErcv:±0.61%, MAErcv:± 

0.45%). The relatively small standard deviations across all models suggest that the repeated 

cross-validation procedure produced stable, reliable performance estimates. Therefore, the 

differences observed between XGBoost, RF, and Ridge are consistent across folds and reflect 

true differences in predictive performance rather than random variation in the data splits. 

Table 2. Training performance of the optimal nano-QSTR models with uncertainty (Mean ± SD). 

Model R2
rcv ± SD (%) RMSErcv± SD (%) MAErcv ± SD (%) 

XGBoost 81.84 ±  1.79 12.73 ±  0.60 8.15 ± 0.29  

RF 76.42 ±  2.46 14.79 ±   0.90 10.01 ±  0.40 

Ridge 33.74 ±  2.53  24.33 ±  0.61 18.42 ±  0.45 

3.3. Model performance and prediction error analysis on the testing set. 

Prediction errors from the testing set show how well the models estimate nanoparticle 

cytotoxicity. As shown in Figure 4a, the median prediction errors for XGBoost and RF are 

close to 0 relative to the dashed reference line, indicating that neither model systematically 

over- nor underestimates cytotoxicity. Ridge regression, included as a simpler baseline model, 

shows a median prediction error slightly below 0, suggesting a mild tendency to underestimate 

cytotoxicity. Moreover, its error distribution is considerably wider, with more extreme 

deviations, suggesting less precise predictions across the tested nanoparticle samples. 

Differences in the spread of prediction errors are notable. XGBoost exhibits the narrowest error 

distribution, implying its stability. RF has a wider range of errors, including several beyond 

±50%, indicating variable performance for certain feature combinations. Ridge regression 

shows the largest spread and the most extreme outliers, reflecting the limitations of a linear 

approach in modeling the complex, nonlinear relationships in nanoparticle cytotoxicity. The 

agreement between true and predicted cytotoxicity/cell viability values further illustrates these 

differences, as shown in Figure 4b. Predictions from XGBoost and RF generally follow the 

diagonal reference line, showing good overall agreement with experimental measurements. At 

low cytotoxicity levels (cell viability > 100%), the spread of predictions increases for all 

models, with Ridge exhibiting the greatest scatter, RF moderate, and XGBoost the least. In the 

mid-range of cytotoxicity (50% ≤ cell viability ≤ 100%), all models track the observed values 

reasonably well, although Ridge shows slightly larger deviations. At high cytotoxicity levels 

(cell viability < 50%), XGBoost predictions remain the tightest around the true values, followed 
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by RF, while Ridge predictions show greater variability. Statistical testing confirms these 

observations. A Kruskal–Wallis test comparing prediction errors across models revealed a 

significant overall difference (p-value = 0.001 < 0.05). Bonferroni-adjusted post-hoc 

comparisons showed that Ridge errors were significantly larger than those of RF (adjusted p-

value=0.012 < 0.05) and XGBoost (adjusted p-value= 0.001 < 0.05). In contrast, the difference 

between RF and XGBoost errors was not statistically significant(adjusted p-value= 0.487 > 

0.05), indicating that although XGBoost visually appears slightly closer to the true values, its 

predictive performance is statistically comparable to that of RF. Together, these results 

demonstrate that both XGBoost and RF outperform Ridge in predicting nanoparticle 

cytotoxicity. 

 
(a) 

 

 
(b) 

 
Figure 4. Comparison of XGBoost, RF, and Ridge model predictions on the testing set: (a) Distribution of 

prediction errors; (b) True vs predicted cell viability. 

The external validation metrics presented in Table 3 support the findings observed in 

Figure 4. XGBoost shows slightly stronger predictive performance, with an R2
test of 80.25%, 

RMSEtest of 13.09%, and MAEtest of 9.01% compared with RF, which achieved an R2
test of 

75.59%, RMSEtest of 14.87%, and MAEtest of 10.32%. These results indicate that XGBoost 

captures a greater proportion of the variation in nanoparticle cytotoxicity and yields lower 

average prediction errors on unseen samples, consistent with its narrower error distribution and 

more stable behavior across different cytotoxicity levels. In contrast, Ridge regression shows 

substantially lower predictive performance, with an R2
test of 33.02%, RMSEtest of 24.13%, and 

MAEtest of 10.32%. The relatively large errors and reduced explained variance suggest that the 

linear structure assumed by Ridge regression may be insufficient to capture the complex 

nonlinear relationships between nanoparticle descriptors and cytotoxicity, which tree-based 

ensemble methods such as XGBoost and RF model more effectively. 

Table 3. Testing performance of the optimal nano-QSTR models. 

Model R2
test (%) RMSEtest (%) MAEtest  (%) 

XGBoost 80.25 13.09 9.01 

RF 75.59 14.87 10.32 

Ridge 33.02 24.13 18.27 

Recalling the repeated cross-validation results during model training, XGBoost attained 

a R2
rcv of 81.84%, RMSErcv of 12.73%, and MAErcv of 8.15%, with only a small decrease 

observed during external validation. Similarly, RF achieved cross-validated performance of 
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R2
rcv =76.42%, RMSErcv =14.79%, and MAErcv =10.01%, with testing results closely matching 

these values. Conversely, Ridge regression showed substantially lower cross-validated 

performance, with R2
rcv =33.74% RMSErcv =24.33%, and MAErcv =18.42%, indicating weaker 

predictive capability during training compared with the ensemble-based models. Table 4 

quantifies the differences (Δ) between training and testing performance: for XGBoost R2 

decreased by 1.59%, RMSE increased by 0.36%, and MAE increased by 0.86%; for RF, the 

corresponding differences were 0.83%, 0.08%, and 0.33%; while for Ridge regression, R2 

decreased by 0.72%, RMSE increased by 0.20%, and MAE increased by 0.15%. These small 

discrepancies between cross-validated and external validation metrics indicate no overfitting 

and demonstrate that the models generalize well to unseen data. 

Table 4. Differences in training and testing performance of the optimal nano-QSTR models. 

Model ΔR2= R2
rcv − R2

test (%) ΔRMSE= RMSErcv − RMSEtest (%) ΔMAE= MAErcv −MAEtest (%) 

XGBoost 1.59 -0.36 -0.86 

RF 0.83 -0.08 -0.33 

Ridge 0.72 -0.2 -0.15 

3.4. Feature importance analysis. 

Figure 5 shows the top 10 most important features among the 127 descriptors for both 

the XGBoost and RF models. For both models, concentration is the most influential feature, 

followed by particle size in water, zeta potential in water, particle diameter, exposure time, 

number of cells, and synthesis method (commercial). These features consistently rank highest, 

indicating their strong predictive power for cytotoxicity. 

Concentration is expected to be highly important because cell responses to 

nanoparticles are dose-dependent. Higher concentrations increase particle–cell interactions, 

leading to stress and damage that reduce viability [2, 3]. Exposure time also affects toxicity, as 

longer exposure allows more particles to enter and accumulate in cells [4]. 

Smaller particles, reflected by particle size and diameter, have higher surface area, are 

more easily taken up by cells, and tend to be more reactive and potentially harmful than larger 

particles [40]. Zeta potential reflects surface charge, which affects particle stability in 

suspension and interactions with cell membranes, influencing cellular uptake and toxicity [41]. 

The number of cells modifies the effective dose per cell, which can change observed viability 

even at the same concentration [42]. Synthesis method (commercial) also matters, as 

production processes can alter surface quality, impurities, and coatings, affecting cell responses 

[43]. 

Differences between the two models appear mainly in the lower-ranked features (ranks 

8–10). XGBoost emphasizes cell tissue (bone marrow), nanoparticle shape (others), and 

nanoparticle type (inorganic), showing greater sensitivity to tissue context and particle 

structure. Bone marrow is biologically sensitive because it contains fast-dividing cells 

vulnerable to nanoparticles that enter circulation and affect blood cell production [3, 2]. Non-

spherical particles interact differently with membranes, affecting uptake and toxicity [44], and 

inorganic particles can generate reactive oxygen species or release ions, driving toxicity [2]. 

RF, on the other hand, gives more weight to synthesis method (others), material (Au), 

and coat functional group (none), reflecting stronger sensitivity to particle composition and 

surface properties. Synthesis method influences size, shape, defects, and purity, affecting 

stability and biological interactions. Gold nanoparticles are chemically stable, but their effects 

depend on size and coating, with small or uncoated particles showing higher uptake and toxicity  
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[45, 46]. Uncoated surfaces promote protein binding, forming a protein corona that affects 

cellular recognition and uptake, whereas coatings can reduce nonspecific interactions and 

improve biocompatibility [47]. These results show that both models capture biologically 

meaningful relationships between dose, particle properties, exposure, and cell response, 

supporting the reliability and interpretability of the ensemble Nano-QSTR models. 

(a) (b) 

 
(c) 

Figure 5. Top 10 most important features: (a) XGBoost; (b) RF; (c) Ridge. 

In contrast, the Ridge regression model (Figure 4c), which represents a simpler linear 

benchmark, identified a different set of influential features. The top features include material 

(Hap), cell morphology (others), synthesis methods such as ionotropic gelation and emulsion 

solvent evaporation, several specific cell types (e.g., Mbmc, MCF.7, NR8383), and coat 

functional group (OH). These results indicate that the linear Ridge model primarily captures 

associations related to experimental cell context rather than the physicochemical dose-related 

features emphasized by the tree-based models. This difference may suggest that Ridge is less 

capable of modeling complex nonlinear interactions among dose, particle properties, and 

biological conditions when cytotoxicity is expressed as a continuous numeric response (e.g., 

percent cell viability) rather than a binary toxicity outcome. Consequently, while Ridge 

provides a useful baseline regression benchmark, the ensemble models capture broader and 
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more biologically consistent relationships, which explains their superior predictive 

performance. 

3.5. Applicability domain assessment.  

Figure 6 presents the PCA plot of the training and testing sets based on the features 

used in the Nano-QSTR models. The x-axis (PC1) and y-axis (PC2) represent the first two 

principal components, which capture the largest sources of variation in the dataset. We 

performed principal component analysis on the preprocessed training data only, and projected 

the test samples onto the resulting PCA space. Training samples are shown in dark blue, while 

testing samples are shown in yellow.  

 
Figure 6. Applicability domain defined by PCA bounding box and Hotelling’s T2. 

The applicability domain (AD) was defined using quantitative criteria derived from the 

PCA representation of the training data. First, we constructed a PCA bounding box using the 

minimum and maximum principal component scores of the training set. The red dashed 

rectangle in Figure 5 represents this bounding box and defines the limits of the feature space 

covered by the training samples. Based on the training data, the minimum and maximum scores 

were -12.39 and 4.23 for PC1, and -7.07 and 3.82 for PC2. A testing sample is considered to 

fall within this region if its projected scores satisfy -12.39 ≤ PC1_test≤ 4.23 and -7.07 ≤ 

PC2_test≤ 3.82. In addition, Hotelling’s T2 was used as a multivariate distance measure to 

identify observations that deviate substantially from the central distribution of the training data. 

The green ellipse in Figure 5 represents the 95% confidence region defined by Hotelling’s T2 

with a critical value of T2
crit = 6. Because this statistic measures distance from the multivariate 

center, the resulting ellipse is concentrated around the densest region of the training samples 

and is therefore more restrictive than the PCA bounding box. Most testing samples fall within 

the PCA bounding box, indicating that they lie within the feature space covered by the training 

data. However, some observations appear outside the Hotelling’s T2 ellipse, suggesting that 

they are relatively distant from the central training distribution even though they remain within 

the overall domain. Predictions for samples near the domain boundaries may therefore be 

associated with greater uncertainty. 
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3.6. Compliance with the OECD (Q)SAR validation principles. 

The Nano-QSTR models were developed following the five validation principles of the 

Organization for Economic Co-operation and Development (OECD). In line with principle 1 

(a defined endpoint), the endpoint was clearly defined as in vitro cytotoxicity, expressed as 

percentage cell viability, and values below 0 were removed to ensure consistency. In 

accordance with principle 2 (an unambiguous algorithm), the modeling methods- XGBoost, 

Random Forest, and Ridge regression- are clearly described, including data preprocessing, 

hyperparameter ranges, repeated 5-fold cross-validation, and the selected optimal settings to 

ensure transparency and reproducibility. For principle 3 (a defined applicability domain), a 

PCA-based bounding box built from the preprocessed training data was used to verify whether 

testing samples were within the model’s range. Most testing samples were inside this domain, 

supporting reliable predictions. Following principle 4 (goodness-of-fit, robustness, and 

predictivity), model performance was evaluated using repeated cross-validation and an 

independent testing set with R², RMSE, and MAE. The small differences between training and 

testing results show good generalization without evidence of overfitting. Finally, addressing 

principle 5 (mechanistic interpretation), feature importance analysis based on ensemble models 

identified meaningful features such as concentration, particle size, zeta potential, and exposure 

time, which agree with known mechanisms of nanoparticle toxicity. 

3.7. Study limitations and potential sources of bias. 

Despite the strong predictive performance of the Nano-QSTR models, some limitations 

should be noted. The dataset includes 4856 observations from multiple studies covering 

physicochemical properties, exposure-related features, biological features, and synthesis and 

coating information. While these factors were included as model features, some unexplained 

variability between studies may remain, such as minor differences in reagents, instruments, or 

laboratory procedures. Some features, including particle size in medium and zeta potential in 

medium, were excluded due to a high proportion of missing values. Although this improves 

model robustness, it may reduce mechanistic completeness. Rare categorical levels were 

grouped into an “Others” category to reduce overfitting, which may mask small but meaningful 

effects. In addition, some features may be correlated, particularly among features describing 

nanoparticle size or surface properties, which may influence how feature importance is 

distributed among related features in the machine learning models. Moreover, the applicability 

domain analysis also shows that a few testing samples lie near the boundary of the training 

space, making predictions for these samples less certain. 

4. Conclusions 

Nano-QSTR regression models were developed to predict nanoparticle cytotoxicity as 

continuous cell viability (%), integrating physicochemical properties, exposure conditions, 

biological descriptors, and synthesis/coating information. Extreme Gradient Boosting 

(XGBoost) and Random Forest (RF) were implemented as ensemble models and compared 

with Ridge regression as a baseline. During repeated cross-validation, XGBoost achieved 

R2
rcv=81.84% ± 1.79%, RMSErcv=12.73% ± 0.60%, MAErcv= 8.15% ± 0.29%, while RF 

achieved R2
rcv=76.42% ± 2.46%, RMSErcv=14.79% ± 0.90%, MAErcv= 10.01% ± 0.40%. Ridge 

regression, used as a baseline, showed substantially lower performance with R2
rcv=33.74% ± 

2.53%, RMSErcv=24.33% ± 0.61%, MAErcv= 18.42% ± 0.45%, confirming that the ensemble 
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models strongly outperform the simpler baseline. External validation results were consistent, 

with XGBoost achieving R2
test = 80.25%, RMSEtest= 13.09%, MAEtest=9.01%, RF achieving 

R2
test = 75.59%, RMSEtest= 14.87%, MAEtest=10.32%, and Ridge reaching R2

test = 33.02%, 

RMSEtest= 24.13%, MAEtest=18.27%, further demonstrating the superior predictive 

performance of the ensemble models. The small differences between training and testing 

performance, for example, XGBoost: ΔR2=1.59%, ΔRMSE=−0.36%, ΔMAE=−0.86%, 

indicate that the models did not overfit and they generalize well to unseen data. 

Feature importance analysis, based on XGBoost and RF, determined nanoparticle 

concentration, particle size and diameter, zeta potential, exposure time, number of cells, and 

synthesis method as the most influential features, reflecting the combined effects of 

physicochemical, biological, and exposure-related characteristics. Applicability domain 

analysis showed that most testing samples fall within the training feature space, supporting the 

robustness of predictions. Despite the strengths of the models built, some limitations remain. 

The dataset was compiled from multiple studies, and residual variability from experimental 

differences may remain. Certain features, such as particle size and zeta potential in medium, 

were excluded due to high missingness, and a few samples near the boundaries of the 

applicability domain may have less certain predictions. Future work could incorporate 

additional surface chemistry and biological features, such as cellular uptake, reactive oxygen 

species generation, and protein corona formation, and include multiple toxicity endpoints 

beyond cytotoxicity. The proposed nano-QSTR models provide reliable, quantitative 

predictions of nanoparticle cytotoxicity, with XGBoost delivering the highest accuracy, and 

can complement experimental testing in early-stage nanomaterial safety evaluation and design. 
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