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Abstract:
Respiratory toxicity and lung diseases caused by the adverse effects of drugs or chemicals are a serious public health problem and can even result in death. Drugs or chemicals can cause respiratory reactions that are not immediately obvious apparent, with the main symptoms being including pneumonia, bronchitis, congestion, asthma, and rhinitis. The primary objective of the this study is to develop and validate a reliable and efficient binary classification model that can predict whether organic chemicals are toxic to the respiratory toxic system or non-toxic. By employing the Random Forest machine learning algorithm. This study developed a random forest (RF) model based on a large and diverse dataset to classify whether organic chemicals or drugs are respiratory toxicants. Indeed, the concerns regarding drug-induced respiratory issues remain a major cause of drug candidate failure in clinical trials, resulting in the high cost of bringing drugs to market. In addition, animal models for experimental determination of the respiratory toxicity of chemicals are very lengthy, costly, and time-consuming. It is therefore urgent to develop a theoretical model based on machine learning to qualitatively identify toxicants from a large dataset of drug/chemical compounds associated with respiratory system toxicity. However, it should be noted that the use of an excessive number of descriptors has the potential to increase the risk of overfitting, thereby reducing the model's ability to generalise. It is essential to implement more robust methods capable of capturing relevant information without burdening the model with unnecessary variables. In this study, the random forest machine learning method, combined with only nine descriptors, was used to build an efficient binary classification model for predicting the pulmonary or respiratory toxicity of chemicals. The global model of respiratory toxicity was validated using a 10-fold internal and external test set validation to prove the predictive capability of the model. RF model achieved a prediction accuracy of 76.66% 
 and an AUC of 0.83 for the compounds in the test set. Our findings provide valuable insights for predicting chemical respiratory toxicity in early drug discovery and environmental risk assessment, underscoring that rigorous descriptor selection and model simplification are essential for enhancing predictive reliability under practical conditions. This study extensively explored the effectiveness of employing a random forest model and a few descriptors in an efficient and robust binary classification model. 
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Introduction
Among the concerns regarding drug-induced toxicity, respiratory chemical toxicity remains a major cause of drug candidate failure in clinical trials, resulting in the high cost of bringing drugs to market [1]. Respiratory toxicity and lung diseases caused by the adverse effects of drugs or chemicals are a serious public health problem and can even result in death. Drugs or chemicals can cause respiratory reactions that are not immediately obvious apparent, with the main symptoms being including pneumonia, bronchitis, congestion, asthma, and rhinitis [2, 3]. The lungs are a target for a variety of possible toxic substances because of their large contact surface. They can also act as a metabolism site for certain substances. Drugs can induce specific respiratory reactions, or the lungs may be affected as part of a generalised response. More than 380 medications are known to cause drug-induced respiratory diseases; the true frequency is unknown. The number of drugs that cause lung disease will undoubtedly continue to increase as new agents are developed (Schwaiblmair et al., 2012; Jadhav et al., 2021).  With the growing impact of omics technology and models generated by generative Artificial Intelligence (GenAI) to create new molecules, the number of chemicals responsible for serious lung diseases is also increasing. Thus, the pharmaceutical and chemical industries, as well as international regulatory bodies, need reliable, accurate, and explanatory computational tools to assess the respiratory toxicity of compounds. The study of the relationship between the chemical structure and its activity in terms of respiratory toxicity plays an important role in the safety of drugs before they are placed on the market.  Historically, experimental determination of drug or chemical toxicity can provide more reliable data, but it is a very long, expensive, and tedious process involving laboratory animals and synthetic molecular materials [4]. Compared with experimental approaches, in silico methods, such as quantitative structure-toxicity relationships (QSTRs), offer a rapid and cost-effective screening platform for identifying the molecular structural fingerprint responsible for these undesirable properties. Quantitative Structure-Toxicity Relationship (QSTR) modelling has successfully been used to explain the correlations between the molecular descriptors of chemicals and their toxicity. It has been widely used in many fields to predict the individual toxicity of chemicals; however, it has been rarely used for the prediction of combined toxic effects (Hou et al., 2019).	Comment by RSGomaa: The references should be presented as numbers 	Comment by RSGomaa: The reference should be add as a number 
The official birthday of QSAR is the 1962 publication of Hansch et al., which established a relationship between encoded molecular structures (called descriptors) and their biological responses by using linear regression analysis (LRA) as a significant tool [5]. Because of their ease of application, which leads to an easily understood result, several linear regression methods, such as multiple linear regression (MLR), partial linear regression (PLS), or principal component regression (PCR), were used to develop QSTR models that capture only the linear association between dependent and independent variables. However, the functional relationships between structure and drug/chemical-induced respiratory toxicity are not always linear, as the pathogenic mechanism of pulmonary toxicology is complex and therefore poorly understood, particularly in humans [3]. Most animal models and preclinical data cannot be directly extrapolated to humans because patient drug response is multifactorial, including intrinsic and extrinsic factors that influence drug biotransformation [2]. In addition, the performance of learning algorithms suffers from the curse of dimensionality, since QSTR modelling remains a supervised learning method.  Addressing this situation and providing models that are unambiguous, non-subjective, and easily validated requires model development that can account for the complex structure-toxicity relationships that sometimes occur in QSTR models built on large datasets. In order to predict the toxicity of new drugs or chemicals, numerous machine learning techniques have been applied to model the complex relationship between molecular descriptors and drug/chemical-induced respiratory toxicity [1, 3, 6].	Comment by RSGomaa: Please replace by “formal inception of”
The research conducted by Lei et al. used machine learning combined with molecular descriptors to compare the performance of six classifications and six regression models based on a dataset of 1,403 compounds and 20 representative molecular descriptors. The best XGBoost classification prediction model for the test set had an MCC of 0.644, a global accuracy of 82.62% and an AUC of 0.893, while the best SVM regression prediction model for the test set had of 0.743 for training and  of 0.707 for test sets [6].  Zhang et al. developed predictive classification-based QSTR models for a data set of 1,241 compounds. The most effective model is based on the Naïve Bayes (NB) algorithm, achieving an accuracy of 84.3% on the external test set while the internal training set had an overall accuracy of 91.8%. [7]. Wang et al. used six different machine learning methods, including support vector machine (SVM), decision tree (DT), k-nearest neighbour (k-NN), naive Bayes (NB), random forest (RF), and artificial neural network (ANN), to develop classification models for 2,529 toxic and non-toxic respiratory compounds [3]. Recently, Jaganathan et al. applied eight different machine learning algorithms to construct models for predicting respiratory toxicity using a dataset of 2,527 compounds and 132 descriptors. The support vector machine classifier (SVM) outperformed all other optimised models in 10-fold cross-validation, achieving a prediction accuracy of 86.2% and an MCC of 0.722 on the test set [1]. Subsequently, they proposed an optimal tree ensemble model on the same dataset, which achieved an accuracy of 85.07% in a 10-fold cross-validation and an accuracy of 86.88% on the test set [8]. Although previous machine learning models were accurate, they were difficult to apply in practice due to: (i) the absence or weakness of dimensionality reduction techniques, which makes fine-tuning of machine learning hyper-parameters difficult; (ii) overfitting problems, which generate specific decision boundaries with low bias and high variance using a large number of descriptors; and (iii) the lack of explainable predictions, as well as the limited number of compounds used to build the models.
In this work, we collected an extensive respiratory toxicity dataset containing 2,527 compounds to develop predictive models using the random forest algorithm. Before modelling, a feature selection approach based on the ClustOfVar algorithm was implemented to identify informative molecular descriptors associated with respiratory toxicity [9, 10]. Then, 10-fold cross-validation and external validation sets were used to evaluate the predictive ability of these models. Finally, we identified key features that influence the chemical respiratory toxicity prediction.


Material and methods
·   Data collection and molecular descriptors
In the field of QSTR modelling, binary classification is the process of classifying compounds on the basis of two predefined classes. Thus, binary classification approaches use training data to build a classification model to predict a new sample's class label. In our respiratory toxicity prediction investigation, we reviewed respiratory toxicity literature and identified chemical data from Wang et al. [1, 3]. We collected a total of 2,527 compounds, and compounds that have a negative effect on the human respiratory system are labelled as toxic, while compounds that do not affect the respiratory system are labelled as non-toxic. An important step in this study is the coding of compounds into vectors of numerical descriptors as representations of molecular properties using logical and mathematical functions that transform chemical information. Jaganathan et al. used the open source software PaDEL-descriptors, available in a web-based platform called ChemDes, to compute different classes of descriptors and molecular fingerprints [1]. From this study, we found that for each compound of the dataset, 1544 structural 1- and 2-D descriptors have been calculated. After data curation, the entire data set of our study, consisting of a 2,234 x 1,544 matrix, was our starting point for the development of a QSTR model for the prediction of respiratory toxicity of organic chemicals.	Comment by RSGomaa: This reference is no. 3 not 1	Comment by RSGomaa: Please identify the abbreviation as Pharmaceutical Data Exploration Laboratory Descriptor	Comment by RSGomaa: Please identify the abbreviation as Chemical Descriptors


·   Feature selection 
Based on the data table provided by Jaganathan et al. the hierarchical clustering algorithm, implemented in the hclustvar function of the R package ClustOfVar, was used for partitioning or clustering the set of linearly dependent quantitative chemical descriptors [9]. Hierarchical clustering of variables is a way of arranging variables into homogeneous clusters, i.e. groups of variables that are strongly related to each other and thus carry the same information. These approaches, which can be used to reduce and select variables, organise the variables or descriptors into hierarchical representations in which the clusters at each level of the hierarchy are created by merging clusters at the next lower level [9, 10]. When the variables in a cluster are strongly related to a central synthetic variable, the R package ClustOfVar provides useful tools for visualisation of the relationships between variables and redundancy in a dataset using the homogeneity method.	Comment by RSGomaa: This is reference 8, while Chavent et al. is reference 9. Please revise


·   Model implementation
In this study, the random forest (RF) algorithm was used for model implementation using the scikit-learn module (3.9.2 Python version) to develop a classification model for the prediction of drug/chemical-induced respiratory toxicity [11]. Random Forest (RF) is an ensemble machine learning algorithm that combines multiple decision trees to improve prediction accuracy and reduce overfitting. It builds a forest of decision trees by randomly selecting subsets of data and features for each tree. As a result, randomness increases the diversity of decision trees and improves overall model performance. Each tree makes a prediction, and the final output is determined by averaging (for regression) or voting (for classification) across all the trees [12]. This approach enhances robustness and generalises better than individual decision trees.


·   Binary classification assessment methods
	In this study, internal 10-fold cross-validation and an independent test set were used to evaluate the performance of the RF model. The binary classification performance is represented by different metrics such as accuracy (Q), precision (Pr), recall (Re), specificity (Sp), F_score (F), and Matthews correlation coefficient (MCC) defined mathematically as follows: 

	
	
	

	
	
	

	
	
	

	
	
	

	 
	
	

	
	
	



The scalars TP, FN, TN, and FP are defined as true positives, false negatives, true negatives, and false positives, respectively. In addition to common metrics, a useful method of graphically representing performance, the Receiver Operating Characteristic (ROC) curve was also constructed, and the AUC, the area under the curve of ROC, was computed [13].


Results and discussion
·   Optimal descriptor subset
Feature selection methods have been used for dimension reduction, and this technique is essential for mitigating the effects of the curse of dimensionality and improving the performance of machine learning algorithms. In this work, we have horizontally cut the dendrogram, which shows the link between the quantitative variables in terms of Pearson's squared correlation coefficient, into forty (40) homogeneous clusters, i.e., groups of descriptors that are strongly related to each other and therefore provide the same information [9]. After grouping the descriptors, we selected one variable from each group, i.e. the one that best correlated with its centroid. 


·  Descriptors involved in the models
The ClustOfVar algorithm for detecting a nested partition extracted from a dendrogram obtained by hierarchical representation of quantitative variables has been used. Thus, each level of the hierarchy is created by merging the clusters at the level immediately below, starting at the lowest level with the most homogeneous partition, i.e. the partition whose cluster contains a single variable [9]. The main difference between PCA and the clustering approach is that the cluster centroids can be correlated, whereas the principal components are not. Therefore, the correlation matrix of the 40 descriptors was used to detect residual redundancy, which could negatively affect the model by increasing variance and making it difficult to determine the significance and effect of individual predictors. Finally, after discarding redundant, non-informative and irrelevant features from the high-dimensional feature space, we obtained 9 descriptors for respiratory toxicity prediction. 
Table 1 lists a total of 9 molecular descriptors selected by the clustering algorithm. In addition, Figure 1 presents a correlation matrix, a statistical tool that measures the strength and direction of relationships between two or more variables for the obtained descriptors. As we can see, there is no redundancy in the dataset. Therefore, the problem of the curse of dimensionality appears to have been resolved prior to the modelling phase. 
Obtained descriptors correspond in whole or in part to the descriptors used in published QSTR models to predict respiratory toxicity. As illustrated in Table 1, the majority of the selected descriptors belong to the 2D category. The most important class of descriptors obtained is the class of autocorrelation descriptors calculated by Moran (MATS) at lag 2 and 3, weighted by the polarizability and electronegativity, followed by the average centred Broto-Moreau (AATSC) descriptor from lag 0, weighted by the relative atomic mass [1]. The topological index and bond information, which encode the chemical constitution using descriptors such as MPC3 and BIC5, are also selected as features to be captured by the model. The list of characteristics selected to model the prediction of respiratory toxicity also includes the descriptor Mare, which is of quantum origin [14].
[image: ][image: D:\BBB_QSAR\PROJET\matrice_coorelation1.png]

Figure 1: Correlation matrix of 9 non-redundant and informative selected descriptors


Table 1: Molecular descriptors used in this work

	N°
	Descriptor
	Description
	Category

	1
	ATSC0m
	Average Broto-Moreau autocorrelation - lag 0 / weighted by mass
	2D

	2
	Mare
	Mean atomic Allred-Rochow electronegativities (scaled on carbon atom)
	

	3
	MATS2e
	Moran autocorrelation - lag 2 / weighted by Sanderson electronegativities
	

	4
	MATS2p
	Moran autocorrelation - lag 2 / weighted by polarizabilities
	

	5
	MATS3e
	Moran autocorrelation - lag 3 / weighted by Sanderson electronegativities
	

	6
	MATS3p
	Moran autocorrelation - lag 3 / weighted by polarizabilities
	

	7
	MPC3
	Molecular path count of order 3
	

	8
	BIC5
	Bond information content index (neighbourhood symmetry of 5-order)
	

	9
	SHBd
	Sum of E-States for (strong) hydrogen bond donors
	




•	 Overall prediction accuracy 
In this work, the training data set for the modelling of respiratory toxicity consists of a total of 1,867 observations with 9 variables, which are divided into 1,029 toxicants and 838 non-toxicants. Table 2 gives an overview of the samples employed in the experimental procedures, both for training and testing. Following the detailed methodological considerations for variable selection presented in our previous paper, we perform internal validation modelling experiments using a 10-fold cross-validation computed on the training dataset to evaluate model performance [10]. An independent test set (467 molecular observations) is used to evaluate the reliability and predictive power of the proposed binary classification model in order to evaluate the overall ability of the classifier to discriminate toxic from non-toxic compounds. After solving the curse of dimensionality problem with data mining techniques using variable clustering with the ClustOfVar algorithm, the random forest (RF) algorithm approach was used to construct a binary classification model of drug/chemical-induced respiratory toxicity. In regard of all metrics delineated in equations 1 to 6, the performance of RF was given. The overall accuracy (Q%), the precision (Pr%), the specificity (Sp%), the recall (Re%), F-score (F%) and MCC were 78.20% (, 79.86% (, 74.68%(), 81.05%(), 80.36%() and 0.56 () respectively in regard of internal cross-validation scheme. In the external validation scheme, the statistical results were 76.66%, 79.08%, 69,58%, 81,69%, 80.36% and 0.52, respectively. Thus, we can see that our RF model correctly predicted 223 of the 273 toxic substances in the test dataset. In addition, our model correctly identified 135 of the 194 non-toxic compounds. Confusion matrix (CM), a table that summarises the performance of a classification model by comparing the predicted labels with the true labels, is presented in Table 3. These results suggest that our RF model is reliable and can be used in the early stages of drug development for predicting potential respiratory toxic compounds. A useful visualisation method has been implemented to facilitate further analysis of our obtained RF model. Figure 2 shows the ROC curve of the external test set of our machine learning model. As Figure 2 shows, the performance of our model significantly surpasses that of the random model represented by the main diagonal of the x- and y-axes coordinate system, the equation of whihwhich is  In a binary classification model, the area under the curve (AUC) measures how well the model separates the positive class from the negative class, independently of the decision threshold [13]. When the decision threshold is set to 0.5, the class predicted is toxic if the predicted probability is greater than 0.5 and non-toxic if the predicted probability is less than 0.5. This decision threshold assumes a balanced prior, meaning that both classes are equally important and equally likely. Thus, the ROC curve is generated by changing the threshold on the confidence score, with each threshold generating only one point on the curve, from which the AUC is obtained [13]. In this study, the RF model reached an AUC score of 0.83, demonstrating its ability to effectively discriminate between positive and negative classes independently of the decision threshold.

Table 2: The training and test set data composition.

	
	Training Set
	Test set
	Total

	Non-Toxic
	838
	194
	1,032

	Toxic
	1,029
	273
	1,302

	Total
	1,867
	467
	2,334	Comment by RSGomaa: Please revise the data in this table as it was previously mentioned in the methods and abstract section that the total number is 2,527 




Table 3:  2 X 2 confusion matrix of RF binary classification model


	Predicted Class
	Toxic
	223
	59

	
	Non-Toxic
	50
	135

	
	Toxic
	Non-toxic

	
	Actual/ True Class
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Figure 2: Receiver operating characteristics (ROC) curve for the test set RF machine learning method and AUC.
·  RF model's feature importance and interpretation mechanism.
Random Forest models inherently provide a measure of feature importance, which is crucial for understanding and explaining their predictions. In contrast, XAI models are designed to provide explanations for other models [10, 15]. Before explaining the RF model, it is important to note that hyperparameters, the settings that control how the ensemble of decision trees is built and how they make predictions, are obtained using the GridsearchCV method [11]. In the context of random forest, the model's complexity and performance are influenced by a number of hyperparameters. These include the depth of the tree, the number of trees, and the impurity measure. In this study, the tree's depth is set to a value of none, the number of trees in the forest is set to 150, and the Gini index is utilised as the impurity measure for selecting a feature at a node [16, 17]. It is evident that the remaining parameters have been configured to their default values. 	Comment by RSGomaa: Please identify the abbreviation as Explainable Artificial Intelligence
The main objective of this study is to examine the significant descriptors that influence the model in order to facilitate the accurate prediction of drug/chemical-induced respiratory toxicity. The random forest model, as with a decision tree, calculates the importance of features using the mean decrease impurity (MDI); which is the reduction in impurity of nodes by a feature [10, 17]. In this work, the RF model ranks all nine features as follows: BIC5 > MPC3 > Mare > ATSC0m > MATS2p > SHBd > MATS3p > MATS3e > MATS2e.


· Model comparison
The use of statistical learning classifiers, in particular, random forest, combined with feature selection using data mining methods, was compared with previous machine learning models implemented to predict drug/chemical-induced respiratory toxicity. It is important to note that a direct comparison with the results of these studies is not appropriate due to differences in the datasets, binary classification methods, and hyperparameters used in each study. Although previous machine learning models have been accurate, they have been trained using a large number of descriptors and demonstrate less generalisation or overfitting. This is evident from the fact that the external validation statistics of these models are better than the internal validation results [1, 3, 8]. Additionally, when the number of variables is low and the descriptors used are not very informative, the machine learning model performs well, but is less robust when faced with new conditions [6, 7]. Regarding these issues, using a smaller set of relevant descriptors improves the generalisation, interpretability, efficiency and robustness of machine learning models while reducing the risk of overfitting and redundancy. Consequently, the model that has been obtained is more reliable under practical conditions (Table 4).










Table 4:  Comparison with previous binary classifier models

	Model Name
	Dataset shape
(Obs. X Feat.)
	Validation scheme
	Q(%)
	MCC

	SVM [1]
	2,527 X 132
	10-fold CV
	86.20
	0.717

	
	
	Test set
	86.20
	0.722

	PubchemFP-SVM [3]
	2,529 X 881
	10-fold CV
	84.10
	0.680

	
	
	Test
	86.90
	0.736

	XGBoost [6]
	1,403 X 20
	10-fold CV
	100.00
	1.0

	
	
	Test
	82.62
	0.644

	Naïve Bayes-2 [7]
	1,241 X 6
	5-fold CV
	91.8
	-

	
	
	Test
	84.3
	

	Mordred_LightGBoost [8]
	2,527 X 1613
	10-fold CV
	85.07
	0.650

	
	
	Test
	86.90
	0.734

	RF Model proposed
	2,334 X 9
	10-fold CV
	78.20
	0.560

	
	
	Test set
	76.66
	0.520




Conclusion
In this study, we collected a large number of compounds from the literature and used the Random Forest machine learning method combined with nine descriptors to build a model for predicting the pulmonary or respiratory toxicity of chemicals.  Indeed, we used the ClustOfVar algorithm, which hierarchically groups descriptors in order to eliminate irrelevant or noisy ones with the aim of selecting significant and informative features for model implementation. The global model of respiratory toxicity was validated using 10-fold internal and external test set validations to prove the predictive capability of the model. Our RF model achieved a prediction accuracy of 76.66% and an AUC of 0.83 for the compounds in the test set.  This study extensively explored the effectiveness of employing a random forest model and a few descriptors in an efficient and robust binary classification model. Then, the proposed RF model prediction has been explained with a model inherent feature importance approach, which prioritises the relevance of key modelling descriptors influencing the prediction of respiratory toxicity. Consequently, our prediction model could be used to identify chemicals that are likely to cause acute respiratory disease during the drug development process. This approach could provide valuable information on toxic chemical structures, offering a theoretical basis for optimising promising and lead compounds.
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