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To assess the toxicity of new chemicals and drugs, regulatory agencies require in vivo testing for many toxic endpoints, resulting in millions of animal experiments conducted each year. However, following the Replace, Reduce, Refine (3R) principle, the development and optimization of alternative methods, in particular in silico methods, has been put into focus in the recent years. It is generally acknowledged that the more complex a toxic endpoint, the more difficult it is to model. Therefore, computational toxicology is shifting from modeling general and complex endpoints to the investigation and modeling of pathways of toxicity and the underlying molecular effects. The U.S. Toxicology in the twenty-first century (Tox21) initiative has screened a large library of compounds, including approximately 10K environmental chemicals and drugs, for different mechanisms responsible for eliciting toxic effects, and made the results publicly available. Through the Tox21 Data Challenge, the consortium has established a platform for computational toxicologists to develop and validate their predictive models. Here, we present a fast and successful method for the prediction of different outcomes of the nuclear receptor and stress response pathway screening from the Tox21 Data Challenge 2014. The method is based on the combination of molecular similarity calculations and a naïve Bayes machine learning algorithm and has been implemented as a KNIME pipeline. Molecules are represented as binary vectors consisting of a concatenation of common two-dimensional molecular fingerprint types with topological compound properties. The prediction method has been optimized individually for each modeled target and evaluated in a cross-validation as well as with the independent Tox21 validation set. Our results show that the method can achieve good prediction accuracies and rank among the top algorithms submitted to the prediction challenge, indicating its broad applicability in toxicity prediction.
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Introduction

The U.S. Toxicology in the twenty-first century (Tox21) initiative has been established in 2008 with the vision to support the transformation of toxicology into a predictive science (Krewski et al., 2010). In order to achieve this goal, a large library of compounds, including approximately 10K environmental chemicals and drugs, was screened for different mechanisms responsible for eliciting toxic effects. Among the screens were high-throughput assays for two important pathways, the nuclear receptor and the stress response pathway, which were the subject of the Tox21 Data Challenge 2014.

Interactions of chemicals with nuclear receptors represent a major health concern. In particular, binding of chemicals to steroid receptors can cause the disruption of the normal endocrine function and have an adverse effect on development, reproduction and metabolic homeostasis (Huang et al., 2014). A famous example of an endocrine disrupting chemical is bisphenol A, a compound which has been widely used, e.g. in plastic bottles and metal cans, but has only recently been associated with impairments of neurobehavioral development (Weiss, 2012). Bisphenol A and its derivatives have been shown to exhibit a promiscuous binding behavior involving, for instance, estrogen receptors (ER), androgen receptors (AR) and peroxisome proliferator-activated receptors (PPAR) of the γ subtype (Delfosse et al., 2014), all of which are subject of the Tox21 screening. Another current focus of the Tox21 screening is aromatase, an enzyme involved in the conversion of androgen to estrogen and therefore a target of endocrine disrupting chemicals (Chen et al., 2014), as well as the aryl hydrocarbon receptor (AhR), a nuclear receptor involved in the mediation of tumorgenesis induced by dioxin (Murray et al., 2014). Similarly, mechanisms related to cellular stress also play a role in toxicological pathways. For example, recent studies have shown that the impairment of mitochondrial function is associated with drug-induced adverse effects on the liver and cardiovascular system (Nadanaciva and Will, 2011; Attene-Ramos et al., 2015).

To assess the risks of new chemical entities, in vivo animal studies are required by regulatory agencies to evaluate various toxicological endpoints. However, in silico toxicology is gaining acceptance as an alternative method which can help to reduce the number of animal experiments performed. Computational predictions often rely on the observation or assumption that similar molecules manifest a similar biological effect. Similarity-based methods have been successfully applied to solve various research questions including predictions of targets (Campillos et al., 2008), therapeutic indications (Nickel et al., 2014) or side-effects (Lounkine et al., 2012). In particular, machine learning approaches such as k-nearest neighbors, naïve Bayes models, support vector machines, random forests or ensembles of different classification methods can use the similarity defined the molecular structure and properties to make predictions for novel compounds. This concept has also been frequently and successfully applied to predictions of various toxicological endpoints (Drwal et al., 2014; Gadaleta et al., 2014; Li et al., 2014; Liu et al., 2015).

Here, we describe the development of a fast and successful method for the prediction of different outcomes of the nuclear receptor and stress response pathway screening from the Tox21 Data Challenge 2014. The method is based on the combination of a simple molecular similarity calculation with a naïve Bayes machine learning algorithm. Three different two-dimensional (2D) molecular representation methods as well as their combination were compared and the prediction methods were optimized individually for every target. The evaluation of each model showed that all models can achieve good performance and prediction accuracies as well as rank among the top submissions among the Tox21 challenge participants.

Materials and Methods

Overview

An overview of the workflow used in this study is given in Figure 1. In the first step, all molecular structures were standardized and the duplicates as well as compounds with ambiguous activity values were removed. The training and test set provided by the Tox21 Data Challenge 2015 organizers were merged and used in a 13-fold cross-validation to optimize parameters for the classification algorithms. The optimized models were then used to predict the activities of the evaluation set compounds. All steps are described in detail in the following sections. For the majority of tasks, the open pipeline generation platform KNIME v.2.10.0 (Knime.com AG) was used.
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FIGURE 1. Workflow overview.



Data Preparation

Standardization

All molecular structures were downloaded from the Tox21 Data Challenge 2014 website (https://tripod.nih.gov/tox21/challenge/index.jsp) and their molecular structures were standardized using the Instant JChem software (version 6.2, Chemaxon) with the following settings: Water molecules were removed, molecules were aromatized, adjacent positive and negative charges transformed into double/triple bonds, explicit hydrogens were added and the 3D conformation was generated and cleaned. After the standardization, InChIKeys were calculated using RDKit (http://www.rdkit.org) nodes in KNIME in order to identify and remove duplicates. In case duplicate molecules were found to have different activities (1 and 0) for a particular target, they were marked as ambiguous and removed from the training set of this target.

Additional Data

For each target, a search for additional known ligands was performed in the ChEMBL bioactivity database v.19 (Bento et al., 2014). A search was performed for the target name and EC50 or IC50 values in case of agonists or antagonists, respectively. Additional datasets were standardized and checked for duplicates as described above.

Calculation and Combination of Fingerprints

Different types of molecular representations were calculated for each compound: ToxPrint fingerprints were calculated using the ChemoTyper software (version 1.0, Molecular Networks GmbH). Extended-connectivity fingerprints (Rogers and Hahn, 2010) of the ECFP4 type were calculated using RDKit nodes in KNIME. 960-bit MACCS keys were calculated using the Discovery Studio 3.1 program (Accelrys Inc./BIOVIA). In addition, several topological properties indicating the three-dimensional (3D) structure were calculated using RDKit and CDK nodes in KNIME. The use of topological descriptors has been previously reported in a structure-toxicity relationship study (Pasha et al., 2009). Furthermore, topological descriptors have several advantages compared to 3D descriptors, including conformational independency, simplicity and low computational resources. A number of topological descriptors were calculated, but only those displaying values with considerable difference between active and inactive molecules were used further. These included the Chi0V, Chi1N, Kappa1 and HallKierAlpha descriptors (Hall and Kier, 1991) as well as the topological polar surface area. The descriptors were transformed into a binary vector by binning. For each descriptor, a number of “bins” (and bits in the fingerprint) was defined, representing different descriptor value ranges. Whenever the descriptor value was found in a specific range, the bit at the respective position was set to 1. Therefore, it was ensured that close values exhibited high fingerprint similarity. The combined fingerprint consisted of a concatenation of all four binary fingerprints with a length of 2929 bits—960 bits for MACCS keys, 1024 bits for ECFP4, 729 bits for ToxPrint and 216 bits for the property-based fingerprint, as indicated in Figure 2.
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FIGURE 2. Molecular representation. For every input molecule from the Tox21 data set, different 2D-fingerprints are calculated and combined. The concatenation consists of MACCS keys (960 bits), the extended-connectivity fingerprint ECFP4 (1024 bits), ToxPrint (729 bits) and a fingerprint developed from topological descriptors (216 bits). Both MACCS as well as ToxPrint fingerprints encode the presence of specific substructures. Examples of MACCS and ToxPrint substructures are shown in boxes. Substructures present in a sample molecule taken from the Tox21 dataset are highlighted in orange boxes. ECFP4 encodes the connections of each atom within a 4-atom radius. The property-fingerprint encodes the presence of descriptor values in specific bins representing value ranges.



Toxicity Prediction Methods

Cross-validation

In order to validate the prediction models, a 13-fold cross-validation was implemented in KNIME. The KNIME workflows are presented in Supplementary Figures S2, S3. A 13-fold validation was chosen in order to produce a test set similar in size to the final validation set of the Tox21 challenge. It was investigated whether the addition of external data (known ligands from the ChEMBL database, see Section Additional data) was able to improve the prediction rate. Different activity cut-offs for the ChEMBL compounds were considered for this purpose. Furthermore, it was also investigated whether reducing the actives in the training set to the most diverse compounds was able to increase the performance of the model. In this case, the RDKit Diversity Picker node was used using different thresholds. Finally, the effect of the removal of highly correlated fingerprint bits on the model performance was explored using the Correlation Filter node. To determine the best settings, the performance was evaluated using a receiver operating characteristic (ROC) analysis. The area under the curve (AUC) was calculated using the ROC curve node.

Naïve Bayes Learning

Naïve Bayes is a commonly applied stochastic classifier based on the Bayes theorem of conditional probability (Nidhi et al., 2006). The major characteristic of the classifier is the naïve assumption that all input features are independent. Main advantages of the method compared to other machine learning algorithms are fast computational time during training and prediction as well as a low parameter complexity and insusceptibility to irrelevant features. Furthermore, it has been suggested that the combination of molecular fingerprints with descriptors can be beneficial in the context of Bayesian modeling (Vogt and Bajorath, 2008).

Thus, we implemented a naïve Bayes predictor with the Tox21 training sets. The Fingerprint Bayesian Learner and Predictor nodes in KNIME were used for this purpose. The predictor received an input of active and inactive molecules and their fingerprints. The output consisted of two scores for each molecule, a score for being active (B1) and a score for being inactive (B0).

Molecular Similarity

The Tanimoto index is one of the most common metrics for fingerprint-based molecular similarity calculations and has recently been shown to be among the best choices for this purpose (Bajusz et al., 2015). For the comparison of molecular similarity, three Tanimoto coefficients were computed: the maximum Tanimoto coefficient to actives in the training set (T1), the average Tanimoto coefficient to actives in the training set (T2), and the maximum Tanimoto coefficient to all inactives in the training set (T3).

Combination of Methods

All scores and Tanimoto coefficients were normalized in KNIME using Z-score normalization to obtain scores following a Gaussian distribution and MinMax-normalization to obtain values between 0 and 1. Different combinations of the naïve Bayes scores B1 and (1-B0) as well as the Tanimoto scores T1, T2 and (1-T3) were examined, including the minimum, maximum and mean of the scores.

Determination of Score Threshold

For every target, a threshold of the final score was determined which was used to classify the compounds into active and inactive molecules. The score threshold was determined by choosing the threshold which resulted in the maximal balanced accuracy ((sensitivity+specificity)/2) over all rounds of cross-validation.

Results

The Tox21 Data Challenge 2014 consisted of the prediction of 12 different screening outcomes (targets): the activation or inhibition of nuclear receptors AhR, PPARγ, aromatase, ER and AR (full length and ligand binding domain, LBD) as well as the effect on stress response pathways consisting of the activation of the antioxidant response element (ARE), heat shock response (HSE) and p53 signaling, the disruption of mitochondrial membrane potential (MMP) and the induction of genotoxicity (ATAD5). Before building predictive models, all chemical structures were normalized as described in the Methods section and duplicates were removed. Only compounds explicitly marked as active or inactive were used for model development. Wherever available, additional active molecules were extracted from the ChEMBL database (Bento et al., 2014) and used for model development. As summarized in Supplementary Table S1, the proportion of unique active and inactive molecules as well as the presence of external actives differed considerably between targets.

Choice of Molecular Representation

How well a prediction model performs does not only depend on the underlying algorithm, but also the features used as input. In the case of predictions of small molecule toxicities and other biological activities, the performance thus depends on the molecular representation which ultimately influences the computed similarity between molecules (Floris et al., 2014). Here we compared the performance of three common molecular fingerprints as well as their combination. ECFP4 is a member of the extended-connectivity fingerprint type often used to analyze structure-activity relationships of small molecules (Rogers and Hahn, 2010). MACCS keys are another frequently used fingerprint type which encodes the presence of specific substructures and has been successfully used for predictions of acute oral toxicity (Li et al., 2014). The ToxPrint fingerprint (Yang et al., 2015a) is based on a library of more than 700 chemotypes which represent molecules in public chemical and toxicity databases and cover substructures associated with toxic effects and thus may be of particular importance for in silico toxicity predictions. We also evaluated the addition of a property-based fingerprint as has been suggested previously (Xue et al., 2003). Here, descriptors encoding the topology of the Tox21 compounds were calculated and translated into a binary fingerprint.

In order to determine the optimal fingerprint for the prediction, fingerprints were used individually as well as in combination and evaluated in cross-validation on one of the targets, namely ER-LBD. As summarized in Table 1, all three types of fingerprints showed a good performance using both the Bayesian classifier as well as the similarity search approach. In the majority of cases models built with individual fingerprints exhibited AUC values above 0.75 and a concatenation of all three fingerprints led to a slight increase in performance. Furthermore, a combination of the concatenated fingerprints with a property-based fingerprint encoding the topology of the molecules demonstrated the best prediction results and was thus used as a descriptor for all targets of the challenge.

Table 1. Performance of different fingerprints in cross-validation of predictions for ER-LBD.
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Model Optimization and Validation

In the preliminary evaluation of descriptors for ER-LBD, a common observation was that a consensus score consisting of a machine learning score and a similarity coefficient usually resulted in the best model performance (Table 1). Therefore, it was investigated which combination of scores led to the best prediction. In particular, the scores from the Bayesian classifier and the similarity search were combined into a consensus score using either a mean, maximum or minimum value. Since the optimal settings might differ depending on the target and its active and inactive molecules, the best parameters were determined individually for every target in a cross-validation study. The optimization involved the variation of the following parameters: the addition of active molecules from external sources (ChEMBL database) using different activity value thresholds, the addition of a correlation filter to remove highly correlated fingerprint features as well as the incorporation of a diversity picker to restrict the number of active to train a naïve Bayes model to the ones with highest diversity.

The best settings found for every Tox21 target are shown in Table 2. As indicated, similarity search gave the best performance for 4/12 targets when an average Tanimoto was calculated from the T1, T2, and (1-T3) scores indicating the similarity to active as well as the dissimilarity to inactive molecules (see Methods). For all other targets, a combination of the machine learning algorithm and a similarity scoring showed the best results. In most cases, a mean function was used to generate a consensus score combining the naïve Bayes and Tanimoto coefficients.

Table 2. Parameters of the most successful prediction models.
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The performance of each model was evaluated using ROC-AUC values as well as balanced accuracies. The cross-validation results for the best settings as well as the external validation results provided by the challenge organizers are summarized in Figure 3. In cross-validation, all models exhibited excellent performance with AUC values between 0.78 and 0.9, with the best three models obtained for the targets AhR, AR-LBD, and MMP. For AhR, MMP, and p53, the results of the external validation set showed a very similar performance to the cross-validation, indicating good and universal models and scores. In the cross-validation, the balanced accuracies of the individual models ranged between 70 and 82% (see Figure 3). For several targets, including AhR, HSE, and p53, the balanced accuracy obtained in external validation remained constant or increased in comparison to the cross-validation results, illustrating broadly applicable models.
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FIGURE 3. Performance of models predicting the outcome of the Tox21 screening outcomes. (A) Area under the curve (AUC) calculated in a ROC analysis. (B) Balanced accuracies (BAC). Results are shown for our models in cross-validation (dark red) and external validation (yellow) as well as the average external validation results among the top 10 challenge participants.



Comparison to Other Challenge Participants

All models submitted to the challenge were evaluated by the challenge organizers and ranked according to their AUC values for the external validation set. The prediction values for the top 10 participating teams are publicly available (https://tripod.nih.gov/tox21/challenge/leaderboard.jsp) and summarized in Figure 3, Supplementary Tables S1, S1. Taken together, 7 out of 12 models we submitted were found in the top 10 leaderboard. While our models were not nominated as the sub-challenge winners, in many cases their AUC value was found very close to the winning model. This was for instance observed for the target HSE, where the top 9 ranking models showed AUC values differing only by 0.02, suggesting that similarly good models can be obtained with various approaches. As indicated in Figure 3, our models for the targets AhR, ER-LBD and p53 were also very close to the average AUC of the leading models. Although most leaderboard models showed AUC values within a small range, large differences were observed for the prediction accuracies (between 49 and 90%). Interestingly, four of our models (targets: AR-LBD, ER-LBD, aromatase, and HSE) were the determined to be the most accurate amongst all submissions (see Figure 3 and Supplementary Table S1). Four additional models, developed for the targets AhR, ARE, ATAD5, and p53, displayed accuracies higher or equal to the average of the top 10 submitted models.

Discussion

Here, we describe a successful machine learning method for the prediction of different outcomes of the nuclear receptor and stress response pathway screening from the Tox21 Data Challenge 2014. The key to our method is the combination of different molecular fingerprints and descriptors as well as the integration of two different algorithms, a similarity-based approach and a naïve Bayes machine learning technique.

Combination of Features and Algorithms

The selection of features is a crucial and non-trivial part of development of predictive models. The features should be able to describe the differences between actives and inactives in the training set and allow extrapolating to other, yet untested compounds. Although several molecular fingerprints, such as extended-connectivity, substructure-based or path-based fingerprints are standards in the chemoinformatics field and have been successfully applied to prediction tasks, the results are dependent on the data and none of the methods is able to clearly outperform the others (Duan et al., 2010). To avoid the choice of the wrong descriptor, the combination of (independent) fingerprints has been suggested (Duan et al., 2010) and several studies have successfully applied combinations of path- and substructure-based fingerprints (Drwal et al., 2014; Banerjee et al., 2015). As we report here, the combination of different fingerprint types has also been of advantage for the prediction of estrogen receptor ligands. An associated problem, however, is that a combined fingerprint is likely to contain highly correlated features. We have thus investigated the use of a correlation filter to remove fingerprint bits with high correlation, but the filter was able to increase the prediction performance only for two targets. A more effective approach proved to be the use of a diverse subset of active molecules in the training set, though the size of the diverse subset giving the best results had to be optimized individually for every target. As the active molecules of the different Tox21 sub-challenges might contain different important molecular characteristics, the use of extensive cross-validation to optimize the feature selection for every sub-challenge could further improve the prediction performance. Automated feature selection using deep neural networks, as suggested by one of the other teams participating in the Tox21 challenge (Unterthiner et al., 2015), offers an alternative way to determine the most relevant features in the input molecules which can be advantageous for large sets of molecules, but is obviously associated with large computational costs.

Combinations of multiple machine learning algorithms, also referred to as hybrid or ensemble learning, are a well-described approach and have been applied to solve diverse research questions (Yang et al., 2015b). It is usually assumed that the use of multiple models can increase the prediction accuracy as compared to the use of a single model and help to manage high-dimensional and complex data sets. Similarly to our approach, several other studies have proven that merging a naïve Bayes classifier with a similarity-based approach such as k-nearest neighbors can result in highly predictive models for various applications including the prediction of molecular targets (Ferdousy et al., 2013; Liu et al., 2013). Future investigations could focus on the evaluation of other classification methods (logistic regression, random forests, etc.) and larger model ensembles for the purposes of toxicity prediction.

Conclusions

Our models use a combination of molecular fingerprints and algorithms and show consistently good performance for the 12 outcomes of the Tox21 screen, four of the models being the most accurate amongst the challenge participants. We are planning to make our models publicly available by incorporating them into our toxicity prediction platform ProTox (http://tox.charite.de) in the future.

The Tox21 Data Challenge 2014 has provided an excellent opportunity for academic and industrial groups to assess and directly compare the quality of their toxicity prediction methods. The results will be of great value to the scientific community and can help to pave the way toward the use of more in silico toxicity models as decision-making tools to evaluate potential health hazards of environmental chemicals and drugs.
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Toxicity evaluation of newly synthesized or used compounds is one of the main challenges during product development in many areas of industry. For example, toxicity is the second reason—after lack of efficacy—for failure in preclinical and clinical studies of drug candidates. To avoid attrition at the late stage of the drug development process, the toxicity analyses are employed at the early stages of a discovery pipeline, along with activity and selectivity enhancing. Although many assays for screening in vitro toxicity are available, their massive application is not always time and cost effective. Thus, the need for fast and reliable in silico tools, which can be used not only for toxicity prediction of existing compounds, but also for prioritization of compounds planned for synthesis or acquisition. Here I present the benchmark results of the combination of various attribute selection methods and machine learning algorithms and their application to the data sets of the Tox21 Data Challenge. The best performing method: Best First for attribute selection with the Rotation Forest/ADTree classifier offers good accuracy for most tested cases. For 11 out of 12 targets, the AUROC value for the final evaluation set was = 0.72, while for three targets the AUROC value was = 0.80, with the average AUROC being 0.784 ± 0.069. The use of two-dimensional descriptors sets enables fast screening and compound prioritization even for a very large database. Open source tools used in this project make the presented approach widely available and encourage the community to further improve the presented scheme.

Keywords: toxicity prediction, machine learning, molecular descriptors, molecular fingerprints, Tox21 Data Challenge 2014

INTRODUCTION

Toxicity evaluation of newly synthesized or used chemicals (pharmaceuticals and its metabolites, cosmetic ingredients, biocides, or anthropogenic pollutants) is one of the main challenges during product development in many areas of industry. For example, it has been estimated that in the pharmaceutical industry the toxicology and clinical safety is accounting for 30% of failures in clinical trials (Kola and Landis, 2004). The risk of attrition can be substantially reduced by the introduction of toxicity testing at the early stages of product development. Such evaluation, especially when performed on a large scale, is neither time/cost effective, nor—in case of tests performed on animals—ethically justified. It is estimated that the introduction of a new pesticide to the market requires testing on 7000 animals and costs tens of millions of dollars (Erickson, 2011). Moreover, animal models are frequently poorly correlated with response on humans (Knight, 2007; Shanks et al., 2009). Although in vivo testing seems to be inevitable at the late stage of a product development, many efforts to shift from traditional in vivo tests to higher-throughput and less expensive cell-based assays have been made. For example “The Toxicology in the 21st Century” (Tox21) program, is aimed at developing more reliable toxicity assessment methods as well as developing and validating cellular (in vitro) toxicity assays. The Tox21 10 K chemical library consists of ~10,500 plated compound solutions, consisting of 8311 unique chemical substances, including pesticides, industrial chemicals, food-use additives and drugs (Huang et al., 2014). Acquired activity data can serve not only as in vitro signatures that could be used to predict in vivo toxicity endpoints (Martin et al., 2011; Sipes et al., 2011) and to prioritize chemicals for extensive toxicity testing (Judson et al., 2010), but also to provide the scientific community with training data sets for developing reliable in silico toxicity models (Sun et al., 2012). Also, many attempts toward development of new computational methods for high-throughput toxicity prediction have been made and many techniques and algorithms have been proposed (Deeb and Goodarzi, 2012; Bakhtyari et al., 2013; Cheng et al., 2013; Valerio, 2013; Low et al., 2014; Omer et al., 2014; Toropov et al., 2014; Rouquie et al., 2015). In recent years, machine learning methods are gaining more attention as robust and accurate tools for Quantitative structure–activity relationship (QSAR) and Quantitative structure–property relationships (QSPR) modeling (Durrant and Amaro, 2015; Freitas et al., 2015; Liu, 2015). The key to success in building predictive models are: (a) the quality of a training data set, (b) the descriptive power of molecular descriptors, and (c) selecting and tuning machine learning algorithms. Here I present a detailed description of creating activity prediction models using the Tox21 Data Challenge data set (Subchallenges 1–12). It consists of activity data for two panels playing important roles in toxicological pathways. Nuclear Receptor Signaling Panel (nr) included activity data for seven targets: aryl hydrocarbon receptor (ahr), androgen receptor—full length (ar) and Ligand Binding Domain (ar-lbd), aromatase, estrogen receptor alpha—full length (er) and Ligand Binding Domain (er-lbd) and peroxisome proliferator-activated receptor gamma (ppar-gamma). Stress Response Panel (sr) included data for five targets: nuclear factor (erythroid-derived 2)-like 2/antioxidant responsive element (are), ATAD5, heat shock factor response element (hse), the disruption of mitochondrial membrane potential (mmp) and p53. Great emphasis is laid upon the initial performance benchmark of the various combinations of attribute selection methods and classification algorithms. Two-dimensional molecular descriptors set and dictionary-based fingerprints enable fast screening and compound prioritization even for very large databases. All software used during this study is freely available and open source, making the presented approach widely available for the scientific community.

MATERIALS AND METHODS

The training dataset provided by the Challenge organizers (https://tripod.nih.gov/tox21/challenge/data.jsp) consisted of the activity data for ~10 k compounds (Tox21 10 K compound library, structures provided as SMILES) on 12 targets, with the activity class assigned “Active” or “Not active” (for discussions of activity call procedures, see Shockley, 2012; Tice et al., 2013). The Testing dataset, provided later by the Challenge organizers consisted of activity data for 269 compounds. The final predictions were performed on the evaluation set of 647 compounds with unknown activity.

All calculations were performed on the desktop computer with Intel Core i7-4770 K CPU processor (eight cores) and 16 GB RAM, running Ubuntu 12.04.5 LTS.

Structures Standardization and Preprocessing

The chemical structures in the provided Tox21 Challenge data sets were standardized using the LyChI (Layered Chemical Identifier) program (version 20141028, https://github.com/ncats/lychi). Compounds with ambiguous structure (compound identifier with more than one chemical structure assigned) or activity (compound identifier with activity labels “Active” and “Not active” on a single target) were excluded using KNIME GroupBy node (KNIME 2.10.4, http://www.knime.org/; Berthold et al., 2007). For each compound, only the biggest component was preserved (KNIME component Separator node). For each target, data set was downsized such that the activity values were evenly distributed—all records from the minority class were retained and a random sample from the majority class was added (KNIME Row Sampling node). Standardized and downsized datasets used for modeling are available as Supplementary Materials.

Descriptors Generation

For standardized data sets, two-dimensional molecular descriptors were calculated using KNIME nodes: RDKit (http://rdkit.org/, 117 descriptors), CDK (Beisken et al., 2013; http://sourceforge.net/projects/cdk/, 97 descriptors) and fingerprints [PubChem (881 bits) and MACCS (167 bits)], giving 1262 descriptors for each compound. For the list of used descriptors and literature references see Supplementary Table S5. For each target, Arff weka file was created using KNIME Arff Writer node.

Classification Algorithms Screen

Preprocessing and classification algorithms screen was performed in the Weka Experiment Environment (Weka 3.6.6, Hall et al., 2009), with 10-fold cross validation with 10 repetitions. In each run, data was preprocessed with Remove Useless filter (all constant attributes are deleted, along with any that exceed the maximum percentage of variance, set to 99%) and Standardize filter (standardizes all numeric attributes to have zero mean and unit variance). Attribute selection was performed with two search methods: Best First and Rank Search, with CfsSubset attribute evaluator. Machine learning algorithms tested were: ADTree (alternating decision tree), FT (functional trees), FURIA (Fuzzy Unordered Rule Induction Algorithm), IBk (k-nearest neighbors), J48, Naïve Bayes, REPTree, and SMO (sequential minimal optimization for training a support vector classifier). Ensemble methods tested in the second step of the screen were: Rotation Forest, Decorate, Dagging, Bagging and AdaBoost M1. Unless otherwise stated, all algorithms were used with default settings. The performance of the models was measured using area under the receiver operating characteristic (ROC) curve metrics (AUROC).

Predictions

The final models were built in KNIME with Weka 3.6 nodes, using the Best First attribute selection method with Rotation Forest/ADTree classifier (for parameters of the classifier see Supplementary Table S6). For each target, 10 models were built using randomly selected subset of 95% of training set. Each model was evaluated on the remaining 5% of the training set and on the testing set. The model with the best AUROC value was selected for the final predictions. The estimation of probability of a chemical being active was rounded to three decimal places.

RESULTS AND DISCUSSION

The data processing workflow is shown in Figure 1. It involved six main steps: data preprocessing, descriptors calculation, feature selection and classification algorithms screen, training, testing, and predictions.


[image: image]

FIGURE 1. Activity prediction workflow.



Data Preprocessing

The first stage of data preprocessing included data sanitization. First, SMILES were standardized with the LyChi program. For the training dataset, out of 11,764 unique input compounds, 9231 (78%) had fixed structure. Among the most frequent modifications were: unifying aromaticity model, neutralization and small counterions removal. Next, structures containing more than one component were separated and only the biggest component was preserved. This was the most vague reduction of the initial data, but this step was necessary for proper descriptors calculations. Also, an analysis of the most frequently removed components showed that these were mainly inorganic acids, metal ions and water molecules (see Table 1), which are frequent components of pharmaceutical mixtures and should not be treated as a factors determining activity on investigated targets. Finally, each subset of the training data set was downsized such that the activity values are equally distributed. The selection of the majority class members (inactives) was random (see Sections Structures Standardization and Preprocessing: Materials and Methods), which means that the output from this step could influence the results of further predictions. Here, the downsizing was a single-time procedure and the influence of various sets of majority class on models' performance was not investigated. For the initial and final compositions of the training data set (see Table 2).

Table 1. Top 10 most frequently removed minor components from an initial training data set.
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Table 2. Initial and final training data sets composition.
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Molecular Descriptors Calculation

Generation of higher-dimensional molecular descriptors (3D, 4D, 5D) is time consuming and may be prone to conformer generation errors. To avoid these shortcomings, low-dimensional (0D, 1D, 2D) descriptors and dictionary-based fingerprints were used here. It was shown earlier that such descriptors may carry the similar information-level to higher dimensional ones (Estrada et al., 2001; Oprea, 2002; Roy and Das, 2014) and can be successfully used in building predictive QSAR models (Roy and Roy, 2009; Garcia et al., 2011; Chavan et al., 2014; Su et al., 2015).

Feature Selection and Classification Algorithms Screen

Various attribute selection, data preprocessing and classification algorithms are available (Witten et al., 2011). It is not known a priori which combination of the above is optimal for the problem under consideration, as for different data sets the accuracy of algorithms varies (Smusz et al., 2013). This is why an initial methods assessment was conducted, evaluating the performance (expressed as the AUROC value) of the combination of:

• Attribute selection methods: two search methods were evaluated: Best First and Rank Search

• Classifiers: 14 classifiers setups were evaluated

Most classifiers were used with default settings. For IBk, four values of k were probed (1, 3, 5, and 10), as this parameter may significantly influence the performance of this classifier. SMO algorithm was probed with three kernels (RBF kernel, polynomial kernel, and normalized polynomial kernel). To validate various modeling approaches, a 10-fold cross validation with 10 repetitions was used. In each run, training data were preprocessed independently (removal of a constant attribute, data standardization, attribute selection). This allowed an estimation of how the procedures under the investigation will generalize to an independent data set. Results of the initial evaluation are summarized in Figure 2 (for values obtained in the initial methods evaluation see Supplementary Table S1).
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FIGURE 2. Heat maps presenting results of the initial methods evaluation. Color coded AUROC values are presented for 14 classifiers (Y axis) in combination with two attribute selection methods (top X axis), grouped by the target (down X axis). Additional group presenting mean AUROC values is added for classifiers comparison.



As expected, the performance of evaluated classifiers varied. For the tested set of the descriptors, among the best performing ones were ADTree, IBk, and Naïve Bayes. Performance of IBk classifier varied slightly for various values of k, with better AUROC values for the higher k (5 and 10). The worst performance was observed for SMO (Sequential Minimal Optimization). However, the parameters for these methods (C, gamma) were not optimized and certainly such optimization would increase their performance. As for the attribute selection methods, in most cases there were no significant differences in performance between algorithms. The exception is the Naïve Bayes classifier, where the differences are substantial. Generally, the Best First method was slightly better than Rank Search (mean AUROC for all experiments: 0.778 ± 0.056 and 0.768 ± 0.055, respectively). In the studied descriptors space, the overall “target predictability” also varied. The sr-mmp and nr-ar-lbd are “the most predictable” targets while sr-hse and nr-er are “the least predictable” ones. The latter observation may be caused by the insufficient descriptive power of calculated molecular features to describe the nature of binding small molecule ligands to these targets.

After initial algorithms screen, the four best performing methods (Naïve Bayes, ADTree, and IBk) were evaluated in combination with ensemble methods: Rotation Forest, Decorate, Dagging, Bagging, and AdaBoost. The SMO classifier was treated as the “negative control.” The Best First attribute selection method was used. Results are summarized in Figure 3 (for AUROC values obtained in this experiment see Supplementary Table S2).
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FIGURE 3. Heat maps presenting results of the ensemble methods assessment. Color coded AUROC values for 12 classifiers (Y axis) for each challenge target (X axis) are shown. Aditional column presenting mean AUROC values is added for classifiers comparison.



The application of the ensemble methods in most cases caused increase of the obtained AUROC values. The average AUROC for all targets for Naïve Bayes classifier increased from 0.79 to 0.80 (when combined with Bagging, Dagging, Decorate and Rotation Forest) but decreased to 0.78 in case of AdaBoostM1. For ADTree, the AUROC values increased from the initial 0.79–0.82 (in combination with Decorate) and 0.83 (for Rotation Forest). For comparison of the performance of the selected ensemble classifiers see Supplementary Table S4. The best and most stable performance for all targets was observed for Rotation Forest ensemble method with two classifiers: ADTree and IBk (k = 10) (Mean AUROC for all experiments: 0.831 ± 0.038 and 0.820 ± 0.038 respectively). Based on these results, the Best First attribute selection method with Rotation Forest/ADTree classifier was used for the final activity predictions for all targets.

Training, Testing, and Final Predictions

For each target, 10 models were built using randomly selected subsets of 95% of the training set. Each model was tested on two sets: the remaining 5% of the training set and the provided testing set. The use of the 5%-random subset, apart from the constant testing set, helped to assure that the performance of the selected model is obtained not due to chance, but by merit inherent to the method. The model with the highest AUROC value was selected for the final predictions on the evaluation set. The performance on the testing and evaluation data sets of selected best models is summarized in Table 3. For AUROC statistics of all generated models see Supplementary Table S3.

Table 3. AUROC values obtained for the best models selected for final predictions.
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The average AUROC value for the final predictions for all 12 targets was 0.784 ± 0.069. The best results were obtained for nr-ahr and sr-mmp (AUROC values: 0.89 and 0.93, respectively). The lowest AUROC value was obtained for nr-ppar-gamma (0.67), despite good performance of the model on the testing sets. As stated earlier, lower performance for some targets may be caused by the insufficient descriptive power of calculated molecular features to describe the complex nature of binding small molecule ligands to these targets.

In general, one can observe the correlation between AUROC values for testing and evaluation data sets. Most prominent examples include sr-mmp and nr-ahr (good performance in both testing and final evaluation) and nr-ar (moderate performance in both cases). On the other hand, for nr-ppar-gamma, the results obtained on the testing data sets are very good, while the final performance is moderate. In this case, one of the reasons could be that the chemical space of the evaluation set is out of the applicability domain of the selected model.

Computational Performance

Descriptors Calculation

The choice of low-dimensional descriptors guaranteed a high speed of calculations. A test run, carried for randomly selected 50 k clean drug like compounds fetched from ZINC database, showed a calculation rate at 12.65 s/1000 compounds (±1.33 s). The workflow for the descriptors calculation may be further optimized by applying a better parallelization scheme and by using all available CPUs on all stages of calculations.

Classification Performance

The biggest influence on the training time has the attribute selection step. Results from initial algorithms assessment (10-fold cross validation with 10 repetitions) shows that, for Best First, the average time of a single run was 10.197 ± 6.359 s, while for Rank Search it was 80.983 ± 66.302 s. Although the differences between these algorithms are high, in many cases training is a one-time procedure and training time is not a main factor for consideration. The average testing time for Best First method was 0.034 ± 0.063 s, while for Rank Search it was 0.119 ± 0.242 s. For the setup used for final evaluation (Best First attribute selection method with Rotation Forest/ADTree classifier) the average training time for all targets was 13.084 ± 8.627 s, while the testing time was 0.042 ± 0.033 s. For training and testing time values see Supplementary Tables S1, S2).

Related Works

Recently, a few papers describing various classification methods applied to the Tox21 dataset have been published. Drwal et al. described a successful approach of applying similarity comparison and machine learning for activity prediction (Drwal et al., 2015). These authors also used two dimensional descriptors sets in the form of 2929 bit-long bitvector, encoding molecular features, properties and connectivity information. The training dataset was enriched by adding activity data fetched from the literature (when available). Various parameters of similarity searching (Tanimoto fingerprint similarity to active or inactive compounds), of machine learning (Naïve Bayes) and of the combination of these methods were evaluated. The established methodology applied to the Tox21 dataset gave comparable results to the ones shown in this work (for four targets, the methods presented here gave better AUROC values, for two, the values were equal).

Deep learning methods were also applied to the Tox21 classification challenge. Unterthiner et al. used deep neural network with 40,000 input features describing molecules (Unterthiner et al., 2015
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Scaling of predefined features
Number of Hidden Units
Number of Layers
Backpropagation Learing Rate
Dropout usage/rate

L2 Weight Decay

Values considered

{standard-deviation, tanh, sart}
{1024, 2048, 4096, 8192, 16,384}
1,2,3,4)
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{no, yes (50% Hidden Dropout, 20% Input
Dropout)

{0,10-6, 10-5, 10-4}
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SRATADS
SR.HSE
SRMMP
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Large dataset: “Big data”

Many related input features

Multi-task setting

Several thousand data points must be
available to allow the Deep Learning
method to learn hierarchical
representations of the data.

Multiple similar, i.e., correlated, inputs must
be available. This allows very robust hidden
representations.

Each data point has multiple possible
output classes. The hidden representations
can be shared across tasks, enhancing
performance.
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Library synthesizer
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Model

Random forest classifier
Extra trees classifier

Support vector classifier

Gradient boosting classifier

Parameter

Splitting criterion
Number of estimators

Kernel

Gamma parameter
C parameter
Class weight

Learning rate
Number of estimators
Max tree depth
Subsampling

Options tested

Gini, entropy
499, 799, 999, 1200

Radial basis function, linear
0.01,0.001, 0,0001

1,10, 00,1000

auto, none

0.01,0.1,03
250, 500,1200
2,35
0.75,09, 1.0
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Panel Assay Modeling method Tuned model parameters LBAUC Eval. AUC Balanced acc.

NR AR ExtraTreesClassifier No. estimators: 499, criterion 071 0.83 061
NR Abr ExtraTreesClassifier No. estimators: 499, criterion 0.85 078 056
NR AR-LBD RandomForestClassifier No. estimators: 499, criterion 0.86 0.82 049
NR ER ExtraTreesClassifier No. estimators: 499, criterion 0.70 077 066
NR ER-LBD RandomForestClassifier No. estimators: 799, criterion 0.79 077 059
NR Aromatase ExtraTreesClassifier No. estimators: 999, criterion 0.85 084 056
NR PPAR-gamma ExtraTreesClassifier No. estimators: 499, criterion 0.83 0.83 055
SR ARE ‘SupportvectorClassifier Kernel type: ANOVA 0.82 077 052
SR ATADS ExtraTreesClassifier No. estimators: 499, criterion = “entropy” 0.80 0.80 061
SR HSE ExtraTreesClassifier No. estimators: 499, criterion = “entropy” 0.88 0.86 056
SR MMP ExtraTreesClassifier 093 095 0.69
SR P53 ExtraTreesClassifier 074 088 0.58
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Panel

NR
NR
NR
NR
NR
NR
NR
SR
SR
SR
SR
SR

Assay

AR
Anr

AR-LBD

ER

ER-LBD
Aromatase
PPAR-gamma
ARE

ATADS

HSE

MMP

ps3

Modeling method

ExtralreesClassifier
ExtrareesClassifier
RandomForestClassifier
ExtrareesClassifier
RandomForestClassifier
ExtrareesClassifier
ExtralreesClassifier
‘SupportvectorClassifier
ExtraTreesClassifier
ExtrareesClassifier
ExtralreesClassifier
ExtrareesClassifier

Cutoff point

0.50
0.40
0.50
035
035
0.45
050
0.60
035
0.50
0.50
035

Evaluation AUC

0.83
078
0.82
077
077
084
0.83
077
0.80
0.86
095
088

Position

Best AUC

0.83
093
0.88
0.1
0.83
0.84
0.88
0.84
0.83
0.86
095
088

Pert. ratio (%)

100
84.20
93.11
9461
93.26
100
96.58
91.43
96,65
98.93
99.54
100
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Model name

Model 1
Model 2
Model 3
Model 4

Descriptor

DRAGONH
DRAGONH
SiRMS

DRAGONH

Balancing protocol

1:1 Randomly
1:1 totest set 2
1:1 Randormly
Unbalanced
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Algorithm ~ NR-AhR ~ NR-AR  NR-AR NR NR-ER NR-ER NR-PPAR SRARE SRATADS SRHSE SRMMP SRp53

-LBD  -Aromatase -LBD  -gamma
RF 0865 0744 0722 0.739 0745 0790 0.803 0.700 0.726 0.752 0.859 0.802
SWM 0.861 0744 0756 0.738 0720 0752 0.791 0697 0729 0.689 0.862 0.803

Our team participated in the Tox21 data challenge 2014 under team aliases frozenarm and ToxFit. Performance achieved per assay ranged from 0.7 for the SRARE and up to 0.865
ROC-AUC for NR.AhR. Our best achieved performance per assay is indicated in bold.
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NR-AR NR-AR NR-ER  NR-ER NR NR-AhR  NR-PPAR  SR-ARE SR-MMP SR-p53 SR-HSE  SR-

-LBD -LBD  -Aromatase -gamma ATADS
Total 7202 6714 6107 6912 5747 6493 6429 5790 5770 6739 6430 7027
Active 252 215 650 290 274 733 175 896 890 a12 316 263
Inactive 6950 6499 5457 6622 5473 5760 6254 4894 4880 6327 6114 6764
Ratio of 276 302 84 228 200 79 35.7 55 55 154 19.3 257

Inactive/active

The dataset utiized for model development and hyper-parameter tuning resulted by merging the Tox21_10k and Tox_LDB dtasets. The ratio of inactive/active instances per assay
ranged from 5.5 in SRARE and SRMMP and up to 30.2 in NRAR_LBD.
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“In the selected bioprofies, the red color indicates active response, bl color indicates inactive response and white color indicates no data availabl. The bioprofiles only consist of the
assays out of 44 PubChem assays that have the data for the three compounds in each group:

“First group bioprofile assays: PubChem AID 410, 883, 884, 893, 504832, 686978.

“Second group bioprofile assays: AID 410, 884, 504847, 686978, 636979, 743244,

“Third group bioprofie assays: AID 884, 886, 857, 893, 504847, 686978, 686979,

N/A indlicates there is no data available for this compound within these assays.
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Assay ID

NR-ANR
NR-Aromatase
NR-AR
NR-AR-LBD
NR-ER
NR-ER-LED
NR-PPAR-gamma

SR-ARE

SR-ATADS
SR-HSE
SR-MMP
SR-ps3

Assay

Ayl hydrocarbon receptor
Aromatase

Androgen receptor, fulllength

Androgen receptor, LBD

Estrogen receptor alpha, full length
Estrogen receptor alpha, LBD
Peroxisome proliferator-activated receptor
gamma

Nuclear factor (erythroi-derived 2)-ke
antioxidant responsive element
ATADS

Heat shock factor response element
Mitochondrial membrane potential
P53

PubChem
AID

743122
743139
743040
743053
743079
743077
743140

743219

720516
743228
720637
720852
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Method

Decision Tree

COREPA
OLS/GA-VSS,
GA-MLR

GA-MLRANN

Docking/mQSAR
(VirtualToxLab)

kNN (STL and
M1y

SWM
MLR/RBFNN
Decision forest
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Team name

Challenge assay(s)

“Team member(s)

Organization(s)

Bioinf@JKU

Grand Challenge (all 12 assays)
Stress Response Panel

Gnter Klambauer, Ph.D.
Sepp Hochreiter, Ph.D.

Institute of Bioinformatics, Johannes Kepler University Linz, Austria

NR-ARR Andreas Mayr, M.Sc.
SR-ARE Thomas Unterthiner, M.Sc.
Bionf@JKU-ensemblel  NR-ER Gunter Kiambaver, Ph.D. Institute of Bioinformatics, Johannes Kepler University Linz, Austria
SR-HSE Sepp Hochreiter, Ph.D.
Andreas Mayr, M.Sc.
Thomas Unterthiner, M.Sc.
Herbert Zaunmair
Bioinf@JKU-ensemble3  NR-AR-LBD Gnter Kiambaver, Ph.D. Institute of Bioinformatics, Johannes Kepler University Linz, Austria

Bioinf@JKU-ensembled

Nuclear Receptor Signaling
Panel

Sepp Hochreiter, Ph.D.
Urich Bodenhofer, Ph.D.
Andreas Mayr, M.Sc.
Thomas Unterthiner, M.Sc.

Gnter Klambauer, Ph.D.
Sepp Hochreiter, Ph.D.

Institute of Bioinformatics, Johannes Kepler University Linz, Austria

NR-PAR-gamma Birgit Haver
Andreas Mayr, M.Sc.
Thomas Unterthiner, M.Sc.
AMAZIZ SR-ATADS Ahmed M. Abdelaziz Sayed ‘Technical University of Munich
SR-MMP
Drmiab NRAR Gergd Barta, M.Sc. Budapest University of Technology and Economics
Avomatase
P53
Microsomes. NR-ER-LBD Yostihiro Uesawa, Ph.D. Department of Clinical Pharmaceutics, Meij Pharmaceutical University
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Descriptors Training  Training  Evaluation  Evaluation

package total score  setrank total score  setrank
Dragon 6 1 1 86 2
CDK 105 2 %8 1
ISIDA Fragments 8 3 3 5
Chemaxon Descriptors 79 4 7 4
ALogPS, OFstate 73 5 79 3
Adriana. Code 55 65 55 8
QPR 55 65 a5 9
Inductive Descriptors 36 8 57 7
Mera, Mersy 30 9 62 6

GS Fragments 28 10 42

3
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Molecular pathway endpoint Training set records Test set Gomplete training set

(unique molecules) records records (unique molecules)
NUCLEARRECEPTORSIGNALINGPANEL
Aryl hydrocarbon receptor (nr-ahr) 8169 (6716) 272 8441 (6988)
Androgen receptor MDA-kb2 AR-luc cell ine (nr-ar) 9362 (7468) 202 9654 (7760)
Androgen receptor GeneBLAzer 8599 (6927) 253 8852 (7180)
AR-UAS-bla-GripTite celline (nr-ar-bd)

Aromatase enzyme (nr-aromatase) 7226 (5966) 214 7440 (6180)
Estrogen receptor alpha BG1-Luc-4E2 celline (nr-er) 7697 (6334) 265 7962 (6599)
Estrogen receptor alpha ER-alpha-UAS-bla 8753 (7138) 287 9040 (7425)
GripTiteTM cellline (nr-er-lod)

Peroxisome prolfferator-activated receptor gamma 8184 (6607) 267 8451 (6874)
(nr-ppar-gamma)

STRESSRESPONSEPANEL
Nuclear factor (erythroid-derived 2)-ke 2/antioxidant 7167 (5959) 234 7401 (6193)
responsive element (NIf2/ARE) (sr-are)

ATADS receptor (sr-atads) 9091 (7256) 272 9363 (7528)

Heat shock factor response element (sr-hse) 8150 6617) 267 8417 (6884)
Mitochondrial membrane potential(sr-mmp) 7320 (5941) 238 7558 (6179)

P53 signaling pathway (sr-ps3) 8634 (6931) 269 8903 (7200)

Nuclear receptor (r) assay panel contained seven assays while the stress response (sr) assay panel covered five assays.
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nr-ahr 0.865 0.859 0.853 512
nr-ar 0.785 0752 0.736 515
nr-ar-bd 0838 0592 0.650 516
nr-aromatase 0.824 0715 0.737 513
nr-er 0.736 0.756 0.749 517
nr-er-ibd 0810 0726 0715 518
nr-ppar-gamma  0.802 0.741 0.785 514
srare 0799 0730 0.729 534
srateds 0.809 0734 0.741 519
srhse 0.794 0.767 0.799 520
semmp 0882 0.900 0.904 521
sps3 0.795 0783 0.765 522

The balanced accuracies of winning models in the data challenge (Tox21 Data Challenge
2014 - Final Leaderboard) are shown for reference. Cases where models perform better
than wining balanced accuracy are underined. Three significant digts are shown for
comparison. However, the difference in the balanced accuracy in many cases is not
significant to justiy some models as being more superior than others. Supplementary
Materils (Data Sheet 1) nclude the upper and lower boundaries for balanced accuracies
as well as p-values.