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Abstract. Compound toxicity prediction is a very challenging and crit-
ical task in the drug discovery and design field. Traditionally, cell or
animal-based experiments are required to confirm the acute oral toxic-
ity of chemical compounds. However, these methods are often restricted
by availability of experimental facilities, long experimentation time, and
high cost. In this paper, we propose a novel convolutional neural net-
work regression model, named BESTox, to predict the acute oral tox-
icity (LD50) of chemical compounds. This model learns the composi-
tional and chemical properties of compounds from their two-dimensional
binary matrices. Each matrix encodes the occurrences of certain atom
types, number of bonded hydrogens, atom charge, valence, ring, degree,
aromaticity, chirality, and hybridization along the SMILES string of a
given compound. In a benchmark experiment using a dataset of 7413
observations (train/test 5931/1482), BESTox achieved a squared correla-
tion coefficient (R2) of 0.619, root-mean-squared error (RMSE) of 0.603,
and mean absolute error (MAE) of 0.433. Despite of the use of a shal-
low model architecture and simple molecular descriptors, our method
performs comparably against two recently published models.

Keywords: Drug design · Machine learning · Acute oral toxicity ·
Toxicity prediction · SMILES · Convolutional neural network

1 Introduction

Measuring the chemical and physiological properties of chemical compounds are
fundamental tasks in biomedical research and drug discovery [19]. The basic idea
of modern drug design is to search chemical compounds with desired affinity,
potency, and efficacy against the biological target that is relevant to the disease
of interest. However, not only that there are tens of thousands known chemical
compounds existed in nature, but many more artificial chemical compounds are
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being produced each year [9]. Thus, the modern drug discovery pipeline is focused
on narrowing down the scope of the chemical space where good drug candidates
are [7,11]. Potential lead compounds will be subjected to further experimental
validation on their pharmacodynamics and pharmacokinetic (PD/PK) proper-
ties [2,14]; the latter includes absorption, distribution, metabolism, excretion,
and toxicity (ADME/T) measurements. Traditionally, chemists and biologists
conduct cell-based or animal-based experiments to measure the PD/PK prop-
erties of these compounds and their actual biological effects in vivo. However,
these experiments are not only high cost in terms of both time and money, the
experiments that involve animal testings are increasingly subjected to concerns
from ethical perspectives [1].

Among all measured properties, toxicity of a compound is the most important
one which must be confirmed before approval of the compound for medication
purposes [16]. There are different ways to classify the toxicity of a compound.
For example, based on systemic toxic effects, the common toxicity types include
acute toxicity, sub-chronic toxicity, chronic toxicity, carcinogenicity developmen-
tal toxicity and genetic toxicity [22]. On the other hand, based on the toxicity
effects area, toxicity can also be classified as hepatotoxicity, ototoxicity, ocular
toxicity, etc. [15]. Therefore, there is a great demand for accurate, low-cost and
time-saving toxicity prediction methods for different toxicity categories.

Toxicity of a chemical compound is associated with its chemical structure [17].
A good example is the chiral compounds. This kind of compounds and their
isomers have highly similar structures but only slight differences in molecular
geometry. Their differences cause them to possess different biological properties.
For example, the drug Dopa is a compound for treating the Parkinson disease.
The d-isomer form of this compound has severe toxicity whereas the l-isomer
form does not [12]. Therefore, only its levorotatory form can be used for medical
treatments. This property-structure relationship is often described as quantita-
tive structure-activity relationship (QSAR) and have been widely used in the
prediction of different properties of compounds [4,24]. Based on the same idea,
toxicities of a compound, being one of the most concerned properties, can be pre-
dicted via computational means as a way to select more promising candidates
before undertaking further biological experiments.

The Simplified Molecular Input Line Entry System, also called SMILES [20,
21], is a linear representation of a chemical compound. It is a short ASCII string
describing the composition, connectivity, and charges of atoms in a compound.
An example is shown in Fig. 1. The compound is called Morphine; it is orig-
inated from the opiate family and is found to exist naturally in many plants
and animals. Morphine has been widely used as a medication to relief acute
and chronic pain of patients. Nowadays, compounds are usually converted into
their SMILES strings for the purpose of easy storage into databases or for other
computational processing such as machine learning. Common molecular toolkits
such as RDkit [8] and OpenBabel [13] can convert a SMILES string to its 2D
and 3D structures, and vice versa.
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Fig. 1. The morphine structure and its SMILES representation.

In recent years, machine learning has become the mainstream technique in
natural language processing (NLP). Among all machine learning applications
for NLP, text classification is the most widely studied. Based on the input text
sentences, a machine learning-based NLP model analyzes the organization of
words and the types of words in order to categorize the given text. Two pio-
neering NLP methods are textCNN [6] and ConvNets [26]. The former method
introduced a pretrained embedding layer to encode words of input sentences into
fixed-size feature vectors with padding. Then, feature vectors of all words were
combined to form a sentence matrix that was fed into a standard convolutional
neural network (CNN) model. This work was considered a breakthrough at that
time and accumulated over 5800 citations since 2014 (as per Google Scholar).
Another spotlight paper in NLP for text classification is ConvNets [26]. Instead
of analyzing words in a sentence, this model exploited simple one-hot encoding
method at the character level for 70 unique characters in sentence analysis. The
success of these methods in NLP shed lights to other applications that have only
texts as raw data.

Compound toxicity prediction can be considered as a classification problem
too. Recently, Hirohara et al. [3] proposed a new CNN model for toxicity classi-
fication based on character-level encoding. In this work, each SMILES character
is encoded into a 42-dimensional feature vector. The CNN model based on this
simple encoding method achieved an area-under-curve (AUC) value of 0.813 for
classification of 12 endpoints using the TOX21 dataset [18]. The best AUC score
in TOX21 challenge is 0.846 which is achieved by DeepTox [10]. Despite of its
higher accuracy, the DeepTox model is extremely complex. It requires heavy
feature engineering from a large pool of static and dynamic features derived
from the compounds or indirectly via external tools. The classification model is
ensemble-based combining deep neural network (DNN) with multiple layers of
hidden nodes ranging from 210 to 214 nodes. The train dataset for this highly
complex model was comprised of over 12,000 observations and superior predic-
tive performance was demonstrated.

Besides classification, toxicity prediction can be seen as a regression problem
when the compound toxicity level is of concern. Like other QSAR problems,
toxicity regression is a highly challenging task due to limited data availability and
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noisiness of the data. With limited data, the use of simpler model architecture is
preferred to avoid the model being badly overfitted. In this work, we have focused
on the regression of acute oral toxicity of chemical compounds. Two recent works
[5,23] were found to solve this problem where the maximally achievable R2 is
only 0.629 [5].

2 Materials and Methods

2.1 Dataset

In this study, we developed a regression model for acute oral toxicity prediction.
The prediction task is to estimate the median lethal dose, LD50, of the compound;
this is the dose required to kill half the members of the tested population. A small
LD50 value indicates high toxicity level whereas a large LD50 value indicates
low toxicity level of the compound. Based on the LD50 value, compounds can
be categorized into four levels as defined by the United States Environmental
Protection Agency (EPA) (see Table 1).

Table 1. Four categories of compound oral toxicity (mg/kg) defined by the United
States Environmental Protection Agency.

Category Description Range

Category I Highly toxic and severely irritating LD50 ≤ 50

Category II Moderately toxic and moderately irritating 50 < LD50 ≤ 500

Category III Slightly toxic and slightly irritating 500 < LD50 ≤ 5000

Category IV Practically non-toxic and not an irritant 5000 < LD50

The rat acute oral toxicity dataset used in this study was kindly provided
by the author of TopTox [23]. This dataset was also used in the recent study of
computational toxicity prediction by Karim et al. [5]. For LD50 prediction task,
the dataset contains 7413 samples; out of which 5931 samples are for training
and 1482 samples are for testing. The original train/test split was deliberately
made to maintain similar distribution of the train and test datasets to facili-
tate learning and model validation. It is noteworthy that as the actual LD50

values were in a wide range (train set: 0.042 mg/kg to 99947.567 mg/kg, test set:
0.020 mg/kg to 114062.725 mg/kg), the LD50 values were first transformed to
mol/kg format, and then scaled logarithmically to −log10 (LD50). Finally, the
processed experimental values range from 0.470 to 7.100 in the train set and
0.291 to 7.207 in the test set.

2.2 Binary Encoding Method for SMILES (BES)

As a SMILES string is not an understandable input format for general machine
learning methods, it needs to be converted or encoded into a series of numer-
ical values. Ideally, these values should capture the characteristics of the com-
pound and correlates to the interested observables. The most popular way to
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encode a SMILE is to use molecular fingerprints such as Molecular Access System
(MACCS) and extended connectivity fingerprint (ECFP). However, fingerprint
algorithms generate high dimensional and sparse matrices which make learning
difficult.

Here, in order to solve the regression task for oral toxicity prediction. Inspired
by the work of Hirohara et al. [3], we proposed the modified Binary Encoding
method for SMILES, named BES for short. In BES, each character is encoded
by a binary vector of 56 bits. Among them 26 bits are for encoding the SMILES
alphabets and symbols by the one-hot encoding approach; 30 bits are for encod-
ing various atomic properties including number of bonded hydrogens, formal
charge, valence, ring atom, degree, aromaticity, chirality, and hybridization. The
feature types and corresponding size of the feature is listed in Table 2.

Table 2. The proposed binary encoding scheme called BES. Each SMILES character
is encoded into a vector of 56 bits; each value, either a 1 or 0, represents the existence
of that feature type and the element that it has.

Feature type Element Bit(s)

Symbol in SMILES ( ) 2

[ ] 2

1

: 1

= 1

# 1

\ 1

/ 1

@ 1

+ 1

− 1

Number in SMILES Atom charge (2–7) 6

Ring begin (yes/no) 1

Ring end (yes/no) 1

Atom type C, H, O, N, others 5

Others Surrounding hydrogen number (0–3) 4

Atom formal charge (−1, 0, 1) 3

Valence (1–6) 6

Ring atom (yes/no) 1

Degree (1–5) 5

Aromaticity (yes/no) 1

Chirality (R/S/others) 3

Type of hybridization 7

Total - 56
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Fig. 2. Illustration of the Binary-Encoded SMILES (BES) method.

As the maximum length of SMILES strings in our dataset is 300, the size
of the feature matrix for one SMILES string was defined to be 56 × 300. For
a SMILES string that is shorter than 300 in length, zero padding was applied.
Figure 2 illustrates how BES works.

2.3 Model Architecture

Our prediction model is a conventional CNN model with convolutional layers to
extract features, pooling layers to reduce dimensionality of the feature matrix
and to prevent overfitting, and a multi-layer neural network to correlate features
to LD50 values. To decide the model architecture and to tune hyperparameters
of the model, a grid search method was employed. Table 3 shows the hyperpa-
rameters and their ranges of values within which the model was optimized. In
each grid search process, the model training was run for 500 epochs and the
mean-squared error (MSE) loss of the model in 5-fold cross validation was used
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Table 3. Tuning options and optimal values for hyperparameters.

Hyperparameter Candidate value Optimal value

Number of filter (Conv 1) 256–1024 512

Number of filter (Conv 2) 256–1024 1024

Activation function (Conv) ReLU, Sigmoid ReLU

Activation function (FC) ReLU, Sigmoid ReLU

Batch size 16, 32, 64, 128 32

Batch normalization (BN) Yes, No Yes

Dropout Yes, No No

Optimizer Adam, SGD Adam

Learning rate 0.1, 0.01, 0.001 0.01

Max epoch 500,1000,1500 1000

as a criteria for model selection. The optimal parameters are also presented in
Table 3. The final production model was trained using the optimal parameters
and the entire train dataset. The maximum training epoch was 1000; early stop
method was used to prevent the problem of overfitting.

The architecture of our optimized CNN model is presented in Fig. 3. The
model contains two convolutional layers (Conv) with 512 and 1024 filters respec-
tively. After each convolutional layer is an average pooling layer and a batch
normalization layer (BN). Then, a max pooling layer is used before the learned
features fed into the fully connected layers (FC). Four FCs containing 2048, 1024,
512, and 256 hidden nodes were found to be the optimal combination for toxicity
prediction and the ReLU function is used to generate the prediction output.

2.4 Implementation

All implementations were done using Python 3.6.9 with the following libraries:
Anaconda 4.7.0, RDKit v2019.09.2.0, Pytorch 1.2.0 and CUDA 10.0. We used
GetTotalNumHs, GetFormalCharge, GetChiralTag, GetTotalDegree, IsInRing,
GetIsAromatic, GetTotalValence and GetHybridization functions from
RDkit to calculate atom properties. Our model was trained and tested in a
workstation equipped with two NVIDIA Tesla P100 GPUs.

3 Results

Training of the final production model was performed using the optimal param-
eters obtained from the result of our extensive grid search. Figure 4 shows the
evolution of MSE over the number of training cycles. The training stopped at the
900-th epoch with MSE of 0.016. Table 4 shows the performances of our model
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Fig. 3. Proposed CNN architecture for oral toxicity prediction.

Fig. 4. MSE loss of training BESTox model with optimal hyperparameters in Table 3.
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Table 4. Predictive performances of BESTox in the train and test datasets. R2 is the
squared Pearson correlation coefficient, RMSE is root-mean-squared error and MAE is
mean absolute error.

Performance Dataset Size R2 RMSE MAE

Training Train set 5931 0.982 0.126 0.084

Testing Test set 1482 0.619 0.603 0.433

Fig. 5. Scatterplot of BESTox prediction on 1482 test data (R2 = 0.619).

in the train and test sets. The training performance is excellent which gives R2

of 0.982 as all the data was used to construct the model. For the test set, the
model predicts with R2 of 0.619, RMSE of 0.603, and MAE of 0.433.

Figure 5 shows the scatterplot of BESTox prediction on the test data. We
can see that prediction is better for compounds with lower toxicity (lower
−log10 (LD50)) and worse for those with higher toxicity. This may be due to
fewer data available in the train set for higher toxicity compounds. Thus, we
also tested our model on samples with target values less than 3.5 in the test set
(1255 samples out of total 1482 samples, the sample coverage is more than 84%).
In this case, the performance of our model is improved: RMSE is decreased from
0.603 to 0.516 and MAE is reduced from 0.433 to 0.385.
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Table 5. Performance comparison of our model to two existing acute oral toxicity
prediction methods: TopTox [23] and DT+SNN [5]. Performance data of these methods
were obtained from the original literature.

Model R2 RMSE MAE Ref.

ST-DNN (TopTox) 0.614 0.601 0.436 [23]

DT+SNN 0.629 – – [5]

BESTox 0.619 0.603 0.433 This study

Table 5 presents the comparative performance of BESTox to two existing
acute oral toxicity prediction models, the ST-DNN model from TopTox and the
DT+SNN model from Karim et al. [5]. Results show that our model is slightly
better than ST-DNN with respect to R2 and MAE. The best performed model
is DT+SNN which has a correlation of 0.629; but RMSE and MAE were not
provided in the original study.

The closeness of the performance metrics of BESTox to two existing models
suggest that our model performs on par with them. Nevertheless, it should be
mentioned that while our model has employed simple features and relatively sim-
ple model architecture, ST-DNN and DT+SNN relied on highly engineered input
features and complex ensemble-based model architectures. For ST-DNN [23],
they combined 700 element specific topological descriptors (ESTD) and 330 aux-
iliary descriptors as candidates to generate the feature vectors for prediction (our
model uses only 56 features). In addition, their model included ensemble of two
different types of classifiers, namely, deep neural network (DNN) and gradient
boosted decision tree (GBDT). Combining predictions from several classifiers
is an easy way to improve prediction accuracy, however, the complexity intro-
duced into the model makes the already ”black box model” more difficult to
understand. For the recent DT+SNN model [5], they used decision trees (DT)
to select 817 different descriptors generated from the PaDEL tools [25]. Although
their shallow neural network (SNN) architecture required short model training
time, more time was spent on feature generation and selection. Different com-
bination of features were used depending on the tasks to be predicted, which
had high computational cost. Here, BESTox has achieved results comparable to
these more complex models with simple binary features and model architecture,
showing the power of our method.

4 Conclusion

In this paper, we present our new method BESTox for acute oral toxicity pre-
diction. Inspired by NLP techniques for text classification, we have designed a
simple character-level encoding method for SMILES called the binary-encoded
SMILES (BES). We have developed a shallow CNN to learn the BES matrices to
predict the LD50 values of compounds. We trained our model on the rat acute
oral toxicity data, tested and compared to two other existing models. Despite
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the simplicity of our method, BESTox has achieved a good performance with
R2 of 0.619, comparable to the single-task model proposed by TopTox [23] but
slightly inferior to the hybrid decision tree and shallow neural network model by
Karim et al. [5].

Future improvement of BESTox will be focused on extending the scope of
datasets. As shown in the work of Wu et al. [23], multitask learning can improve
performance of prediction models due to availability of more data on different
toxicity effects. The idea of multitask technique is to train a model with multiple
training sets; each set corresponds to one toxicity prediction task. Feeding the
learners with different toxicity data helps them to learn common latent features
of molecules offered by different datasets.
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