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Abstract. Anatomical Therapeutic Chemical (ATC) classification of unknown
compounds is essential for drug development and research. In this paper, we
propose a multi-label classifier system for ATC prediction based on
convolutional neural networks (CNN) and Long Short-Term Memory Networks
(LSTM). The CNN approach extracts a 1D feature vector from the compounds
utilizing information about their chemical-chemical interaction and structural and
fingerprint similarities to other compounds belonging to the ATC classes. The
1D vector is then reshaped into a 2D matrix. A CNN network is trained on the
matrix and used to extract new features. LSTM is trained on the 1D vector and
likewise used to extract features. These features are then trained on two generalpurpose classifiers designed for multi-label classification and results are fused.
Rigorous experimental evaluation demonstrates the superiority of our method
compared to other state-of-the-art approaches.
Keywords: ATC classification, Deep learning, Convolutional neural networks,
Long Short-Term Memory Networks.

1 Introduction
Drug discovery cost millions of dollars (USD) and can take more than a decade to
accomplish with no guarantee of success after clinical trials. New drugs fail primarily
due to lack of efficacy and adverse side-effects [1]. It is crucial, therefore, to develop
methods for accurately predicting drug therapeutic indications and side-effects. One
feasible avenue for accomplishing this goal is to develop systems that automatically
predict efficacy and side-effects based on the Anatomical Therapeutic Chemical (ATC)
classes of a given compound. The ATC system, proposed by the World Health
Organization (WHO), is a multi-label classification system that categorizes drugs by
simultaneously considering their anatomical distribution, therapeutic effects, and
chemical characteristics [2]. Automatic compound prediction based on ATC could
potentially speed up drug development and significantly reduce the costs of developing
new drugs.

The ATC system categorizes drugs based on five levels of classification that include a
set of overlapping classes. The first level has fourteen main classes (see Table 1).
Unfortunately, only a small portion of drugs have been labeled with ATC codes—
mainly because the traditional experimental methods used for identifying ATC classes
for new drugs and compounds is highly complex. As a result, many machine learning
systems and web servers performing ATC classification have been proposed [3, 4], with
most methods, including the one proposed here, focusing on the first ATC level with
its fourteen classes.
Early research in this area mostly performed exclusive classification, with Dunkel et
al. [3], for example, proposing a system utilizing the compound’s structural fingerprint
information and Wu et al. [4] making predictions based on discovering relationships
among the ATC classes. Chen et al. [2] was one of the first to propose a multi-label
classification method based on chemical-chemical interactions, producing, in addition,
a benchmark dataset of 4,376 drugs obtained by selecting ATC-coded drugs from the
publicly available drug databank KEGG [5]. In the last couple of years, Cheng et al.
[6, 7] have proposed two approaches (iATCmISF [6] and iATC-mHyb [7]) based on
the fusion of different sets of 1D descriptors, such as the chemical-chemical interaction,
structural similarity, and fingerprint similarity, to effectively handle class overlapping.
In [8] the same 1D descriptors used in [6] were reshaped by Nanni and Brahnam as a
set of 2D matrices that were then fed into a multi-label classifier system. In [9] Lumini
and Nanni used the 2D matrices to train a Convolutional Neural Network (CNN).
CNN [10] is a deep learning approach that has gained widespread use in image
classification where such networks analyze input images by evaluating features that
have been learned directly from observations of the training set and preprocessed using
a pyramidal approach. Several papers (see, e.g. [11]) have demonstrated that the first
layers of a CNN are generalizable in their ability to represent the semantics of the data.
Moreover, these layers provide great robustness to intra-class variability [12]. Trained
CNNs can also be effectively reused in other problems as either feature extractors or as
classifiers after ad hoc retraining [13].
In this paper, we propose a multi-label classifier system for ATC prediction based on
CNN and Long Short-Term Memory Networks (LSTM) [14]. With the CNN approach,
we extract a 1D feature vector from a compound by utilizing information about its
chemical-chemical interaction and structural and fingerprint similarities to other
compounds belonging to the different ATC classes, as in [6]. The 1D vector is then
reshaped into 2D matrices, as in [8]. A CNN network is trained on the matrices and
used to extract sets of new features. LSTM is trained on the 1D vector and likewise
used to extract features. These features are then trained on two general-purpose
classifiers designed for multi-label classification. Results are fused by average rule.

2 Materials and Methods
2.1 2D Representation of 1D Descriptors
A common approach for solving pattern recognition problems is to implement some
feature selection strategy starting from the input data and feed the extracted 1D feature
vector into a classifier system. In [15] the authors demonstrate the value of reshaping

the 1D feature vector into a 2D representation to exploit the correlation available in
some well-known texture descriptors. This approach has already proven successful in
ATC classification in [8].
In order to obtain a 2D matrix to be used as the input of a pre-trained CNN, we
perform random reshaping. Given the original 1D feature vector 𝑓 ∈ ℜ𝑛 (where 𝑛 =
42 for the ATC problem), we obtain the output matrix 𝐌 ∈ ℜ𝑑×𝑑 (where d is
determined by the chosen pre-trained CNN architecture: either 𝑑 = 227 or 𝑑 =224 in
this work). 𝐌 is obtained by performing a random rearrangement (the same for all
patterns) of the original 1D input vector into a square matrix 𝐔 ∈ ℜ𝑢×𝑢 (where 𝑢 =
𝑛0.5 ) and by resizing 𝐔 to 𝑑 × 𝑑 using bicube interpolation. Because performance
varies using different feature dispositions, a simple approach for improving
performance is to design an ensemble based on feature perturbation by performing K
reshaping operations (where 𝐾 = 5 in our experiments), thereby fine-tuning CNN
𝐾 times as described below.
2.2 Deep Features
Features Extracted from Convolutional Neural Networks. CNNs contain
several specialized layers (e.g., the convolutional, pooling, and fully-connected layers)
whose weights are trained with the backpropagation algorithm on a large dataset with
labels. Some well-known CNN architectures include LeNet [16], AlexNet [17],
VGGNet [18], GoogleNet [19], and ResNet [20].
As demonstrated in [11], CNN has great generalization power so that in cases where
the training set is small transfer learning [21] can be applied.
As in [9], AlexNet is fine-tuned here on the ATC benchmark dataset using the
testing protocol detailed in section Error! Reference source not found.. The finetuning of AlexNet on the training set for the ATC problem is performed by changing
the number of nodes in the last fully-connected layer to the number of level one ATC
classes (𝑐 = 14). The maximum number of epochs for training is set to 40, the minibatch size is BS{10, 30, 50}, and the fixed learning rate LR is either 0.001 or 0.0001.
The second fully connected layer, which contains 4096 nodes, is used for feature
extraction, thereby extracting a 1D descriptor of length 4096. If a training pattern
belongs to more than one class (e.g. to 𝑚 classes), the training pattern is replicated 𝑚
times in the training set, each time with a different label.
Long Short-Term Memory Networks. LSTM, first proposed in 1997 [14], is a
traditional Recurrent Neural Network (RNN) that replaces the hidden units with a
memory block (gated cells).
In this study, we use the MATLAB LSTM implementation with the following
parameter settings: 𝑖𝑛𝑝𝑢𝑡𝑠𝑖𝑧𝑒 = 12, 𝑛𝑢𝑚𝐻𝑖𝑑𝑑𝑒𝑛𝑈𝑛𝑖𝑡𝑠 = 100, 𝑚𝑎𝑥𝐸𝑝𝑜𝑐ℎ𝑠 =
100, and 𝑚𝑖𝑛𝑖𝐵𝑎𝑡𝑐ℎ𝑆𝑖𝑧𝑒 = 27. If a training pattern belongs to more than one class
(e.g. to 𝑚 classes), the training pattern is replicated 𝑚 times in the training set, each
time with a different label. The last layer of LSTM is used to train the multilabel
classification systems detailed in section 2.3.
2.3 Data Classification and Fusion
We use two multi-label classifiers: LIFT and RR.
LIFT (multi-label learning with Label specIfic FeaTures) [22]: this classifier is a twostep method. The first step is aimed at selecting features specific for each class by

means of clustering analysis. The second step trains a set of Support Vector Machines
(SVMs) using the features selected for each class. In this work we use linear kernel
SVMs. The final response for an unknown sample is obtained by comparing the
response of each classifier to a fixed threshold τ (unless otherwise specified, 𝜏 = 0.5).
RR (Ridge Regression classifiers) [23]: RR is an extension for linear regression that
includes a regularization term in the loss function that is used to penalize high values
of the learned coefficients according to the parameter 𝜆 (𝜆 = 1 in our experiments).

3 Materials and Methods
We use the benchmark dataset provided in [2]. This dataset (see Table 1) contains a
total of 3883 drugs divided into the 14 first level nonexclusive ATC-classes (3295
samples belong to only one class, 370 belong to two classes, 110 belong to three classes,
37 belong to four classes, 27 belong to five classes, and 44 belong to six classes).
The descriptors used to represent drugs are based on drug-drug interaction and the
correlation with the target classes to be predicted. Given the set of 14 first level ATC
classes, each sample can be represented starting with three mathematical expressions
reflecting its intrinsic correlation with each of the classes. This produces a final
descriptor of 14 × 3 = 42 features. The three different properties considered are (1)
the maximum interaction score with the drugs in each of the 14 classes, (2) the
maximum structural similarity score with the drugs in each class, and (3) the molecular
fingerprint similarity score in the 14 subsets. These descriptors are available for
download in the supplementary material of [8].
Table 1. Summary of the Benchmark Dataset According to the First Level ATC Classes.
First Level ATC Class
Alimentary Tract and Metabolism
Blood and Blood Forming Organs
Cardiovascular System
Dermatologicals
Genito-Urinary System and Sex Hormones
Systemic Hormonal Preparations, Excluding Sex Hormones and Insulins
Anti-infectives For Systemic Use
Antineoplastic and Immunomodulating Agents
Musculo-Skeletal System
Nervous System
Antiparasitic Products, Insecticides and Repellents
Respiratory System
Sensory Organs
Various
Number of Total Virtual Drugs N(Vir)
Number of total drugs

Number of Drugs
540
133
591
421
248
126
521
232
208
737
127
427
390
211
4912
3883

All experiments according to the jackknife test. The following five metrics are defined
for this task as in [24]:
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where 𝕃𝑘 and 𝕃∗𝑘 are the “Actual” and “Predicted” labels for a given sample k,
respectively, N is the number of samples, M the number of classes, and Δ(∙,∙) is an
operator returning 1 if the two sets have the same elements, 0 otherwise.
In Table 2, we report the results of an experiment designed to evaluate the
performance of the features proposed in this work. Performance is reported using
different values for Batch Size (BS) and Learning Rates (LR) for the AlexNet CNN
features. A cell containing the label FUS means a combination by average rule of the
classifiers trained with BS = {10, 30, 50} and LR = 0.001. Due to space constraints,
for LIFT we only report the performance obtained with all the values of BS and LR,
and for RR we only report the performance obtained using FUS and the best
combinations of BS and LR.
Table 2. Success Rates Achieved by the AlexNet CNN Features.
Classifier

BR

LR

Aiming Coverage

LIFT

10
30
50
10
30
50
FUS
10
FUS

0.001
0.001
0.001
0.0001
0.0001
0.0001

0.8798
0.8912
0.8897
0.8886
0.8889
0.8886
0.8924
0.8713
0.8760

LIFT
RR
RR

0.001

0.6527
0.6421
0.6423
0.6341
0.6318
0.6318
0.6515
0.7028
0.7079

Accuracy
0.6692
0.6611
0.6594
0.6510
0.6487
0.6493
0.6686
0.7001
0.7065

Absolute
True
0.6271
0.6217
0.6187
0.6104
0.6083
0.6089
0.6289
0.6570
0.6662

Absolute
False
0.0321
0.0324
0.0325
0.0334
0.0336
0.0336
0.0320
0.0278
0.0269

In Table 3, the performance achieved by the LSTM feature extractor is reported. The
label LSTM represents a single run of LSTM and eLSTM represents running LSTM
twenty times, training twenty LIFT/RR, and then combining the scores by average rule.
We also report the results of three other ensembles:
• FUS1, average rule between eLSTM_LIFT and eLSTM_RR;
• FUS2, average rule between eLSTM_LIFT and AlexNET_RR_FUS
• FUS3, average rule among eLSTM_LIFT, eLSTM_RR, AlexNET_RR_FUS,

Table 3. Success Rates Achieved by LSTM Features.
Ensemble

Classifier

Aiming Coverage

LSTM
eLSTM
LSTM
eLSTM
FUS1
FUS2
FUS3

LIFT
LIFT
RR
RR

0.8154
0.8181
0.8655
0.8670
0.8353
0.8465
0.8755

0.7148
0.7157
0.6287
0.6317
0.6887
0.7321
0.6973

Accuracy
0.7470
0.7512
0.7109
0.7132
0.7427
0.7549
0.7346

Absolute
True
0.6853
0.6899
0.6686
0.6706
0.6871
0.7018
0.6871

Absolute
False
0.0209
0.0207
0.0270
0.0269
0.0218
0.0205
0.0238

Finally, in Table 4 we compare our approach with the current state of the art. In
addition, we combine our system with the drug ontologies (DO) proposed in [6]
(labelled as FUS ⊗ DO. The fusion process was very simple: if DO features were
present, LIFT was trained with DO (i.e. when available since only 1,144 drug
compounds in the benchmark dataset have a DO descriptor; the other 2,689 samples
were classified considering only the first representation); otherwise, the score was given
by our ensemble.
Moreover, in Table 4, we report the performance of FUS3, fixing τ for obtaining a
coverage similar to the previous best method (set for easy comparison of the two
approaches).
Table 4. Comparison with the Literature.
Ensemble

Aiming Coverage

FUS2
FUS3
FUS3 ⊗ DO (𝜏 = 0.27)
FUS3 ⊗ DO (𝜏 = 0.25)
FUS3 ⊗ DO (𝜏 = 0.5)
Chen et al. [2]
EnsLIFT [8]
iATC-mISF [6]
iATC-mHYb [7]
EnsANET_LR [9]
EnsANET_LR ⊗ DO
(𝜏 = 0.25) [9]
EnsANET_LR ⊗ DO
(𝜏 = 0.5) [9]

0.8465
0.8755
0.7716
0.7979
0.9011
0.5076
0.7818
0.6783
0.7191
0.7536
0.7957

0.7321
0.6973
0.8245
0.8422
0.7309
0.7579
0.7577
0.6710
0.7146
0.8249
0.8335

0.9011

0.7162

Accuracy
0.7549
0.7346
0.7785
0.7964
0.7603
0.4938
0.7121
0.6641
0.7132
0.7512
0.7778

Absolute
True
0.7018
0.6871
0.7049
0.7304
0.7211
0.1383
0.6330
0.6098
0.6675
0.6668
0.7090

Absolute
False
0.0205
0.0238
0.0205
0.0209
0.0226
0.0883
0.0285
0.0585
0.0243
0.0262
0.0240

0.7232

0.6871

0.0267

In Table 4, the following state-of-the-art methods are reported:
• EnsLIFT [8]: ensemble of 50 LIFT classifiers trained using HoG
• iATC-mISF [6]: a predictor based on the fusion of different descriptors
• iATC-mHyb [7]: a hybrid approach based on the combination of iATC-mISF
and the predictor iATC-mDO based on drug ontologies (DO).
• EnsANet_LR, ensemble proposed in [9].

•

EnsANet_LR  DO: the combination of EnsANet_LR and the DO features
used in [7].

An examination of the results in Table 4 demonstrates that combining deep
descriptors improves performance compared to recent state-of-the art approaches. It has
been already shown in [7] that mapping compounds into the DO database space and
fusing such information with other descriptors significantly enhances the quality of
ATC classification. Our final system, which combines deep features and DO (when
such information is available) obtains the best performance with respect to all other
methods published in the literature.

4 Conclusion
In this paper we experimentally generate a new ensemble for predicting a compound's
ATC class/classes. This is a difficult multi-label problem. The proposed ensemble is
based on two approaches:
1. Reshaping a 1D ATC input feature vector into a 2D matrix so that transfer learning
from the fine-tuned CNN (AlexNet) can be used as both a classifier and feature
extractor;
2. Training the deep neural network LSTM with the 1D ATC feature vector.
The decisions of the two approaches are then fused by average rule.
Extensive experiments demonstrate that this new approach, though not performing
as well as [9] across all five metrics for evaluating the performance for multi-label
systems. The absolute true rate and the absolute false rate prove to be the two most
significant indexes.
All MATLAB code used in our proposed system is available at
https://github.com/LorisNanni.
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