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Abstract - Deep learning has revolutionized the field of 
drug discovery and pharmaceutical research. This paper 
provides a comprehensive review of the applications of 
deep learning in drug discovery and pharmaceutical 
research. We discuss the various deep learning 
architectures and techniques used in drug discovery, 
including convolutional neural networks (CNNs), 
recurrent neural networks (RNNs), and generative 
adversarial networks (GANs). We also highlight the 
challenges and limitations of using deep learning in drug 
discovery and pharmaceutical research. 
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1.INTRODUCTION 

Machine-learning provides a theoretical framework for the 
discovery and prioritization of bioactive compounds with 
desired pharmacological effects and their optimization as 
drug-like leads. Biological target identification and protein 
design are emerging areas of application. Among the many 
machine-learning approaches in molecular informatics, 
chemocentric methods have found widespread application. 
Their underlying logic typically follows three steps. First, 
there is the selection of a problem-specific set of descriptors 
that are believed to capture the essential properties of the 
molecules involved. At present, there are over 5000 diverse 
molecular representations (“descriptors”) that address the 
various properties of chemical entities.[1] Second, a metric 
or scoring scheme is used to compare the encoded molecules 
to one another.[2] Finally, a machine-learning algorithm is 
employed to identify the features that may serve to 
qualitatively or quantitatively distinguish the active from the 
inactive compounds.[3] Artificial neural networks (ANNs) 
were among the first methods borrowed from the computer 
sciences for this purpose. 

 
In 2013, public attention was drawn to a multi- 

recent advances in the field and point to prospective 
applications and developments of this potentially game 
changing technology for drug discovery. Ageneral task for 
machine-learning is to uncover the relationship between the 
molecular descriptors used and the measured activity of the 
compounds to obtain qualitative classifiers or quantitative 
structure-activity relationship (QSAR) models. Feature 
extraction from the descriptor patterns is the decisive step in 
the model development process.[6,7] In current 
cheminformatics applications, the prevalent machine- 
learning architectures are “shallow” and contain a single 
layer of feature transformation. These architectures include 
linear and nonlinear principle component analysis, k-means 
clustering methods, partial least square projection to latent 
structures, decision trees, multivariate linear regression, 
linear discriminant analysis, support vector machines 
(SVMs), logistic and kernel regression, multi-layer 
Perceptrons and related neural network approaches.[8] 
Although all of these methods have proven to be useful for 
(Q)SAR modeling and molecular design,[9] the single feature 
transformation step into a suitable space for the subsequent 
application of a linear pattern separation model might limit 
their modeling and representational power when applied to 
more complex data and setups. A reason for their success in 
pharmacological applications may stem from the fact that a 
major part of the complexity inherent to molecular 
interactions has been engineered into the descriptors 
employed as patterns for model training, thereby allowing 
single layer machinelearning architectures to tackle the 
problem.[10] One challenging question is whether the 
underlying data complexity and hidden features can be more 
efficiently dealt with by shifting attention from descriptor 
engineering to the architecture of the machine-learning 
system and the training of the algorithms involved. This is 
the domain of “deep learning”. 
 
 

problem QSAR machine-learningchallengein drug discovery 
posted by Merck. This competition on drug property and 
activity prediction was won by a deep learning network with 
a relative accuracy improvement of approximately 14% over 
Merck’s in-house systems and resulted in an article in The 
New York Times. [5] Here, we present state-of-the-art of

 advanced chemocentric machine-learning methods with a
 focus on emerging “deep learning” concepts. We highlight
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Figure 1. Schematic of a jury network (adapted from ref. 
31). In this particular architecture, feature extraction is 
performed in two stages. The second- stage model is a feed-
forward network that weighs the relevance of the first-
stage model and improves the overall prediction 
performance. Note that each first- stage model receives a 
different set of molecular descriptors as input. SVM, 
support vector machine; MLP, multi-layer Perceptron. 

 
2 Properties of Deep Learning Architectures 
 
There are several advantages of deep learning neural 

net- works that suggest that they should replace shallow 

ANNs: 

 
(i) A deep, hierarchical architecture enables ANNs to 

per-form many nonlinear transformations, which 
leads to the learning of more abstract features 
compared to shallow networks.[53] This 
development allows for a more sophisticated 
combination of low-level features (i.e., nonlinear 
descriptor combinations) to achieve a better 
molecular representation and thus classification 
of compounds. This approach reduces the need 
for the a priori engineering of more sophisticated 
descriptors. More abstract nonlinear features tend 
to be invariant to local changes in the input, leading 
to inherent noise reduction and increased 
network robustness. 

Therefore, deep learning architectures capture certain 
families of functions exponentially more efficiently 
than shallow architectures. 

 

(i

(iii) As highlighted by the Merck QSAR contest,[5] deep 
multitask neural networks can be successfully 
applied to QSAR modeling.[57] Generative deep 
architectures complement evolutionary algorithms in 
computational drug discovery that are often used to 
find new compounds with specific features identified 
by some previously trained machine-learning 
architecture.[58] A trained deep generative neural 
network has learned to separate compound  
activity classes within its architecture 
while being able to generate output according to
 the learned representation; thus, this network 
contains both functions in one algorithm. 
Therefore, deep learning might provide a fresh 
approach to solving the “inverse QSAR problem”. 

i) Deep architectures promote the reuse of features. 
This ensemble view of the same data corresponds to 
an improvement on the principle of cascading 
networks that share the intelligence of different

 algorithms. How well- regularized deep learning 
networks can actually exploit commonalities between 
different tasks to transfer knowledge as inductive bias 
remains a matter of debate. This aspect is relevant for 
missing classes within the training set, which is typical 
for large QSAR data sets. Aside from enabling 
“educated guesses” on missing information, multitask 
learning also has the benefits of presenting a shared, 
learned feature extraction pipeline for multiple tasks. 
Dahl suggested that this concept might have a 
regularization effect because weights tend to develop 
in a way that is useful for many targets instead of 
overfitting one target in particular.[54] All of these 
findings promise the simultaneous testing of 
bioactivities against many related targets at a realistic 
computational cost. Such applications may be driven 
even further by the field of polypharmacology.[55] In 
this case, deep learning might accompany current 
kernel methods to find additional applications for 
drugs (“re-purposing”) and to assist in the 
identification of undesired off-target activities. 

However, simply trading network width for depth alone 
does not automatically lead to better models. In the 
following sections, we highlight two deep learning 
architectures that we think deserve special attention and 
consideration for drug design and discovery: the 
Restricted Boltzmann Machine (RBM) and Convolutional 
Neural Networks (CNN). Many more deep learning 
approaches have been conceived, and the interested 
reader is referred to the respective literature. 

3 Restricted Boltzmann Machine 

Boltzmann machines are undirected, generative, stochastic 
neural networks that rose to prominence when Hinton and 
coworkers proposed contrastive divergence[60] as a fast 
unsupervised learning algorithm.[61] Restricted 
Boltzmann Machines (RBM) are instances of Boltzmann 
machines without intra- layer interactions (Figure 3). 
Boltzmann machines are 
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Figure 2. Schematic of a restricted Boltzmann machine. The 
visible layer is the interface between the network and the 
outside world.Input can be clamped to this layer, and the 
resulting visible neuron configuration represents a sample 
from the network’s equi- librium distribution after an 
equilibration process. Hidden neurons(latent variables) 
transform the input data and detect prominent features. The 
hidden layer models the visible layer in conjunctionwith 
the weight matrix. 

Figure 3. Restricted Boltzmann machine-learning. First, an 
input vector from the dataset enters the network. 
Subsequently, the hidden layer state is calculated with regard 
to the new input vector, from which anew input layer state 
can be calculated by the network. This iterative process 
continues for k steps, and the resulting visible layer state 
serves as a representative for the network’s belief in the 
visible layer states. A weight update is calculated and the 
training cycle is re- iterated from the data input vector and the 
belief state vector. 

Not feed-forward models, which is a crucial difference from 
the deep feed-forward neural networks presented in Figure 
2. The given input states serve as input to the hidden 
neurons but in turn are dependent on the resulting hidden 
neuron states that modify the “visible” neurons. This back 
and forth of mutual layer influencing eventually leads to 
an equilibrium of neuron  activations  regardless  of  the  originally  given  input  vector  (Figure  3).  The  overall  distribution  governing  the activation  of  visible  neurons  at  one  of  these  steps  is  the network’s  “belief”  of  how  the  visible  neurons  behave.  The goal  is  to  nudge  the  network’s  belief  of  the  visible  neuron state distribution into the  direction  of the actual input  data distribution by intermittently adding new input data vectors and  adjusting  the  weights  in  such  a  way  that  their  probability  is  increased.  The  idea  is  that  over  time  the  believed  visible  state  distribution  eventually  approximates  the real  state  distribution,  i.e.  the  network  “learns”  the  input distribution in an unsupervised fashion. A popular criterion to  evaluate  the  learning  process  is  the  reconstruction error, which is a measure of the ability of 4 Convolutional Neural Network 

CNNs are inspired by neuroscience and imitate the image 
representation within the visual cortex that is created by 
successive transformations of the retinal signals in cortical 
areas called the “ventral stream” that end in the inferior 
temporal (IT) cortex.[68] Contemporary CNNs rival the IT-
cortex’s representational performance of a primate in 
“core visual object recognition”.[69] The prototype of CNNs 
is the Neocognitron,[16] which was conceived in the early 
1980s. Related architectures for phoneme recognition 
followed afew years later; thereafter, CNNs for object 
recognition in images and document reading were 
developed just prior to the turn of the millennium.[70] 
CNN improvement together with the general advances in 
deep learning became a focal point of interest when a deep 
CNN won the ILSVRC image recognition challenge in 2012
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Figure 5. The figure depicts a toy example of a greyscale input 
image with pixel values between 0 and 1, a weight matrix 
(filter) and the resulting feature map. Pre-activations of 
hidden neuronswithin the feature map are obtained by 
weighting pixel-values within a 2 x2 receptive field with the 
corresponding weights of the filter and summing up the 
resulting four terms as shown in orange. To obtain the next 
feature map value, the filter is moved across the image 
with a stride of 1 (e.g., from the orange to the green 
quadrant). The resulting feature map is a map of where 
thefeature encodedin thefilterhasoccurred in the input 
image. Here, the filter corresponds to a diagonal thatresults 
in astrong pre-acti-vation signal for the green, red and blue 
filter positions over the input image, which is reflected in the 
feature map accordingly. 

6 Conclusion: Deep Learning to the Rescue? 
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by a wide margin.[71] CNNs have dominated this challenge 
ever since, as well as the field of object recognition and 
detection in images in general. They now constitute the 
underlying architecture for a wide range of applications 
ranging from image understanding, video analysis, speech 
recognition and language understanding to artificial 
intelligence.[72] The two guiding principles of weight- 
sharing and local connectivity inaconvolutional net allow 
for the detection of features within topologically structured 
input data. Additional use of pooling and many layers 
enable the network to learn increasingly abstract features 
with each additional layer. The concept of weight sharing 
and local connectivity is depicted in Figure 5. Here, the 
input data corresponds to the input image, the filter 
corresponds tothe weight- connections, and the feature 
map (activation map) corresponds to the first hidden 
layer. In contrast to a fully connected network (Figure 2), 
hidden-layer neurons are only connect 

Although the concepts of deep learning were introduced with 
the conception of multi-layer neural networks,[78] the life 
science community has adapted some of these techniques 
only recently (Table 1). In fact, neural networks have a long 
and fruitful history in drug discovery and design. Because 
they bear the risk of being easily over- trained and are

 perceived as a “black box”, they have often been substituted
 by other approaches such as SVM models.[27,79] As noted by
 Winkler in a review article from 2004, continuous 
methodological advances in the field of neural networks 
alleviate some of the pitfalls and may have much to offer for 
hit and lead discovery.[80] Evidently, deep network 
architectures will require a particularly careful analysis and 
thorough definition of their respective domains of 
applicability,[81,82] and ideally provide hands-on guidelines 
for chemists. Appropriate confidence measures for neural 
network classifiers have been developed and can readily be 
ap plied.[83] Full appreciation of deep learning methods will 
likely only be achieved when the user gains an 
understanding of the underlying molecular features that 
enable pattern association and classification. With the 
development of new deep learning concepts such as RBMs 
and CNNs, the molecular modeler’s tool box has been 
equipped with potentially game-changing methods. Judging 
from the success of recent pioneering studies, we are 
convinced that modern deep learning architecture will be 
useful for the coming age of big data analysis in 
pharmaceutical research, toxicity prediction, genome mining 
and chemogenomic applications, to name only some of the 
immediate areas of application. Personalized health care, in 
particular, could benefit from these capabilities. However, it 
may be wise not to put all of our eggs in one basket. We still 
need to fully understand the advantages and limitations of 
deep learning techniques. One should not blindly use them 
without simultaneously applying straightforward linear 
methods and pursuing chemical similarity approaches. By 
maintaining some healthy skepticism, we feel that the time is 
ripe for (re)discovering and exploring the usefulness of deep 
learning in drug discovery 
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