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Zusammenfassung 
Große Mengen an wissenschaftlichen Informationen sind in der wissenschaftlichen 

Primärliteratur verborgen und nicht als kuratierte Daten in wissenschaftlichen Datenbanken 

verfügbar. Solche Informationen öffentlich zugänglich zu machen, um offene Wissenschaft 

und Innovation zu unterstützen, ist eine Herausforderung, die es zu lösen gilt. Diese 

Problematik kann mit Deep-Learning-Ansätzen angegangen werden. Eine große Hürde 

beispielsweise für die Naturstoffforschung, die kleine Moleküle (Metaboliten) in Organismen 

untersucht, ist, dass nur ein geringer Anteil der Strukturen von Metaboliten bekannt ist. 

Typischerweise macht der Anteil an bekannten Strukturen weniger als 30% eines Metaboloms 

aus. Abgesehen von völlig unbekannten Metaboliten gibt es eine Fülle von Informationen, 

welche Wissenschaftler bereits über Metaboliten und ihre Strukturen in der wissenschaftlichen 

Primärliteratur veröffentlicht haben. Diese Informationen sind jedoch in vielen Fällen nie in frei 

zugänglichen Datenbanken mit Angaben zur Spezies und den Teilen des Organismus, in 

denen die Naturstoffe gefunden wurden, eingetragen worden. Erschwerend kommt hinzu, 

dass die chemischen Strukturen der Metaboliten von Wissenschaftlern als 2D-

Strukturdiagramme veröffentlicht werden, die im Wesentlichen Bilder von chemischen 

Graphen in Form von Bitmaps sind. Die ursprüngliche Strukturinformation ist zwar noch immer 

auf dem Computer des publizierenden Wissenschaftlers vorhanden, aber der 

maschinenlesbare chemische Graph wird im Publikationsprozess zerstört. 

Der Prozess der Umwandlung eines Bitmap-Bildes einer chemischen Struktur in ein 

computerlesbares Format wird als Optical Chemical Structure Recognition (OCSR) 

bezeichnet. In den letzten drei Jahrzehnten ist eine Vielzahl von Methoden entwickelt worden, 

um diese Aufgabe zu lösen. Die meisten Applikationen, die bis 2019 veröffentlicht wurden, 

sind regelbasierte Systeme. Von all diesen Programmen sind nur drei quelloffen und für jeden 

frei verfügbar. Das Aufkommen von Deep-Learning-Ansätzen hat zu einem erneuten 

Interesse an diesem Bereich beigetragen. Diese Arbeit adressiert das oben genannte Problem 

des Visual Computing unter Verwendung von Deep-Learning-Methoden. Zusätzlich ist die 

Umsetzung dieses Projekts von Teilprojekten begleitet worden, die zur Entwicklung von 

Anwendungen zur Generierung von Daten für die dabei begegneten Aufgaben und deren 

Analyse geführt haben. 

Die gesamte Arbeit gliedert sich in ein Hauptprojekt und zwei Teilprojekte. Das Zentrum dieser 

Arbeit ist das Projekt Deep Learning for Chemical Image Recognition (DECIMER). Hierbei 

handelt es sich um einen neuartigen Deep-Learning-basierten Algorithmus, der entwickelt 

wurde, um die Herausforderung der visuellen Datenverarbeitung zu lösen, Abbildungen 
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chemischer Strukturen in den Volltextversionen der chemischen Primärliteratur zu erkennen 

und sie in maschinenlesbare chemische Graphen zu übersetzen.  

Der zentrale Teil des Projekts besteht aus zwei Komponenten: 1) DECIMER-Segmentation: 

die erste Deep-Learning-basierte Anwendung mit offenem Quellcode zur automatischen 

Erkennung und Segmentierung von Abbildungen chemischer Strukturen aus der 

wissenschaftlichen Literatur. 2) DECIMER-Image-Transformer: ein Deep-Learning-basiertes 

Netzwerk, das ein State-Of-The-Art (SOTA) konvolutionelles neuronales Netzwerk verwendet, 

um Bildmerkmale zu extrahieren, und ein Transformer-Netzwerk, um die Bildmerkmale in ein 

computerlesbares Dateiformat, wie zum Beispiel SMILES, zu decodieren.  

Die Anwendung DECIMER-Segmentation kann ein Bitmap-Bild einer gescannten Seite einer 

Publikation automatisch verarbeiten, Abbildungen chemischer Strukturen selbstständig 

erkennen und diese als separate Bilder speichern. Es kombiniert für diese Aufgaben ein Mask-

RCNN-Modell und einen selbst entwickelten Maskenexpansionsalgorithmus. Durch Training 

mit nur 9992 annotierten Regionen aus weniger als 1000 Publikationen können die hier 

entwickelten Methoden Abbildungen chemischer Strukturen aus der gedruckten Literatur mit 

einer Genauigkeit von mehr als 90% erkennen und segmentieren. DECIMER-Segmentation 

ist ebenfalls als Webanwendung verfügbar unter der Domain "decimer.ai". DECIMER-Image-

Transformer kann die Abbildungen chemischer Strukturen automatisch in eine SMILES-

Zeichenkette übersetzen. Das System kombiniert ein EfficientNet-B3-Modell für die Extraktion 

von Bildmerkmalen und ein Transformer-Modell für die Übersetzung von Bildmerkmalen in 

SMILES. Millionen von Datenpunkten - gesammelt aus öffentlichen Datenbanken und 

sorgfältig mit Filterregeln kuratiert - wurden zum Trainieren der DECIMER-Image-

Transformer-Modelle verwendet. Die Anwendung zeigte eine Genauigkeit von ca. 89% für die 

Übersetzung von Abbildungen chemischer Strukturen mit stereochemischen Informationen 

und Ionen. Für die Bilder ohne stereochemische Informationen und Ionen lag die Genauigkeit 

bei 96%. 

Die DECIMER-Image-Transformer-Modelle wurden vollständig auf der Google-Cloud-

Plattform trainiert, unter Verwendung der neu entwickelten Tensor Processing Units (TPUs). 

TPUs sind zur Beschleunigung von Anwendungen künstlicher Intelligenz (KI) entwickelt 

worden, speziell für das Training großer und komplexer Machine-Learning-Modelle, welche 

ohne sie deutlich mehr Zeit benötigen würden. Ein Modell, das auf einer GPU wochenlang 

trainiert wurde, kann auf einer TPU innerhalb von Tagen trainiert werden. 

Die Analyse der Trainings- und Testdaten ist normalerweise ein langwieriger Prozess. Daher 

ist es mühsam, die Vorhersagen der Modelle mit den Testdaten zu vergleichen und wertvolle 

Analysen zu erhalten. Zu Beginn dieser Arbeit war es notwendig, chemische Deskriptoren aus 
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den Datensätzen abzuleiten und diese zu vergleichen. Zusätzlich war die visuelle Bewertung 

und ein Vergleich der Datensätze notwendig, ein zeitaufwändiger und sich wiederholender 

Prozess. Um diese Probleme zu lösen, wurde der Molecule Structure Comparator (MSC) 

entwickelt. Dabei handelt es sich um eine in Java geschriebene, auf dem Chemistry 

Development Kit (CDK) basierende Anwendung zur Analyse der Datensätze und Ergebnisse. 

Darüber hinaus bietet die grafische Benutzeroberfläche (GUI) dem Endanwender viel 

Flexibilität. Der Benutzer kann die chemischen Strukturen mithilfe der GUI betrachten, um 

jedes chemische Strukturpaar visuell zu analysieren. MSC arbeitet auf allen wichtigen 

Betriebssystemen wie Linux, Mac OS und Windows. Die hohe Parallelisierbarkeit von MSC 

ermöglicht eine einfache Skalierung auf einem gut ausgestatteten Computer oder einem 

Server zur Analyse großer Datensätze innerhalb von Minuten.  

Die größte Schwierigkeit für Forscher, die an Naturstoffen oder naturstoffbasierter 

Wirkstoffforschung arbeiten, war das Fehlen einer gut gepflegten Open-Access-Datenbank 

für Naturstoffe. Viele der online verfügbaren Daten über Naturstoffe wurden von Forschern in 

mehreren verschiedenen Datenbanken zusammengestellt, von denen einige bis heute nicht 

zugänglich sind. Die COlleCtion of Open NatUral producTs (COCONUT) dient als Online-

Datenbank, die alle verfügbaren und frei zugänglichen Informationen über Naturstoffe an 

einem Ort vereint, um die laufende Forschung an Naturstoffen zu erleichtern. Die von 

DECIMER generierten Daten werden in Zukunft in die COCONUT-Datenbank eingespeist. 

Ein Problem, das bei dieser Arbeit aufgetreten ist, war die Erstellung von IUPAC-Namen für 

chemische Verbindungen, die noch keine hatten. Es standen nur wenige kommerzielle, 

regelbasierte Ansätze zur Verfügung, die ausschließlich über eine exklusive Lizenz erhältlich 

waren. Diese Lizenzierung kann zu einer Barriere für Forscher werden, indem sie ihnen den 

Zugang zu solchen Tools verwehrt. Aufgrund der Komplexität, eine Anwendung zu entwickeln, 

die in der Lage ist, alle von der International Union of Pure and Applied Chemistry (IUPAC) 

definierten Regeln zur Benennung von Verbindungen anzuwenden, gab es keine Open-

Source-Methoden.  

Daher wurde das zweite Teilprojekt initiiert, um dieses Problem durch die Entwicklung eines 

Open-Source-Tools auf der Basis von neuronaler maschineller Übersetzung (NMT) zu lösen. 

Um IUPAC-Namen aus einer gegebenen chemischen Struktur ohne vordefinierte Regeln zu 

generieren, wurde im Rahmen dieser Arbeit SMILES to IUPAC (STOUT) entwickelt, ein auf 

Deep Learning basierender Übersetzer. STOUT kann verwendet werden, um IUPAC-Namen 

für eine chemische Struktur zu generieren, die in Form einer SMILES-Darstellung übergeben 

wird. Darüber hinaus kann STOUT auch die IUPAC-Namen zurück in SMILES-Strings 

übersetzen.  
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Die Arbeit erforscht modernste Deep-Learning-Methoden und wendet sie an, um die aktuellen 

Probleme mit chemischen Information zu lösen. DECIMER und seine Unterprojekte werden 

unter Verwendung der neuesten Versionen der benutzen Bibliotheken und 

Programmiersprachen erstellt. Sie werden der wissenschaftlichen Gemeinschaft offen zur 

Verfügung gestellt, um weitere offene Forschung zu ermöglichen. 
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Summary 
Vast quantities of scientific information are hidden in primary scientific publications and not 

available as curated data in scientific databases. Making such information publicly available 

to support open science and open innovation is a challenge that has to be solved. This 

problem can be addressed with deep learning approaches. A significant hurdle, for example, 

for natural product research, that studies small molecules (metabolites) in organisms, is that 

only a fraction of metabolite structures are known. Typically, it is less than 30% of a 

metabolome. Besides entirely unknown metabolites, there is a wealth of information that 

scientists already reported about the metabolites and their structures in the primary scientific 

literature. In many cases, however, they have never been curated into open-access databases 

with information regarding the species and organism parts in which the natural products have 

been found. To make things worse, the chemical structures of metabolites are published by 

scientists as 2D structure diagrams which are essentially images of chemical graphs in the 

form of bitmaps. The original structural information still exists on the publishing scientist's 

personal computer, but the machine-readable chemical graph is destroyed in the publishing 

process. 

The process of converting a bitmap image of a chemical structure into a computer-readable 

format is known as Optical Chemical Structure Recognition (OCSR). Over the last three 

decades, a variety of tools has been developed to address this task. Most tools that have been 

published until 2019 are rule-based systems. Out of all these tools, only three were open-

source and freely available to everyone. The rise of deep learning approaches has contributed 

to a renewed interest in this field. This thesis addresses the aforementioned visual computing 

problem using deep learning methods. Additionally, the implementation of this project was 

accompanied by sub-projects that resulted in tools for generating data related to tasks faced 

in the process and analysing it. 

The entire thesis is divided into a main project and two sub-projects. The centre of this thesis 

is the Deep Learning for Chemical Image Recognition (DECIMER) project, a novel deep-

learning-based algorithm built to solve the visual computing challenge of detecting such 

images in the full-text versions of the primary chemical literature and translate them into a 

machine-readable chemical graph. The central part of the project has two components: 1) 

DECIMER-Segmentation: the first open-source deep-learning-based tool for automatically 

recognising and segmenting the chemical structure depictions from the scientific literature. 2) 

DECIMER-Image transformer: a deep learning-based network that uses a State-Of-The-Art 
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(SOTA) convolutional neural network to extract the image features and a transformer 

network to decode the image features into a computer-readable file format, such as SMILES.  

The DECIMER-Segmentation tool can automatically process a bitmap image of a scanned 

journal page, automatically recognise chemical structure depictions, and save them 

as separate images. It combines a Mask-RCNN model and an in-house developed 

mask expansion algorithm for these tasks. Training on only 9992 annotated regions from 

less than 1000 publications has allowed the methods developed here to recognise and 

segment chemical structure depictions from the printed literature with more than 90% 

accuracy. The DECIMER-Segmentation tool is also available as a web application 

at the domain "decimer.ai". The DECIMER-Image transformer can automatically 

translate the chemical structure depictions into a SMILES string. It combines an 

EfficientNet-B3 model for image feature extraction and a transformer model for translation 

from image features to SMILES. Millions of data points collected from public databases and 

carefully curated with filtering rules and were used to train the DECIMER-Image transformer 

models. The tool demonstrated an accuracy of approximately 89% for the translation 

of chemical structure images with stereochemical information and ions. For the images 

without stereochemical information and ions, it was 96%. 

The DECIMER-Image transformer models were trained entirely on the Google cloud 

platform, utilising the newly developed Tensor Processing Units (TPUs). TPUs are made to 

be Artificial Intelligence (AI) accelerators specially developed for training big and 

complex machine learning models that take significantly more time to train without them. A 

model which trained on a GPU for weeks was trained on a TPU within days. 

Analysing the training and testing data is usually a lengthy process. Hence, comparing the 

predictions of the models with the testing data and getting valuable analyses is cumbersome. 

At the beginning of this work, it was necessary to infer chemical descriptors from the datasets 

and compare them. Additionally, the visual assessment and comparison of the datasets were 

necessary, a time-consuming and repetitive process. The Molecule Structure Comparator 

(MSC) was developed to address these problems. It is a Chemistry Development Kit (CDK) 

based tool written in Java for analysing the datasets and results. 

Furthermore, the Graphical User Interface (GUI) provides much flexibility to the end-user. The 

user can view the chemical structures using the GUI to visually analyse each chemical 

structure pair. MSC works on all the major operating systems, such as Linux, Mac OS, and 

Windows. MSC's high parallelizability allows easy scaling on a well-equipped computer or 

server to analyze large data sets within minutes.  
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The most significant difficulty faced by researchers working on natural products or natural 

product-based drug discovery was the lack of a well-maintained open-access database for 

natural products. Many of the data available online on natural products has been compiled by 

researchers in multiple different databases, some of which are inaccessible to date. Serving 

as an online database that combines all the available open-source information on natural 

products in one location, the COlleCtion of Open NatUral producTs (COCONUT) aims to 

facilitate the ongoing research on natural products. Data generated by DECIMER will be fed 

into the COCONUT database in the future. A problem encountered during this work was the 

creation of IUPAC names for chemical compounds that did not yet have any. There were few 

commercial, rule-based approaches available that could only be obtained through an 

exclusive license. This licensing can become a barrier for researchers by making them unable 

to access such tools. Due to the complexity of building a tool that is able to apply all the rules 

defined by the International Union of Pure and Applied Chemistry (IUPAC) for naming 

compounds, there were no open-source methods.  

Hence, the second sub-project got initiated to resolve this issue by developing an open-source 

tool based on Neural Machine Translation (NMT). To generate IUPAC names from a given 

chemical structure without any predefined rules, SMILES to IUPAC (STOUT), a translator that 

uses deep learning, was created as part of this thesis. STOUT can be used to generate IUPAC 

names for a chemical structure passed in the form of a SMILES representation. In addition, 

STOUT can also translate the IUPAC names back into SMILES strings.  

The thesis explores state-of-the-art deep learning methods and applies them to solve the 

current problems in chemical information. DECIMER and its sub-projects are built using the 

most recent versions of the utilised libraries and programming languages. They are made 

openly available to the scientific community to facilitate further open research. 
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1. Introduction 

1.1 General overview of this project 

1.1.1 The aim of this project 

Throughout the history of chemistry, there have been thousands of scientific articles published 

on chemical compounds, their structures and properties. Mining this information from the 

published literature (semi-)automatically [1, 2] and making it publicly available in open-access 

databases [3] is a current challenge. This thesis aims to develop a set of deep neural networks 

capable of translating chemical structure depictions published as bitmaps, as can be found in 

the past 50 years of primary literature, back into the machine-readable form of SMILES [4] 

strings. These SMILES strings can then be used for chemical database similarity searches, 

nourishing the existing databases with more information with the translated IUPAC names [5] 

and aiding the ongoing research. Thus, a wealth of chemical information about metabolites 

and natural products becomes accessible. 

The high relevance of the extraction of structural information about chemical compounds from 

the printed literature can be illustrated in the current context of the rapidly expanding field of 

metabolomics [6]. As it is one of the prominent pillars of omics technologies, a renewed 

interest has emerged in the structures and properties of small molecules in living organisms 

[7, 8] - primary and secondary metabolites. Often referring to "known knowns, known 

unknowns and unknown unknowns" - a humorous reference to a quote1 by Donald Rumsfeld 

[9] - we are facing the similar situation that only a small percentage of metabolites are well-

documented today and available in public databases. The known knowns can routinely be 

assigned to spectroscopic features visible in metabolomics data because those metabolites 

are documented in publicly accessible databases [10]. For a more significant percentage, 

spectroscopic features indicate the presence of compounds (the known unknowns) and 

potential biomarkers. Still, neither chemical structures nor matching spectroscopic data are 

available in open-access databases [11, 12]. The third category, the unknown unknowns, is 

inaccessible to the analytical methods employed due to their physicochemical properties, 

inappropriate cultivation conditions, or low concentration. They are not the subject of this work 

 
1 https://en.wikipedia.org/wiki/There_are_known_knowns  
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for now but might become known unknowns and later known knowns due to further research 

and technological advances.  

This project attempts to address the problem of assigning known unknowns by re-discovering 

the uncurated wealth of structural information about metabolites hidden in the primary 

literature (Publications A, B, D, and G). Publications such as the Journal of Natural Products 

(ACS publication) or Phytochemistry (Elsevier) are looking back at 40 years of rich information 

on natural products. While text mining approaches have been widely described [13–16], the 

problem of translating bitmap images of chemical structure depictions is still not completely 

solved (Publication A). 

The core part of this thesis is to solve this problem involving the use of Deep Learning 

methodologies. This includes the training of multiple deep learning models to detect, segment, 

and translate chemical structure depictions in the printed literature into computer-readable file 

formats (Publications B, D and G). A further contribution of this project was to explore the 

possibilities of having an open-source tool for statistically evaluating the methods applied in 

the process (Publication C). Another sub-project in this thesis explores the non-availability of 

an open-source based tool for chemical language translation, and it has been addressed using 

deep learning methodologies (Publication F). 

The ultimate goal of this thesis is to combine the image mining methods with text mining 

approaches to generate information regarding the chemical structure, chemical names, 

species, organism parts, spectra and other properties of published compounds. This 

information also enhances open-access databases (Publication E). The source code of the 

applications developed for this project is openly accessible to encourage and facilitate other 

ongoing research in this field. 
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1.1.2 Graphical abstract 

Figure 1: The applications developed during the progress of this thesis: The projects are 

represented by corresponding project logos and are arranged in a systematic way in the 

sequence within the workflow. Each project has a corresponding publication, shown in purple 

letters. (Publications B, C, D, E, F and G) 

1.1.3 The existing approaches for chemical image translation 

The process of translating a chemical structure depiction into a machine-readable file is known 

as Optical Chemical Structure Recognition (OCSR). For nearly three decades [17, 18], 

research in this demanding field has developed, starting with the first complete working system 

Kekulé [19] in 1992. The most common OCSR approaches consist of rule-based workflows 

(Publication A). The critical step is the vectorization of the chemical structure depiction and 

the subsequent interpretation of the vectors and nodes as bonds and atoms. The rule-based 



 
4 
 
approach has also been implemented into commercial and open-source systems to extract 

2D bitmaps into connection tables or SMILES representations (Publication A). 
These commercial software systems include Kekulé [19], Optical Recognition Of Chemical 

graphicS (OROCS) by IBM [20], Chemical Literature Data Extraction (CLiDE) [21] and the 

open-source approaches are, Optical Structure Recognition Application (OSRA) [22], Imago 

[23] and MolVec [24]. More details about all of the approaches and systems are available in 

Publication A. To solve the problem, all of the packages above employ the following steps: 

  

1. Scanning 

2. Vectorization 

3. Searching for dashed lines and dashed wedges  

4. Character recognition 

5. Graph compilation 

6. Post-processing 

7. Display and editing 

 

A system like this needs to be carefully tuned manually, both individually and in combination 

with the other steps. The incorporation of new methods for image feature detection is a time-

consuming process and the curation of these data is error prone. 

Besides the traditional rule-based approaches, few other methods were developed over the 

years. Staker et al [25] published the first complete deep learning-based method in 2019. Even 

though the approach seemed interesting, the system was not made openly available (see 

Publication A). 

Since much attention has been paid to this field lately (Publication A) and with the new 

developments seen in deep learning, more deep learning methods have been published 

(Publications A and G). 

1.1.4 Database generation and IUPAC name generator 

Data mined using the OCSR methods must be stored in a database so that it can be used 

later and distributed to the public. Considering this, work on an in-house database was initiated 

(Publication E). Following the curation of data, one of the difficulties was generating IUPAC 

names for molecules that did not have an existing name found in publicly available databases. 

Surprisingly, there were no open-source methods available. In search of available and reliable 

methods, all the found tools were rule-based methods, such as the commercial software 

ChemAxon MolConvert [26]. It is available to researchers with an academic license for free. 
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A set of rules and guidelines have been established by the International Union of Pure and 

Applied Chemistry (IUPAC) to simplify the chemical nomenclature process. More information 

can be found in Publication F.  

Developing an open-source method based upon all these guidelines and rules can be a time-

consuming process, therefore the Neural Machine Translation (NMT) tool was developed 

instead (Publication F). 

1.2 Deep learning in chemistry 

1.2.1 Machine learning 

Machine learning is a field of computer science focused on algorithms that can improve by 

learning the patterns of data given to it. In 1997, Tom Mitchell published the following definition 

in his book ‘Machine learning’: “Machine Learning is the study of computer algorithms that 

improve automatically through experience” [27]. With the use of data, one can train an 

algorithm to understand a specific problem by constructing a model without explicitly 

programming it to solve the problem [28]. Later, this trained model can be deployed to predict 

solutions to the given problem. 

This approach has been explored in various fields for decades [29]. One of the earliest works 

was done by Arthur.L. Samuel in 1959. According to Samuel, teaching the game of checkers 

to a computer can create a system that can beat a human player by only learning to play for 

8-10 hours [28]. Today, machine learning is used for various tasks, such as email filtering, 

optical character recognition (OCR), and computer vision, where specifically programming 

algorithms are complex processes [30].  

The Machine Learning methods are differentiated based on the learning process. Supervised 

learning is the process of training by mapping input and output data points [31]. The data used 

here is labelled and is generally input and output pairs. A model can be built by training the 

algorithm to map its input data to its paired output data [32, 33]. This trained model can then 

predict the outcomes for unseen input data. 

Unsupervised learning is detecting patterns in the data without any prior information and 

human interference [34]. The data points used here are unlabelled. Here, the algorithms learn 

on their own to identify hidden patterns of the data and cluster the data points with similar 

patterns together [35] [36].  

Another learning methodology is semi-supervised learning, where both labelled and 

unlabelled data are used while training the algorithms [37]. Usually, less labelled data is used 
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compared to unlabelled data. The semi-supervised learning method comes into play when the 

amount of labelled data is limited [38]. 

The reinforcement learning process is another machine learning approach. Unlike the other 

learning processes, reinforcement learning uses a reward-based algorithm. Here, the 

algorithm finds the actions it should take to minimize error and maximize reward by using trial 

and error methods [39]. Reinforcement learning does not require labelled data for training. 

This makes it different from supervised learning [40].  

In general, only one method of learning is used in a single system. However, multiple methods 

of learning are also possible. Machine Learning methods have become the most used 

methods to solve specific problems in recent years. Currently, deep learning is playing a 

dominant part in the machine learning field [41]. 

1.2.2 Deep learning 

Deep learning is also known as deep machine learning, hierarchical learning or deep 

structured learning. Deep learning falls under the broad theme of machine learning, where 

Artificial Neural Networks (ANNs) are primarily used. Deep learning uses deep NNs (deep = 

much bigger) than the normal ANNs, and the algorithms to train them needed significant 

improvements and much bigger data. Artificial neural networks are loosely based on biological 

neurons of living systems (brains) [42]. By modelling a network that can mimic the processes 

of a biological neural network [42], they can be trained to solve a particular problem. A Feed-

Forward Network is the simplest ANN, where the information flows perpetually forward from 

the top layer to the bottom layer. It contains connections between artificial neurons and works 

like synapses between neurons in the brain. These are composed of input neurons connected 

to a set of neurons in the hidden layers, and they terminate with a group of output neurons 

(Figure 2). 
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Figure 2: Schema of a simple neural network. 

 

The information which is given to the ANN is fed forward through the layers in the network. 

Each neuron computes the weighted sum of all values of input vectors (x) that are passed to 

it. During training, the weights (w) are adjusted by the learning process in order to fit the actual 

output to the desired outcome. Every neuron in each layer is connected to every neuron in the 

previous and next layer in a fully connected neural network. One neuron in the adjacent layer 

processes the information passed to it by the previous layer as a weighted sum, see equation 

1.  

 

!𝑥!𝑤!

"

!#1

= (𝑥1𝑤1 	+ 	𝑥2𝑤2 	+ 	……	+	𝑥"𝑤")											𝑒𝑞. 1 

 

Once the weighted sum is calculated, it can be any value. In some cases, it can be beneficial 

when the values are in a particular range (e.g., 0-1). To map the calculated value to a given 

range and to introduce non-linear properties into the network, the neuron uses a non-linear 

function known as an activation function (f) [43]. The magnitude of the weighted sum 

determines the activation of a neuron. The neuron does not need to be always active 

whenever it receives a more considerable calculated value; it might need to be inactive below 

a certain threshold. Also, sometimes the calculated value can be lower, and the neuron has 

to be activated. Hence, a bias (b) is added to the weighted sum to keep the neuron active or 

inactive. This is done after the weighted sum and before the activation function is applied [44], 

see equation 2. 
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Similarly, as explained above, all neurons except the input neurons receive a weighted sum, 

a bias is added, and an activation function is applied. The final values correspond to whether 

or not the neuron should be activated. If the last calculated value is 0, the neuron is inactive. 

If a neuron is activated, its final calculated value is sent through the next connection to be 

multiplied with another weight. This process continues until an output neuron is reached.  

By comparing the true value and the calculated value, the output neuron determines the final 

result. If the value does not match up, the neuron sends information back to the output network 

to alter the weights and biases accordingly. This is done by using a backpropagation algorithm 

[45]. 

The squared values of the differences between the true values (t) and the predicted values 

(p) added up together (equation 3) is defined as the cost of a single training example. 

     

𝑐𝑜𝑠𝑡	 = 	!(𝑝!−𝑡!)'
"

!#(

																		𝑒𝑞. 3	

 

To get an optimal result, the cost has to be minimized. The function used to calculate this cost 

is known as the loss function or cost function [46]. The training of the network aims to reduce 

the loss to get better accuracy. The process of minimizing the loss of the network is an 

optimization problem, and it is done by using an optimization algorithm [46]. During the 

application of the optimization algorithm, the weights and biases are adjusted accordingly to 

reduce the loss. A network is optimized to perform better in multiple training steps over multiple 

epochs. The amount by which the weights and biases are adjusted is called the learning rate 

[47]. Throughout the process, every component mentioned above gets adjusted to reduce the 

loss and improve overall accuracy. This whole process is known as training. 

The networks used in deep learning are typically much bigger, i.e., consisting of more layers 

[48]. The word "deep" here means that there are multiple layers present in the artificial neural 

network. These layers can process information provided and learn the representation of the 

data with multiple levels of abstraction [49, 50].  

The deep neural networks implemented in this thesis are A) Convolutional Neural Networks 

(CNN), B) Recurrent Neural Networks (RNN), and C) Transformers.  
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Also, a combination of these networks is used to create different models. The CNN and RNN 

are combined to create an encoder-decoder model architecture [51] for captioning 

images(Publication B) and a model of language translation [52] using an RNN-based 

encoder-decoder architecture(Publication F). 

 
A. Convolutional Neural Network (CNN) 
CNNs or ConvNets are a collection of layers of neural networks specialising in processing the 

data in a matrix or a grid-like fashion, such as a 2D Image. Digital images are built using 

millions of square-like shapes in a grid, which are called pixels. A pixel contains the colour 

values, exposure details and other metadata as numerical values that make up the overall 

image [53]. A CNN is designed based on the visual cortex of the human brain [54]. The layers 

of CNNs are arranged so that they can perceive the visual information, such as colours, edges, 

objects, and interpret them into a piece of valuable information, see figure 3. 

 

 
 
Figure 3: Schema of a simple convolutional neural network.  

 

CNNs are built using stakes of convolutional layers, pooling layers and fully connected layers. 

Together with all of them, a CNN is formed [55]. Feature extraction is done through 

convolutional and pooling layers, whereas final outputs are generated with the fully connected 

layers. During the training, linear operations are passed through a nonlinear activation 

function. The common nonlinear activation function used in a CNN is the Rectified Linear Unit 

(ReLU), which computes the result of f(x) = max(0, x). These networks can automatically learn 

the spatial hierarchies of the image features, start recognizing patterns and learn low and high 

levels of details of the images. [56]. Krizhevsky, Sutskever, and Hinton demonstrated the first 

commendable achievement using CNNs to classify images in 2012 with their work on AlexNet 

[57]. The benefits of using CNNs in the field of computer vision make them suitable for 

extracting image features, object detection, and image recognition tasks. 
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In this thesis, three different types of CNN architectures are examined. First, for image feature 

extractions, two of the state-of-the-art networks, Inception-V3 [58] and EfficientNet-B3 [59], 

are used (Publications B and G).   

For the segmentation work, the unaltered implementation of the Mask R-CNN (Region-Based 

Convolutional Neural Networks) [60] is used, a general framework created for instance-

segmentation. Inherently, CNN is used for image feature extraction and for object detection 

while creating segmentation masks for the detected objects that can later be used to segment 

them from the original image (Publication D). 

 

B. Recurrent Neural Networks (RNN) 
Another category of neural networks are Recurrent Neural Networks (RNNs), which is one of 

the oldest deep neural network architectures in use [61]. These networks form connections 

between nodes like a feed-forward network but also have feedback loops between nodes [62]. 

This makes them suitable to work on temporal problems such as natural language processing, 

image captioning and speech recognition tasks. RNNs can be trained using sequential or time-

series data [63]. The network has a stored state called the memory, which can store 

information from a prior input to influence the current input and output. This previous 

information helps the RNNs to determine the outcome in the sequence. 

Some common RNN architectures are the Long Short-Term Memory (LSTM) [64] models and 

the Gated Recurrent Units (GRUs) [65]. An LSTM consists of three gates, one input gate, one 

output gate, and one forget gate [66], see figure 4. These gates are connected like a feed-

forward neural network (FFN) but have feedback connections as well. The cells work based 

on a concept called the cell state that can retain the input information for a short period 

(memory) and carry it throughout the processing of a sequence. During training, the gates 

learn what information to keep or not to keep. LSTMs are used in handwriting recognition [67] 

and speech recognition [68]. LSTMs are mainly developed to deal with the vanishing gradient 

problem [69]. 

The GRUs were introduced in 2014 as a gating mechanism for the RNNs [70]. They are similar 

to an LSTM but have only two gates: a reset gate and an update gate, see figure 4. This does 

not consist of the cell state but uses a hidden state. The update gate decides which information 

to keep and what not to keep. The reset gate decides which past information it should forget.  
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Figure 4: Schema of a single LSTM unit and a GRU unit. 

 

In this work, the GRUs are used for the image captioning encoder-decoder network. The 

encoder-decoder network in this work uses a CNN-based encoder that uses image features 

as inputs and transforms them into a vector in latent space. An RNN-based decoder combines 

encoder output and decoder input to learn which image features should be used in predicting 

the sequence of SMILES tokens [51, 71]. After the training, the trained model uses only image 

features as inputs to predict a SMILES string (Publication B). The encoder-decoder network 

also consists of an attention mechanism [52]. The way that attention works is similar to how 

humans focus on details of an image to construct meaningful sentences to describe it. The 

attention identifies which image details should be used to predict a specific set of words, rather 

than using the whole image features as inputs [72]. During the learning process, attention 

determines the set of image features which corresponds to the right sequence of words 

(Publication B). 
In the field of language translation, most published models were based on the encoder-

decoder architectures [73]. These networks had limitations in dealing with long-range 

dependencies, and they only worked sequentially. The development of the transformer 

networks [74] was aimed to solve these limitations overall. 

 

C. Transformer Networks 
Transformer networks entirely depend on the attention mechanism, making no use of 

recurrence as in RNNs or convolution as in CNNs at all. These networks are made of a stack 

of encoder blocks and a stack of decoder blocks. Each encoder block has a multi-head 



 
12 
 
attention layer connected with a feed-forward layer. Each decoder block has a masked multi-

head attention layer connected with a multi-head attention layer and then connected with a 

feed-forward layer [74]. An encoder stack consists of multiple encoder blocks, while a decoder 

stack consists of multiple decoder blocks. The encoder and decoder stacks each have the 

same number of units in a transformer, see figure 5.  

 

 
Figure 5: Schema of a transformer network according to the paper “Attention is all you need” 

[74]. 

 

The input sequences are embedded with the positional information before they are fed into 

the network. The positional information contains details about the order of a sequence 

(sentence), how the words are arranged, and how far apart the words are placed from each 

other. This information, along with the input data, is used by multiple attention mechanisms in 
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the network, such as self-attention, encoder-decoder attention, and multi-head attention, to 

learn to focus on the input sequences to predict the correct output sequences. Transformers 

are parallelizable, making the network train much faster [74] (Publication G). These 

properties of transformers helped in developing multiple state-of-the-art models like Google's 

BERT [75] and Open AI's GPT-3 [76]. 

The deep learning-based models work with high dimensional data allowing them to solve 

complex problems. The ability to solve intricate issues led to the use of deep learning in many 

domains, such as business, economics, science, and chemistry. The use of deep learning and 

artificial neural networks in many areas has been growing exponentially. For the last few years, 

it has been applied to diverse areas, such as natural language processing [77], computer 

vision [78], stock market predictions [79], computational photography [80], drug discovery [81], 

bioinformatics [82], and quantum computing [83]. 

1.2.3 Recent developments in deep learning 

Recent advances in deep learning have made it clear that the technology can be used for 

numerous applications. The most successful machine learning breakthroughs of the past few 

years benefited from large to indefinite training corpora. An example is AlphaGo Zero, where 

a small set of rules for the game of Go and an easy rule for determining the winning party of 

a game of Go enabled two deep learning-based machines to play a potentially unlimited 

number of games against each other until the machine achieved superhuman playing strength 

[84]. The authors recently reported a generalisation of the scheme in AlphaZero (note the 

missing “Go”), which also achieved a superhuman level of play in chess and shogi (Japanese 

chess) in only 24 hours [85]. 

Advancements in hardware and the development of software APIs [86, 87] such as 

TensorFlow [88, 89] are facilitating this growth. 

For decades, the shallow three-layer feedforward perceptron has been the most prominent 

representative of artificial neural networks. In contrast to elementary perceptrons, the shallow 

three-layer variant is already computationally universal, i.e., capable in principle of 

approximating an arbitrarily complex non-linear model function by adjusting the number of 

neurons of its single hidden layer. More recent deep neural networks [90] with multiple layers 

of hidden neurons are not more “computationally universal” than the preceding shallow ones. 

However, they have performed better for difficult learning tasks with concrete data sets [91]. 

Thus “computational universality” as a fundamental characteristic does not guarantee practical 

learning success - where the intrinsic relation between shallow and deep networks is still under 

investigation [92]. The recent deep learning advances [93] in computer vision [78] and natural 
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language processing [94] also profit from several methodological advances that address their 

long known severe problems like vanishing gradients and exploding gradients [50, 95] during 

the learning process. While deep networks are still more challenging to train than their shallow 

relatives because of a considerably extended hyper-parameter optimisation [96, 97], the 

earlier mentioned prohibitive difficulties have nowadays been effectively solved to allow a 

successful [98] - and in contrast to shallow networks often superior - model approximation. 

The analysis of images, in terms of both classification and the detection of features in images, 

has benefitted particularly from the advances mentioned above, both on the informatics and 

the hardware side. The application of convolutional neural networks (CNNs) to analyse the 

MNIST dataset of handwritten digital images [99] was found to be one of the best solutions to 

detect and analyse the handwritten digits and visual imagery [100].  

In the large-scale visual image recognition competition ImageNet, deep convolutional 

networks achieved unsurpassed low error rates with very large networks of 650,000 neurons 

[57]. A continuous stream of methodological advancements followed [58], complemented by 

GPU hardware developments providing an order of magnitude faster training of CNNs [101].  

Also, further developments such as Google’s Tensor Processing Units (TPUs) [102] or the 

recently developed neuromorphic hardware aside from architectural changes are geared 

towards helping deep learning algorithms achieve substantially lower precision than traditional 

von Neumann architectures [103]. 

1.2.4 Implementations of Deep Learning in chemistry 

Deep learning in chemistry is mostly either concerned with the prediction of properties of 

molecules or substances or with the generation of molecular structures with desired properties 

[104].  

Advances in modern hardware equipment allow researchers to effectively compare drug 

discovery and toxicology prediction methods widely used in cheminformatics, such as K-

Nearest Neighbour (KNN), Support Vector Machine (SVM), random forest etc. with deep 

learning to see how successful it is at the same tasks [105]. In many areas, deep learning 

outperforms all the known methods for classification and prediction [106]. Since most of these 

methods typically use different datasets, a study in 2017 [107] utilised a standardised dataset 

from ChEMBL [108] to compare deep learning with other methods in a standardised way. It 

could be shown that deep learning networks are the best-performing classifiers. 

In 2017, Olivecrona et al. [109] used recurrent neural networks and reinforcement learning to 

design compounds with desired properties in the context of drug discovery based on the 

ChEMBL database. The authors employed a so-called prior network that was trained with 
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ChEMBL SMILES codes. Together with a scoring function, this prior network informs an agent 

network about the likelihood that a generated SMILES [4] representation possesses the 

desired property. 

  The encoding of chemical connection tables (graphs) as linear text notations in SMILES is a 

suitable data structure that can be used to train models using deep learning. Frequently, 

however, the trained models produce syntactically and semantically invalid SMILES. To 

overcome this problem and to avoid issues such as unbalanced parenthesis and pairing of 

ring closure symbols during learning and model building, an adaptation of SMILES was 

recently introduced in the form of DeepSMILES [110]. Although DeepSMILES performed 

better than SMILES, the results still contained semantically invalid DeepSMILES (Publication 
B). A new type of string representation was introduced to overcome this problem, known as 

SELFIES [111]. Chemical structures can be represented and used in deep learning efficiently 

using SELFIES. 

 To achieve the de novo molecular design of drug-like molecules, in 2018, Lim et al. used a 

conditional variational autoencoder (CVA) and SMILES as an output format to generate 

molecules with desired properties. An encoder learns a representation of a training set of 

known molecules and their respective descriptors. Based on that, a decoder then learns to 

generate SMILES with a desired subset of these properties [112].  

Segler, Preuss, and Waller in 2018 addressed the problem of computer-aided retrosynthesis 

by combining a Monte-Carlo tree search with several deep learning models trained on a 

comprehensive set of published reactions. The system showed a higher ability to solve 

retrosynthetic problems than the available traditional approaches, which used a rule-based 

method. Its results were deemed equivalent to synthesis routes designed by humans in a 

double-blind test [113].  

Traditional methods are dominating the mining of chemical information from scientific text. In 

2018, Corbett and Boyle [114] examined deep neural networks, which can be used as an 

alternative to the conditional random fields-based approaches traditionally used in chemical 

named entity recognition. Here also, deep neural networks were applied with superior 

performance [115].  

Goh et al. in 2017 [116] used chemical graphs depicted as 2D images to develop a CNN which 

predicts chemical properties. The 2D image was mapped onto a grid of 80x80 pixels to solve 

inherent memory problems and is then used for training. Fernandez et al. in 2018 [117] used 

modified chemical images to predict the toxicity of chemicals. Their approach, however, was 

based on colouring the chemical diagrams, thereby adding information that is not usually 

contained in 2D diagrams found in traditional chemical publications. 
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1.3 Overview of the systems used in this work 

1.3.1 Neural Networks applied 

A challenge of this work was choosing a network architecture for DECIMER-Image 

Transformer (Publications B and G). ANNs have seen many developments in the last few 

years as deep learning has developed. While using image data, unlike the traditional Feed-

Forward Networks (FFNs), using CNNs generally leads to a more accurate extraction of 

important features [118]. The extracted information was found to be very useful for 

classification in many cases [57]. This project aimed to transform the image features into a 

sentence, for example into a SMILES string. This goal can be achieved by taking advantage 

of developments in Image Captioning Networks (ICN) [119] [120] and Natural Language 

Processing (NLP) [121].  

Initially, a network inspired by the publication ‘Show, Attend and Tell: Neural Image Caption 

Generation with Visual Attention’ was used in this work [51]. The network encoder-decoder 

network model included a combination of a CNN and an RNN. The performance and scalability 

were explored further in publication B. Here, image captioning techniques are employed, in 

which image features are extracted using a CNN. The extracted features are then transformed 

into meaningful sentences using a language model. The feature extraction is done using state-

of-the-art image classification networks such as Inception-V3 [122] in Publication B and 

EfficientNet [59] in Publication G.  

Inception-V3 is a widely used CNN-based network for image recognition and numerous other 

image feature extraction tasks [123]. Like Inception-V3, EfficientNet is also a CNN-based 

network, but the model is optimized for better performance by balancing the network’s depth, 

width, and resolution of the images [59].  

Transforming the extracted image features into meaningful sentences is done by the language 

models. Generally, in language translation, a language model is used to translate one 

language into another. This work uses a set of image features as a language, and a string of 

SMILES tokens as a second language. Here, an encoder-decoder model is used for this 

purpose [51]. In this project, the encoder encodes an image's features into a latent space, and 

the decoder uses the encoded information and the decoder input to predict a meaningful 

sentence (SMILES). In NLP, a similar approach is used for language translations [52]. A 

significant improvement has been achieved in recent years by using transformer-based 

networks in language translation. This includes Google’s BERT [75] and Open AI’s GPT 

models [76, 124, 125]. 
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Based on the transformer-based approach, a novel network model for chemical structure 

depiction to SMILES has been developed. It is explained in detail in publication G. The 
transformer network used here is the network presented in the 2017 publication ‘Attention is 

all you need’ [74]. 

SMILES to IUPAC name translation works similar to language translations. Using the encoder-

decoder model for translation [52], a translator was developed to translate SMILES to IUPAC 

name and the reverse. Here, rather than using two different languages, SMILES and IUPAC 

names were used (Publication F).  

Another challenge to overcome was developing a tool to extract chemical structure depictions 

from the printed literature. It is possible to overcome this problem by using a segmentation 

tool that can detect the chemical structures within a page of printed literature and then 

separate them into individual images. This has been addressed using a segmentation method 

that integrates Mask-RCNN (Region-based Convolutional Neural Networks) [126] as the main 

component. Publication D provides a detailed description of the implementation. 

1.3.2 Data, programming languages, and libraries 

The key objective of this project was to collect data from reliable sources and curate them 

properly before training the models. Doing so would enable the training parameters to be used 

as efficiently as possible. Generally, the work involved the use of synthetic data in which 

chemical structure depictions were generated using in-house software. For this work, the 

entire PubChem database [127] was utilised. Initially, the ChEMBL database [108] was used 

but, the amount of data found there was deemed insufficient because the trained models could 

not reach a satisfying level of accuracy. 

The downloaded data was curated using several rulesets to build a balanced dataset where 

the training and test datasets had similar molecules and covered the same chemical space. 

Also, it was necessary to remove infrequently appearing features of molecules, such as 

disconnected atoms or isotopes, which could cause problems during training (Publications 
B, F and G). Using the Chemistry Development Kit (CDK) [128] as the backbone, self-written 

Java code was used to curate the data. Using CDK, the curated data was then converted to 

isomeric and canonical SMILES strings. More about the data curation and usage is explained 

in the publications B, F and G. 

The generated SMILES strings were used to depict chemical structures using the CDK 

Structure Diagram Generator (SDG). CDK depiction generation made it possible to create 

large amounts of data, which prevented manually curated data from being a bottleneck during 

further development. With the included Java ImageIO libraries, it was possible to render 
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production quality bitmaps when using the CDK. As a result, it was relatively straightforward 

to make any changes concerning the image quality to the entire training set.  

The textual data used in this project mainly consisted of SMILES strings. At the initial stage of 

the research, predictions in many cases were semantically and syntactically invalid. This 

reduced the overall accuracy of the predictions. Two different ways of adapting SMILES were 

recently developed to overcome this difficulty, DeepSMILES [110] and SELFIES [111]. In 

publication B, the use of DeepSMILES and its benefits were discussed, but later it was found 

that the machine learning models were capable of handling SELFIES better than 

DeepSMILES. 

Furthermore, all of the SELFIES predicted referred to ~99.99% of valid chemical structures. 

In our testing results for structures with stereochemistry, a fraction of the SMILES decoded 

from the SELFIES were invalid, which is 46 out of 3.7 million SMILES. In publications F and 

G, the implementation and the results using SELFIES are explained in detail. Converting the 

SMILES into DeepSMILES and SELFIES was done using Python 3 [129].  

The deep neural networks (DNNs) were implemented in Python 3 using TensorFlow 2 [88] at 

the backend. The decision to use TensorFlow 2 was made because it was straightforward to 

migrate the models onto the Google cloud platform to train. Also, most of the reference models 

that were used throughout the project were primarily written using TensorFlow.  

All of the training data for the models were converted into TFRecords before training, except 

for the training data used in the publication D. TFRecords are files capable of storing a 

sequence of binary records [130], which is used in TensorFlow. They are mainly used to 

increase input efficiency and to train models faster by reducing the I/O bottlenecks. Compared 

to raw data, TFRecords can be read more efficiently, resulting in faster training models. The 

TFRecords used in this work were generated on University servers and moved to the Google 

Cloud Storage (GCS) buckets afterwards. Publications B, F, and G provide further details 

about the data, each model architecture, and the implementation. 

The predictions of the DECIMER Image Transformer were evaluated using the Tanimoto 

similarity index [131] and isomorphic matches of InChIs [132]. These evaluations were 

performed using scripts written in Java using the Chemistry Development Kit (CDK). 

Additionally, various chemical descriptors were calculated for the predicted structures and 

compared to the original data. For this, custom scripts using Java had to be written. Hence, a 

standalone software based on CDK was developed to ease this evaluation process, explained 

in publication C. 

For the segmentation work in this project, a corpus of published literature was gathered from 

the ACS Journal of Natural Products and Elsevier’s Phytochemistry. Annotating these printed 
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pages for identifying chemical structure depictions has been done using the Visual Geometry 

Group (VGG) Image Annotator [133]. Publication D provides a detailed description of how this 

data was used to train and evaluate the models. The models were also assessed with 

publications from the Journal MDPI Molecules. 

1.3.3 Hardware overview, GPUs, and TPUs 

During the work on DECIMER, a server equipped with an NVIDIA GEFORCE GTX 1080Ti 

graphics card with 11GB VRAM (Video Random Access Memory) was initially used to train 

small networks with small datasets in the order of thousands of images to evaluate the 

methods. To scale up the network, fit more data per batch, obtain the training results faster 

and test various other network architectures, GPUs with more VRAM and CUDA (Compute 

Unified Device Architecture) cores were necessary. Thus, the training was moved to a server 

with a much faster NVIDIA Tesla V100 GPU. To reduce memory bottlenecks during training 

and facilitate the CPU-related tasks for training the bigger models in the servers, they were 

equipped with 384 GB of RAM and two Intel(R) Xeon(R) Gold 6230 CPUs. More about the 

specific GPU-equipped hardware configurations are also described in publications B and D. 

Nvidia's V-series GPUs were explicitly designed to drive deep learning and other GPU-related 

tasks. The GPU's higher number of CUDA cores [134] and the increased memory bandwidth 

helped the models train faster [135] than with a GTX 1080 Ti [136]. Due to the heat generated 

by the card's core, GTX 1080Ti was prone to slow down under larger workloads. Additionally, 

a V100 GPU with 32 GB of VRAM allowed the use of larger batch sizes. With larger models, 

training time plays a crucial role and thus, it is essential to use the correct hardware to speed 

up the training process. Training time increases exponentially as more data is used to train 

larger models (Publication B). To train the large models efficiently, multiple GPUs must be 

used. When training on multiple GPUs the scaling can be nonlinear. Also, training efficiency 

deteriorates when incrementing the number of GPUs [137].  

This project needed a minimum of 4 GPUs to achieve the maximum speed up of training, 

which was impossible to do in-house. Since a wide range of GPU solutions was available with 

Google Cloud Platform for deep learning, the entire training process was moved there instead 

of purchasing and installing complete hardware in-house.  

With the development of Tensor Processing Units (TPUs) [138] by Google [139], scaling a 

model on the cloud became much easier [140]. A TPU is a specialized piece of hardware 

developed and custom built by Google for accelerating Artificial Intelligence (AI) applications. 
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These are built using Integrated Circuits (ICs) designed to do one specific task (an Application-

Specific Integrated Circuit (ASIC) [141])2.  

Generally, a typical training process using TensorFlow includes Input and Output (I/O) 

operations to read and write the data, pre-processing the training data, initializing model 

variables and parameters, Initializing the code, the model, loss function, and gradient function, 

summary operations to monitor the training process, save and restore operations for 

checkpointing the training. When the training is performed using cloud TPUs, the centre part 

of the code which includes the model, loss functions and the gradient subgraphs gets compiled 

using XLA3(Accelerated Linear Algebra [142]) and is executed on the TPUs. The rest of the 

training code will run on the cloud TPU server (host machine) as part of the regular distributed 

TensorFlow session, which includes the reading of training data (I/O operations), data pre-

processing steps, and all other training management functions, such as saving and restoring 

checkpoints. Executing only the main training script on TPUs, while distributing it to many 

nodes, makes it possible to train the models faster. 

In this way, TPUs proved to be a practical solution to train larger models within days that 

require training on GPUs for weeks or months (Publication F and G). Also, TPUs were found 

to be well-suited to train CNN-based models efficiently [143]. The training performance was 

scaled up as stated in publication F and G without losing any accuracy in the initial test. A 

single TPU V3-8 device has eight nodes and 128 GB of memory, which can accommodate 

large batches that are distributed among the eight nodes. Based on training time and 

performance, the batch size of 1024 images allow the best results. Meanwhile, to fit the same 

batch size of 1024 images, a minimum of four GPUs (64 GB memory) were required. Given 

the training time, TPUs are also more cost-effective than GPUs. Although currently, a single 

TPU device was utilised for training the models, in the future, it can be scaled up by using 

much larger TPU pods with up to 2048 nodes and 32 TB of memory.  

The training data in this work was stored on Google Cloud Storage (GCS) buckets in 

TFRecord format. By storing them on a storage bucket, training multiple models on multiple 

Virtual Machines (VMs) at the same time was possible. This enables all the training data to be 

placed in one single location, which will minimize the time and cost associated with transferring 

the data to the virtual machines.  

Virtual machines and the TPUs were launched in the nearest Google cloud servers, "Europe-

west-4a". The network overhead associated with data transfers could be reduced by having 

them all at the same location. Overall, using the Google cloud platform enabled all the work 

 
2 https://en.wikipedia.org/wiki/Application-specific_integrated_circuit 
3 https://www.tensorflow.org/xla 
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to move forward at a much faster rate than expected. Throughout the entire work, millions of 

images were used to train multiple models with Google's TPUs. Without Google's cloud 

platform, this would be impossible within the required time frame. Training the models with the 

TPUs is comprehensively addressed in publications F and G. 
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2. Scope of the thesis 
In recent years, advancements in deep learning have enabled breakthroughs in computer 

vision and natural language processing technologies. Deep learning as an approach for image 

recognition [144] and language translation [73] leads to near-perfect results. It has been 

shown that machines trained on millions of data points surpass human performance in certain 

domains [58, 84], including the image captioning networks [120] and language transformers 

[75] which are the core of this thesis.  

An initial assessment of the available OCSR tools was done to assess how deep-learning 

approaches compare with the traditional rule-based approach (Publication A). A 

benchmarking study was done on the existing open-source tools during this process 
(Publication A). Unfortunately, all offered methods were rule-based. 

This thesis aimed to make deep learning-based end-to-end methods for a) Converting the 

published literature and pages from printed literature into high-resolution images and 

segmenting out only the chemical structure depictions, b) the development of a deep learning-

based method to convert chemical structure depictions into a computer-readable 

representation, such as SMILES, and c) the development of a large molecule set comparison 

tool and a deep learning-based method for SMILES to IUPAC name translation to facilitate 

the data enrichment of the newly developed Natural Products (NP) database. 

A. Development of image segmentation tool 

In this project, the main objective was to create a tool that would process a bitmap image of a 

scanned journal page, automatically recognize chemical structure depictions and save them 

as separate images. The first step was to convert pages in the file into a series of high-

resolution images, followed by the detection of chemical structures and the generation of 

masks that describe their positions using a deep learning model. Then, for chemical structures 

which are not completely covered by the masks created by the deep learning model, a mask 

expansion algorithm was applied to expand the masks so that they are covered completely. 

Finally, the detected chemical structure depictions were segmented and saved as separate 

image files (Publication D). The whole algorithm is made available as open-source software 

to the public. The tool is also available as a web application where a PDF file can be uploaded 

to detect and segment the chemical compounds depicted in it. 
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B. Deep learning for OCSR 

This part of the work aimed to develop an OCSR method using the image captioning-based 

deep learning models, which can recognize chemical structure depictions and convert them 

into a machine-readable format (Publications B and G). This first model was built on the 

encoder-decoder architecture (Publication B) using large synthetic datasets. It has also been 

improved by increasing the size of the training data (Publication B). The next step involved 

training the models on Tensor Processing Units (TPUs), an optimized hardware for deep 

learning. After that, the focus shifted towards creating and training transformer-based models 

to improve overall performance. 

Further, images depicting stereochemistry and ions were also added to the training dataset, 

which was not part of the initial training datasets. Finally, artificial image augmentations were 

added to the training dataset to reflect real-world chemical structure depictions. All models 

were trained with more than 30 Mio images (Publication G), and the trained models have 

been made publicly available (Publication B and G). 

C. Development of various other methods for rediscovery of 

chemical information. 

This part of the work describes the sub-projects that have arisen during the development of 

the OCSR tool. Initially, the testing results were mainly evaluated using Java scripts that used 

the CDK library to calculate chemical descriptors and Tanimoto similarity indices. Calculations 

such as these are tedious and time-consuming. During the evaluation process, it was 

discovered that a tool capable of performing these calculations quicker and providing visual 

analysis of the results would simplify these evaluations substantially. Due to the lack of open-

source methods, a software application with above said properties was developed 

(Publication C) to perform the required calculations. The OCSR method (Publication D and 

G) eventually will be used to extract chemical structure depictions from printed material. The 

retranslated SMILES strings and the chemical structure depictions should be deposited in an 

open-access database for future use. This was made possible by developing one of the largest 

open-access databases for natural products (Publication E). During data curation work, it 

was discovered that many compounds did not have IUPAC names, and there were also no 

open-source methods to generate these names as well.  This inspired the development of a 

deep learning-based toolkit which translates the SMILES strings to IUPAC names, called 

STOUT (Publication F). 
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3. Publications 

3.1 Publication A 

A review of optical chemical structure recognition tools 

 

Rajan, K.1, Brinkhaus, H.O.2#, Zielesny, A.3 & Steinbeck, C4. 
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# The contribution of Brinkhaus, H.O. was part of his master thesis. 
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b e  s ol v e d  e a sil y  a s  t h e  d at a  a v ail a bl e  o n  c h e mi str y  a n d  
c h e mi c al  str u ct ur e s  ar e  e x p o n e nti all y  i n cr e a si n g  b y  t h e  
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dr u g di s c o v er y a n d m a n y ot h er fi el d s, t h er e i s a r e n e w e d 
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planted the seed for this new eld of research with a vari -
ety of commercial and noncommercial applications being 
r e leased thereafter. e rst systems followed similar 
approaches in handling the chemical structure images, 
but diered in implementation details and the accuracy 
of rebuilding the chemical structure from an image. ey 
shared rule-based heuristics for treating a segmented 
image of a single chemical structure and methods like 
image vectorization, image disassembly into separated 
components, image thinning, enhancement of the line, 
resolution of components using Optical Character Rec -
ognition (OCR), and eventually the reconstruction of 
the g raph representation of the molecule. Unfortunately 
most of the commercial OCSR systems were inaccessible 
to academic researchers.

Closed-source systems were very popular in the early 
1990s. e rst complete open-source system called 
Optical Structure Recognition Application (OSRA) [5] 
was published by Filippov and Nicklaus in 2009. OSRA 
helped many early-stage researchers in drug develop -
ment and natural product research. Its success as an 
op en- source tool allowed the development of subsequent 
open-source systems such as Imago [5, 6] and the recent 
Java-based tool MolVec [7].

Recent developments in hardware and Deep Neural 
Networks (DNNs) in machine learning led to outstand -
ing achievements in image recognition technologies [8]. 
W it h the cost of the hardware for machine learning get -
ting lower and the accessibility of open machine learning 
librar ie s such as TensorFlow [9], Pytorch [10], and Cae 
[11], barriers to the implementation of machine learning-
based chemical image recognition systems were lowered.

In this review, we have analyzed all the available opti -
cal chemical structure recognition systems published. 
W e  f ound  only  three  open-source  systems  available  
while the rest of them are commercial tools. Some pub -
lications describe methods that were developed without 
an y wor king system ever being published. We discuss the 
algorithms behind these systems, their architectures, and 
how well they perform in real-world situations. For the 
available open-source systems, we carried out a small 
benchmark study and the results are reported here.

A general overview ofthesystems
Nowadays, the chemical structure depictions published 
in the literature are generally submitted to journals as 
raster images. Older publications often contain whole 
scanned pages from the original printed literature. In 
general, when a chemical structure is drawn using com -
mon structure editors, the le formats are easily inter -
convertible with other machine-readable formats such 
a s SMI LES [12], connection tables or SDles [13]. Once 
the depiction is saved as an image, it is very dicult to 

decode it back into a machine-readable representation of 
the molecule. In order to automatically feed and maintain 
publicly available databases with information about mol -
ecules, the reliable retranslation of the image of a chemi -
cal structure depiction is required.

Ide ally, an OCSR system should be able to detect a 
chemical structure printed in the literature and segment 
the structures out of the whole page which also contains 
other graphical elements and text. is segmented struc -
ture should then undergo a preprocessing step such as 
denoi sing t he image to get rid of unwanted pixel informa -
tion and binarization to remove all the RGB (Red, Green, 
and Blue) v alue s that are given to each pixel when they 
are produced. Once the preprocessing is done, the OCSR 
system should extract all relevant features from the input 
image and later use this extracted information to build up 
a meaningful chemical structure.

To do this, most OCSR systems follow a common 
method, where the image is vectorized and segmented 
into separate elements. e atom information, printed 
with atom symbols, will be recognized using OCR, while 
the bond information for single, double, triple, edged, 
dashed, or dotted bonds is stored in the lines of the 
depiction which is dicult to interpret. For this purpose, 
the OCSR tools use a line detection algorithm such as a 
Hough transform [14]. e detected line information is 
then analyzed thoroughly to recognize the dierent line 
types due to line length, width, spacing, thickness, and 
arrangement. With this information, all bonds are iden -
tied. Afterwards, a separate algorithm is used to detect 
the positioning of the atom characters within the bonds. 
Finally, with all the detected information, an algorithm 
rebuilds the complete molecular graph which is post-
processed to get a semantically valid molecule. Once the 
post-process step is over, the output is generated as a 
SMILES string, a connection table, or as an SDle.

Most of these tools cannot handle a whole scanned lit -
erature page, they usually need an input of an image with 
a sing le c hemical structure. Only a few tools like OSRA, 
Imago, and CLiDE can be used for complete page rec -
ognition. As opposed to the rule-based methods, a few 
mac hine le arning-based methods have been developed: 
ese tools completely rely on the recognition of chemi -
cal structures without any hardcoded rules.

T a ble 1 summarizes information about the available 
tools and methods as well as their dierences. In addi -
tion, each approach is reviewed separately for a better 
underst anding .

Rule-based systems
Kekul é

In 1992, one of the rst complete working OCSR tools, 
Kekulé [4], was released. Kekulé uses a scanned image 
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provided by a user and vectorizes it. e binary image 
of this chemical structure diagram is used for resolv -
ing the characters and lines. Kekulé applies a rule-based 
a ppr oach to generate a connection table and has a graph -
ical user interface that enables the inspection and editing 
of t he r esults.

e  workow  consists  of  scanning,  vectorization,  
search for dashed and wedged lines, optical character 
recognition,  graph  compilation,  and  post-processing.  
After the nal postprocessing step it displays the results 
and allows for editing. During the scanning step, the area 
on a page that contains the structure diagram is selected 
and segmented into a separate TIFF image. en, the 
image is thinned, vectorized, and smoothed. Dashed and 
wedged lines are identied and treated as connected ele -
ments. For OCR, a multilayer perceptron neural network 
i s u sed after the application of a preprocessing procedure 
for normalization to achieve results with 96% accuracy. 
e resolved characters are corrected with a set of rules 
and typical spelling mistakes (e.g. ‘S’ vs. ‘5). e result -
ing strings that contain only one character are subse -
quently merged based on their relative position. For the 
g ra ph compilation, all character positions are treated as 
nodes, and all dashed/wedged bonds are treated as edges. 
en, these elements are removed from the image and 
the remaining molecule skeleton is used for further steps. 
Each remaining vector is assumed to represent a bond 
and each point between two vectors is treated as a new 
node unless there already is a node due to the presence 
of an OCR result. e width of the lines that represent 

the vectors in the original image is analyzed in order to 
recognize stereo information. If multiple vectors con -
nect to the same nodes, the bond order between these 
no de s is increased accordingly. Finally, all the gathered 
information is combined into a single graph. In a post-
processing procedure, superatom labels are resolved (e.g. 
“Ph” to a phenyl group). Additionally, the user is asked 
to provide the label wherever the OCR failed. Circles are 
detected and translated into alternating single and double 
bonds and all bond crossings are evaluated to determine 
whether they represent a node or not. e nal results 
are displayed in the GUI and the graphical output can be 
adjusted further by a user.

Optical recognition ofchemical graphics (OROCS)

In 1993, a publication about an OCSR tool by IBM was 
released [15]. e workow consists of nine steps: scan -
ning, separation, vectorization, segmentation, cleanup, 
O C R, structure recognition, aggregation, and post-pro -
cessing. For the scanning of an analog image, a resolu -
tion of 300 dpi is necessary. e image is then divided 
by  dening  polygon-shaped  bounding  boxes  around  
all connected elements. en, the program searches 
for all components that are bigger than a threshold that 
is dened according to the maximum character size on 
the page. Suciently close components are allocated to 
one another and their bounding boxes are merged. e 
part of the image that is framed by the resulting bound -
ing box is considered to be a chemical structure. After a 
ve c torization step, each vector is classied as belonging 

Table  1  Comparison oftools andmethods published

a  Precompiled tool is only available commercially

Tool name Programming 
language used

Operating System 
compatibility

Open-source Commercial orfree 
availability (2020)

Ongoing 
development

Kekul é C     Windo ws No Yes No

OROCS C IBM OS/2 No No No

CLiDE Pro C     Windo ws No Yes Yes

OSRA C     Independent Ye sa Yes Yes

ChemReader C     Windo ws No No No

MolRec Unknown Unknown No No Unknown

Imago C     Independent Ye s Yes No

ChemOCR Java Independent No Yes Yes

ChemInfty Unknown Windows No No No

eChem Unknown Unknown No No No

MLOCSR Unknown Only Web interface No Only web interface Unknown

OCSR Unknown Unknown No No Unknown

ChemRobot Unknown Unknown No No Unknown

MolVec Java Independent Yes Yes Yes

MSE-DUDL Python Independent No No No

Chemgrapher Python Independent No No Yes
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to a character, the bond structure, or other elements 
that constitute a chemical structure diagram according 
to a set of rules. e vectors that describe the structure 
itself are cleaned up automatically for certain cases (e.g. 
for the case that a straight line has been interpreted as 
two vectors). Additionally, a user interface enables cor -
recting vectors manually. Subsequently, the molecule 
g ra ph is generated using the information from the vec -
tor image. During this process, each vector is interpreted 
a s  a bond and each connection point is interpreted as 
an atom. If there is no other label, an atom is assumed 
to be a carbon atom. In order to interpret the remaining 
labels, the coordinates of the vectors that were allocated 
to characters in the original raster image are used for the 
feature-based OCR. e resolved labels are then trans -
lated into the corresponding substructures. If a text ele -
ment is not at a node position, it is considered irrelevant 
and i s de leted. After replacing every detected circle with 
alternating single and double bonds, the creation of the 
connection table is complete. Finally, the validity of the 
connection table is veried and itcan be manually edited 
in a user interface.

CLiD E

Another OCSR software solution named Chemical Li t-
erature D at a Extraction (CLiDE) [16] was released in 
1993. is consisted of a workow with three phases: the 
recognition phase, the text grouping phase, and the inter -
pretation phase.

D ur ing the recognition phase, the outer contours of 
each connected element are determined and approxi -
mated with a polygon. e largest character size is 
e stima ted based on the distribution of the sizes of the 
elements. Each element is then classied as a character, 
a graphic, or as a dash based on size and relative height. 
e graphic primitives (lines) are recognized by searching 
for two long parallel edges in a polygon with short sides 
at the end that can be approximated as a curve. Eventu -
ally each primitive is saved as the start and end points of 
t he two long side s of the corresponding polygon. ere is 
a second routine for the identication of dashed bonds. 
e relative position of connected elements that have 
been classied as dashes due to their size is evaluated. 
If the dash objects are aligned on a straight line, the line 
and a single coordinate for each dash are saved.

e OCR is performed with a neural network that has 
been trained for this purpose. Words on a page are then 
grouped based on their relative position to determine 
lines and text blocks. is comprehensive OCR system 
which is technically capable of resolving the text blocks 
has not been included in the initial software package. 
Only the text elements which are associated with chemi -
cal structures are used for further processing.

e in terpretation phase is then used to generate the 
connection table of the molecule based on the previously 
identied graphic primitives and the resolved text ele -
ments. Atom and superatom labels are resolved using an 
int ernal database. e nal result can be saved in a mol -
le [13].

Further development ofCLiD E

CLiDE Pro [17] is a commercial OCSR tool. e work -
ow begins with the identication of chemical images. 
er ef ore, the input image (of a page) is binarized and 
subdivided into connected elements that are described 
by their contours. Elements like words are grouped into 
lines and text blocks, depending on their relative posi -
tion. Other elements are considered to be part of the 
g ra phics blocks.

e second phase is the generation of a connection 
table that represents the molecule. First, the connected 
compounds  in  the  graphics  blocks  are  classied  as  
characters, dashes, lines, graphics, and noise. e clas -
sication is done according to the relative size of the 
c onne cted elements and a row of features, like the pixel 
density and the number of contours. en, all elements 
that have been classied as lines and graphics are vec -
torized by approximating the contours with a polygon. 
Ide ally, a simple line is represented as two long straight 
sides with a couple of short sides at the ends that can 
be approximated as a curve. Each vector in the image 
is described by the start and end points of the two long 
borders that constitute the polygon. Dashed bonds are 
identied dierently. If elements which have been previ -
ously classied as dashed can be arranged on a line, they 
ar e c onsidered to represent a dashed bond. Dashes that 
cannot be allocated to a dashed bond are reclassied as 
characters. For the construction of atom labels, an OCR 
engine is applied to resolve all text character by charac -
ter. ese characters are then grouped into words based 
on t heir r elative position. e resolution of the identied 
labels is done using an internal database that contains 
atom and superatom labels and their machine-readable 
representations. is information is combined with the 
previously analyzed graphical elements that constitute 
the structure diagram to generate the connection table of 
the molecule.

Chemical  structure  depictions  commonly  contain  
R-group labels. is means that the depiction contains 
a variable (often represented by the character ‘R’) which 
refers to a structural element. e allocation of one 
or more structural elements to the variable is usually 
dened below the structure. CLiDE Pro is capable of pro -
cessing common R-group notation styles. erefore, text 
blo c ks that describe the value of R-group variables are 
identied. Each text block is then allocated to a structure 
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diagram based on proximity and the amount and type of 
R-group variables.

e article about CLiDE Pro was published with a test 
set of 454 images which contain 519 chemical structure 
diagrams [17]

OSRA

With the publication of OSRA [5] in 2009, the rst open-
source OCSR tool was available. Since its original release, 
OSRA has been continuously improved and rened. Like 
all other tools that were mentioned before, it follows a 
rule-based approach: First, the input image is converted 
to grayscale and binarized. Rectangular areas containing 
chemical structures are dened by their dimensions and 
the ratio of black and white pixels in the selected area. If 
a segmented rectangle is found to contain a lot of noise, 
noise removal and anisotropic smoothing are performed. 
Subsequently, a thinning algorithm is applied before vec -
torizing the image. Based on a set of rules, control points 
and ve c tors are interpreted as atoms and bonds. Atom 
labels are identied using two OCR systems. en, aro -
matic, double, and triple bonds are recognized as cir -
cles, or parallel lines that have the average bond length. 
If t he de velopment of the thickness of an object can be 
approximated by linear regression, it is interpreted as a 
dashed bond. Multiple small objects within the average 
bond length are interpreted as a dashed bond. Finally, the 
connection table of the molecule is generated by combin -
ing the information that was gathered in previous steps.

F or t he resolution of the atom and superatom labels, 
OSRA uses a dictionary of the labels (and dierent spell -
ing varieties) which can be modied by the user. A super -
atom label describes a structural element such as ‘MeO’ 
for a me thoxy group. Polymer structures, as well as reac -
tions, can be recognized. By default, every input image 
is pr ocessed at three resolutions. OSRA then applies an 
empirically determined condence estimation function 
and keeps the result with the best condence value only 
[5, 18]. OSRA can be used as a command-line tool on a 
local machine and an online application.

Due to OSRA being an open-source tool, other devel -
opers were able to implement it in their projects and 
t o de velop improvements by using it in the backend. 
ChemEx is a tool that combines OSRA in combination 
with a text mining workow in order to mine natural-
product-related data from scientic publications [19]. In 
2020, the tool ChemSchematicResolver was published 
with Python bindings for OSRA (PyOSRA). ChemSche -
maticResolver implements a segmentation algorithm in 
c ombina tion with OCR to allocate the resolved chemi -
cal structure diagrams to their names and labels. It then 
c ombine s the OCSR results with information that was 
gained with the text mining tool ChemDataExtractor 

[20]. e capability of reading labels is also used in 
PyOSRA to resolve common R-group notations and 
implement this information in the resolved chemical 
structure diagram.

ChemReader

ChemReader [21] was published in 2009. e workow 
begins with a preprocessing step involving noise removal 
and size normalization. Subsequently, characters and 
lines are separated based on their height, area and rela -
tive position to other characters. After the detection of 
line s u sing an adapted Hough transform, the bond order 
and stereochemical information are determined. ere 
is an additional routine for the detection of pentagonal 
and hexagonal structures within the molecule. Addi -
tionally, circles within cyclic structures in the molecule 
ar e de tected. e previously identied characters are 
resolved using OCR. e resulting labels often contain 
errors and are corrected in a consecutive spelling cor -
rection step using a dictionary and a set of rules about 
v alid v alence. Dierent candidates are considered for 
each character and evaluated according to a condence 
score. Finally, a graph representation of the molecule is 
compiled based on the previously detected features. Even 
though the authors announced in 2009 that ChemReader 
would become available as a commercial tool, it has not 
been published yet.

MolRec

In 2009, a researcher from the University of Birmingham 
in the United Kingdom announced that he was work -
ing on an OCSR tool [22] that he intended to release 
op enly a vailable once it would reach a sucient standard. 
e proposed application mainly uses a combination of 
the known techniques which are already in use. It has a 
total of 6 steps. Image binarization is done using Otsu’s 
method [23]. All connected components in the image are 
dened using the grass-re algorithm [24]. In the next 
step, these components are processed and the characters 
are separated from other (graphical) elements. Wedged 
bonds and the dashed bonds are recognized separately 
using a set of rules. All remaining elements are thinned 
using Hilditch’s algorithm [25]. en, all line characters, 
their connections, and endpoints are interpreted as the 
bond structure of the molecule. Finally, the extracted 
information about the given molecule is combined in a 
graph representation. Based on this graph, a molecular 
formula and a SMILES string are created.

ree years later, a publication about the OCSR sys -
tem MolRec [26] was released. Here, the workow also 
b e gins with binarization, detection of connected compo -
nents, and resolution of characters as well as their subse -
quent removal from the image. After a thinning step, the 
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resulting set of lines and polylines is processed using the 
Douglas-Peucker line simplication [27]. MolRec works 
with the assumption that there is a limited set of geo -
metrical primitives that assemble a chemical structure 
di ag ram (line segments, arrows, circles, triangles, and 
characters). It then applies a sophisticated set of rules in 
order to interpret these geometrical primitives as a part 
of a molecule. Superatom labels are resolved using a dic -
tionary. e gathered information is compiled in a graph 
r e presentation of the molecule. To our knowledge, Mol -
Rec is neither freely available nor as a commercial tool.

Imago

In 2011, a second open-source OCSR tool was pub -
lished—Imago [5, 6 ]. A s the other tools, it implements a 
similar rule-based approach: e input image is blurred, 
binarized, and segmented into connected items. Dashed 
bonds are recognized separately and removed from the 
image for further processing. en, the remaining objects 
are allocated to a symbols layer which contains the atom 
and superatom labels and a graphics layer that contains 
the bonds. is classication is based on the width to 
height ratio of the elements and a set of rules. e ele -
ments in the graphics layer are processed to create the 
g ra ph representation of the molecule. erefore, the 
graphics elements are thinned, junctions are removed, 
a smoothing algorithm is applied and the image is vec -
torized. After the merging of close nodes, all edges are 
in t erpreted as bonds. Parallel lines are detected and the 
bond order is adapted correspondingly. All labels from 
the symbols layer are resolved and linked to the nodes, 
and the stereo information from the previously removed 
dashed bonds is added. Imago uses a dictionary of super -
atoms and common abbreviations. It can be used from a 
u s er interface or as a command-line tool for batches of 
images.

chemOCR

chemOCR [28] is an extension of the work done by 
Mark Zimmerman and Maria-Elena Algorri [29, 30] as it 
uses the earlier established method from these publica -
tions. e method uses its own pattern recognition algo-
rithms combined with a support vector machine (SVM) 
to  detect and interpret an image containing a chemical 
structure.

chemOCR is written in Java. At the backend, it uses a 
set of algorithms that were previously developed by the 
same authors and a set of rules which they propose to 
process any type of image regardless of its drawing type.

chemOCR has multiple modules incorporated into an 
overall OCSR workow. e tool accepts a PDF docu -
ment or an image that consists of chemical structures. 

PDF do c uments are converted into separate bitmap 
images and processed further. e images which con-
tain structures and other information such as text 
blo c ks, tables, and reactions will undergo a preprocess -
ing step where all components not related to chemical 
str uc tures are removed from the image. e authors 
claim that the tool works better with images that only 
contain  the  chemical  structure.  In  the  next  steps,  
images are enhanced, the connected components with 
the connecting text areas are identied, an OCR mod -
ule detects the characters attached to the structure, 
and t he c hiral bonds which are represented by wedged 
bonds are detected. In the nal preprocessing step, the 
image is converted into a set of vectors.

e  vectorized  image  with  the  detected  compo -
nents is then used in the reconstruction of the chemi -
cal structure. is procedure is divided into two main 
ta sks. First, an expert system analyzes all the informa -
tion from the preprocessing steps, using an algorithm 
tha t determines the orientation of the graph and anno -
tates the connected components. e second task is the 
a ss embly of the molecule based on the annotated com -
ponents and a set of rules in a stepwise manner until 
the c omplete structure is reconstructed.

All reconstructed chemical structures will be further 
processed by a post-processing step where the frag -
ments of the chemical structures will get split, saved 
a s s eparate structures in an SDle and the nal set of 
results will be displayed. Later on, a validation step is 
carried out on the reconstructed chemical structures 
to give an overall condence score on the nal results. 
According to the developers, the tool has a 65.6% accu -
racy (656 structures were correctly reconstructed out 
of 1000 unique image s) and i s currently available as 
commercial software.

ChemInfty

ChemInfty [31] was developed as a robust solution to 
resolve chemical structures in Japanese patents. e 
input image is binarized and smoothed. Additionally, 
text captions are removed. Characters are resolved 
using a custom OCR engine. If characters are resolved 
with a high condence level, they are removed from the 
image. en, the image is thinned and crossing points 
and bending points are identied. e remaining ele -
ments are divided into lines and curves. After a bond 
r e cognition step, the elements are grouped and the 
“most suitable combination” is determined. en, the 
remaining characters are resolved by using a custom 
OCR engine. According to the authors, ChemInfty has 
the advantage of dealing with characters in labels that 
touch the lines in the structure diagram.



Page 7 of 13Rajanetal. J Cheminform           (2020) 12:60  

eChem

eChem [32] was developed as a helper tool for chemistry 
students. e main goal of the application is to help stu -
dents to understand chemical structures and how to use 
them in r eactions.

e OCSR in this application is used as a module, 
which processes a chemical structure and the data gener -
ated from this module will be forwarded to other mod-
ules for further processing.

e a pplic ation comes with multiple modules for the 
user to use. e user can either upload a soft copy of a 
chemical structure or a scanned copy, this will be pro -
cessed by the chemical structure name recognizer mod -
ule of the system to translate the raster image into a 
c om puter-readable le format. e transformation of 
images to a computer-readable le format is somewhat 
similar to the work done by Mark Zimmerman in 2007. 
e input images are resized and denoised to set an opti -
mal value of the resolution. ey get segmented into 
s e parate components based on their pixel connectivity. 
e separated characters rather than bonds are detected 
using the Microsoft Oce Document Image Library. 
en, the bonds (lines) are detected using a modied 
version of the Hough transform. e detected bonds are 
separated into single, double, or triple bonds depend -
ing on their overall thickness. e recognized characters 
c ombine d with the recognized structure are used to gen -
erate a SMILES string. Invalid SMILES strings are recog -
nized in a spell checker algorithm before the nal output 
is genera ted.

is  application  further  has  a  component  to  help  
the user with generating chemical reactions from the 
detected structures. In order to use this component, the 
user needs to dene all the reactants used in the desired 
reaction. e reaction component follows a knowledge 
base that is predened to carry on with the reaction steps 
which helps to generate the nal output.

e authors didn’t state any availability of this method 
as open-source software.

Markov logic networks forOCSR

MLOCSR [33] is an OCSR method that follows a pipe -
lined design strategy which is a combination of low level 
and hig h-le vel processing. e workow is divided into 
three modules. e rst module is a low-level extractor 
that extracts the graphical entities and text elements. 
en, a high-level module uses a Markov Logic network 
[34, 35] in order to clean up the noisy low-level data and 
to add more information using a knowledge base. e 
last module processes the previously produced informa -
tion and assembles a graph that represents the depicted 
mole c ule.

e MLOCSR workow begins with the preprocess -
ing of the image in order to extract low-level entities 
lik e g raphical primitives and text elements. erefore, 
the input raster image is binarized and a smoothing 
algorithm is applied. en, the bounding boxes of all 
connected components are determined. Subsequently, 
textual and graphical elements are separated. Based on 
the identied text elements, the text height is estimated. 
is information is used to lter the input for the OCR 
engine. After the removal of text elements, the remain -
ing image is vectorized by applying a contour-based tech -
nique, and dierent kinds of lines (e.g. dashed or wavy 
line s) ar e classied.

e extracted graphical primitives need to be inter -
preted in order to assemble a connection table that 
r e presents the molecule that is depicted in the origi -
nal chemical structure diagram. Since the information 
e x tracted by the low-level module is noisy, it needs to be 
modied based on more information about the composi -
tion of atoms and bonds in a molecule. Due to the com-
plexity of this problem and the clear rules dening the 
v alid a ssembly of a molecule, a Markov logic network is 
used to assign probabilities to mappings of elements that 
result in a representation of a molecule. e rules which 
are incorporated in the Markov logic network are saved 
as a knowledge base.

Finally, using the resulted output from the Markov 
logic network, the entities are reassembled to form a 
valid chemical structure. is structure is rst generated 
as a connection table and then converted into a molle. 
e tool is not distributed as an open-source software 
but a web version of it is available for the public.

OCSR

Another OCSR tool (name: OCS R ) [36] was proposed 
in 2015. e workow begins with a grayscale conver -
sion and binarization of the input image. Characters are 
re solved using OCR. A procedure for the detection of 
wedge bonds is implemented. A thinning algorithm is 
applied and the image is vectorized. Recognized charac -
ters are merged to form atom and superatom labels. e 
g a thered information is combined in an adjacency matrix 
or a string representation of the molecule. To our knowl -
edge, this tool is not available.

Chemrobot

In 2017, a US patent for the OCSR tool Chemrobot [37] 
was led. e workow begins with the conversion to 
grayscale, a binarization and a smoothing step of the 
input image. Circles within cyclic structures in the chem -
ical structure diagram are recognized as aromatic bonds 
and O C R is used to identify characters. A thinning algo -
rithm is applied and edges of the molecular graph are 
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detected. After the detection of double and triple bonds, 
the result is compiled in common output formats. e 
authors claim that the tool is suitable for the interpreta -
tion of hand-drawn structures from noisy input images.

MolVec

MolVec [7] is an open-source Java-based tool developed 
by a group of scientists from NIH. e tool is an attempt 
to solve the common problem researchers were having 
using other public tools. MolVec attempts to simplify its 
use by being a self-contained, lightweight standalone tool 
that does not require any programming skills. MolVec 
is completely programmed in Java, it needs JAVA 8 or 
higher to run locally. It can be used as a command-line 
tool, through the Java API, a user interface or online [7]. 
As it is open-source software, developers who would like 
to modify the tool can access it on GitHub. It currently 
only accepts images with a single chemical structure, 
but it can handle any type of image resolution. Further 
development to recognize separate structures is currently 
ongoing work. So far, the researchers have not published 
a scientic paper about their work so that there is not 
much information about the algorithms running behind 
the scenes. According to the developers, the algorithm 
consists of binarization, line thinning and shape, fea -
ture, node and edge detection. e detected elements are 
adju st ed and assembled based on a set of rules.

Machine-learning-based systems
Two new deep learning methods in OCSR have been 
implemented recently. In 2003, Gkoutos etal. [38] used 
a Kohonen network [39] in the backend to distinguish 
chemical structure images from non-chemical images 
such  as  photographs.  Additionally,  a  support  vector  
machine (SVM) [40] based classication is included in 
ChemOCR. A complete machine learning-based OCSR 
method has not been published until 2019. In the follow -
ing section, the two published methods which use deep 
le ar ning for OCSR purposes are summarized. Since they 
are closed-source systems, neither of them was available 
for testing.

MS E -DUDL

In 2019, Staker etal. [41] presented a data-driven, deep 
learning based approach for OCSR called Molecular 
Structure Extraction from Documents Using Deep Learn -
ing (MSE-DUDL). e system uses two types of networks 
in  the backend: a segmentation network and a structure 
prediction network. e segmentation network is used to 
scan through the images containing chemical graphs and 
other elements such as text blocks, tables, reactions. It 
then identies the chemical structure diagrams and seg -
ments them out from the images. is network follows a 

c on volutional neural network (CNN) architecture based 
on an open-source implementation of U-Net which was 
used by Ronneberger etal. [42] for their work on biomed -
ical image segmentation. is architecture has the abil-
ity to support full-resolution detection and a ne-grained 
s e gmentation. e network has a contacting path where 
the input gets transformed (downsampling) into a latent 
representation, and an expansive path where the latent 
representation is expanded (upsampling) until it matches 
the resolution of the input image. e nal predicted 
output is used to obtain pixel masks which helps the net -
work to do the extraction of the images. e network was 
traine d on a man ually curated set of images that were 
extracted from documents and edited. e model had 
380,000 parameters and was trained for 4days on a single 
graphics processor unit (GPU).

e prediction network follows an encoder-decoder 
architecture where the encoder encodes the images con -
taining chemical graphs to a xed-length latent space 
u sing a C NN and then the decoder uses a recurrent neu -
ral network (RNN) to decode them back to a sequence 
of SMI L ES characters. e CNN is architecturally similar 
to the ImageNet [43] architecture and the RNN follows 
the sequence to sequence learning network [44] used for 
the English to French translation model. e model was 
trained on 57 million images generated using the Indigo 
toolkit [45] with molecules retrieved from PubChem [46] 
and on another dataset of 1.7 million images generated 
by Indigo using molecules retrieved from the publicly 
available data from the United States Patent and Trade -
mark Oce (USPTO) [47, 48 ]. i s model had 46.3 mil-
lion parameters and training took 26days on eight GPUs.

Af ter training the networks, the authors tested the 
models using a validation dataset which is 10% of the 
Pubchem dataset and 25% of the USPTO dataset, and 
they observed a high accuracy on both datasets. e 
whole system works well in a complete end-to-end fash -
ion with reasonable accuracy as stated by the authors. 
U nf ortunately, the method is not available as an open-
source tool.

Chemgrapher

Chemgrapher [49] is a deep-learning OCSR method 
implemented in a modular style. It analyzes a given 
image of a chemical structure in order to rebuild it as 
a computer-readable graph representation. e main 
motivation behind this method is to have a deep learn -
ing model for optical compound recognition. Primarily, 
t he model can be divided into two sub-sections. e 
rst section deals with segmentation and the second 
section deals with the location recognition for atoms, 
bonds and charges, with the resulting output being pro -
cessed by a separate algorithm to build the chemical 
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g r a p h. All t h e s e n et w o r k s a r e b a s e d o n C N Ns. Th e s e g -
m e nt ati o n n et w o r k s f oll o w t h e i d e a of dil at e d c o n v ol u -
ti o n d e s c ri b e d b y Y u a n d K olt u n [5 0 ].

Th e  s e g m e nt ati o n  n et w o r k  w a s  t r ai n e d  o n  c h e mi c al 
st r u ct u r e  i m a g e s  g e n e r at e d  wit h  R D Kit  [ 5 1 ]  b a s e d  o n 
d at a r et ri e v e d f r o m C H E M B L [ 5 2 ]. Th e o ut p ut of t h e 
s e g m e nt ati o n n et w o r k i s u s e d a s a n i n p ut f o r t h e cl a s -
si fi c ati o n n et w o r k s t o l o c at e at o m s, b o n d s a n d c h a r g e s.

E v e r y  n et w o r k  w a s  c h e c k e d  i n di vi d u all y  f o r  a c c u -
r a c y  a n d  it  i s  st at e d  t h at  t h e  cl a s si fi c ati o n  n et w o r k s  
p e r f o r m m u c h b ett e r t h a n t h e s e g m e nt ati o n n et w o r k s. 
Th e o v e r all a c c u r a c y of t h e m o d el i s d et e r mi n e d b y t h e 
r e s ulti n g  c h e mi c al  g r a p h s.  A c c o r di n g  t o  t h e  a ut h o r s,  
t h e s y st e m o ut p e rf o r m s O S R A.

4.  A s u bs et ( 4 5 0 i m a g es a n d S D fil es) of a d at a s et p u b -
lis h e d  wit h  C h e mI nft y  (s e e  a b o v e)  b a s e d  o n  d at a  
fro m t h e J a p a n es e P at e nt O ffi c e (J P O), o bt ai n e d fr o m 
t h e O S R A o nli n e pr es e n c e [5 3 ]. ( N ot e t h at t his d at a-
s et  c o nt ai ns  m a n y  l a b els  (s o m eti m es  wit h  J a p a n es e  
c h ar a ct ers) a n d irr e g ul ar f e at ur es, s u c h a s v ari ati o ns 
i n t h e li n e t hi c k n ess. A d diti o n all y, s o m e i m a g es h a v e 
a p o or q u alit y a n d c o nt ai n a l ot of n ois e.)

Th e  TI F F  i m a g e s  w e r e  c o n v e rt e d  t o  P N G  i m a g e s  
wit h a r e s ol uti o n of 7 2 d pi t o a s s u r e c o m p a r a bilit y, a s 
M ol V e c  a n d  I m a g o  b ot h  s h o w e d  p r o bl e m s  h a n dli n g  
t h o s e TI F F fil e s i n b at c h m o d e.

Th e  c o m m a n d-li n e  v e r si o n  of  I m a g o  [ 5 6 ]  w a s  e x e-
c ut e d  wit h o ut  i n st all ati o n  b y  r u n ni n g  t h e  f oll o wi n g  
c o m m a n d i n t h e di r e ct o r y wit h t h e e x e c ut a bl e fil e:

C o m p ari s o n of t h e  o p e n‑ s o ur c e O C S R t o ol s
M at eri al s a n d  m et h o d s

I n  o r d e r  t o  c o m p a r e  t h e  r e s ult s  of  t h e  t h r e e  a v ail a bl e 
o p e n- s o u r c e O C S R t o ol s I m a g o ( v e r si o n 2. 0), M ol V e c 
( v e r si o n 0. 9. 7) a n d O S R A ( v e r si o n 2. 1. 0), m ulti pl e d at a-
s et s  w hi c h  a r e  f r e el y  a v ail a bl e  o nli n e  w e r e  a n al y z e d  
a c c o r di n g  t o  t h e  v ali d ati o n  p r o c e d u r e  of  t h e  O S R A  
d e v el o p e r s [ 5 3 ]. Th e d at a s et s w e r e:

1.  A s e t of 5 7 1 9 i m a g es of c h e mi c al str u ct ur es a n d t h e 
c orr es p o n di n g  m ol fil es  ( b as e d  o n  d at a  fr o m  t h e  
U S P T O)  o bt ai n e d  fr o m  t h e  O S R A  o nli n e  pr es e n c e  
[5 3 ].

2.  Th e  d at a s et  ( U O B)  of  5 7 4 0  i m a g es  a n d  m ol fil es  of  
c h e mi c al  str u ct ur es  d e v el o p e d  b y  t h e  U ni v ersit y  of  
Bir mi n g h a m, U nit e d Ki n g d o m, a n d p u blis h e d al o n g -
si d e M ol R e c [5 4 ].

3.  Th e  C o nf er e n c e  a n d  L a bs  of  t h e  E v al u ati o n  F or u m  
( C L E F) t est s et of 9 6 1 i m a g es a n d m ol fil es p u blis h e d 
i n 2 0 1 2 [5 5 ].

M ol V e c w a s d o w nl o a d e d a s a j a r fil e wit h all of it s d e p e n d e n ci e s. It w a s e x e c ut e d f r o m t h e c o m m a n d-li n e b y 
r u n ni n g:

O S R A  w a s  i n st all e d  i n  a n  A n a c o n d a  e n vi r o n m e nt  
u si n g  t h e  C o n d a  r e ci p e  f o r  P y O S R A  w hi c h  w a s  p u b -
li s h e d b y E d B e a r d [5 7 ]. Thi s w a s d o n e a n al o g o u sl y t o 
th e i n st all ati o n i n st r u cti o n s i n t h e C h e m S c h e m ati c R e s -
o v e r d o c u m e nt ati o n [ 5 8 ]. W e u s e d t h e P y O S R A e n vi-
r o n m e nt  b e c a u s e  c o m pili n g  O S R A  f r o m  s o u r c e  c o d e  
is  e x c e s si v el y  c o m pl e x  a s  it  h a s  a  l ot  of  d e p e n d e n ci e s 
t h at n e e d t o b e c o m pil e d f r o m t h ei r o w n s o u r c e c o d e a s 
w ell. Th e r e i s t h e o pti o n t o o bt ai n a c o m m e r ci al li c e n s e 
t o g et a p r e c o m pil e d v e r si o n of t h e s oft w a r e.

O S R A w a s t h e n e x e c ut e d o n t h e t e st d at a s et b y r u n -
ni n g t h e f oll o wi n g s h ell c o m m a n d i n t h e di r e ct o r y wit h 
th e i m a g e s. H e r e, it i s n e c e s s a r y t o s p e cif y t h e l o c ati o n 
of t h e di cti o n a ri e s f o r s u p e r at o m s a n d c o m m o n s p ell -
i n g c o r r e cti o n s.
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Di s c u s si o n
I n  t h e  y e ars  1 9 9 2 – 1 9 9 3,  t h e  first  d e v el o p m e nt s  i n  t h e  
fi el d of O C S R w er e r e p ort e d. Th e s e e arl y d e v el o p m e nt s 
w er e  c o m m er ci al,  b ut  t h er e  h a v e  b e e n  o p e n  s ol uti o ns  
si n c e 2 0 0 9. I n t hi s r e vi e w, w e a n al y z e d all f r e el y a v ail a bl e 
t o ol s  u s e d  i n  O C S R.  A d diti o n all y,  w e  s u m m ari z e d  t h e  
m et h o d s  w hi c h  h a v e  b e e n  d e s cri b e d  b ut  n e v er  b e c a m e  
a v ail a bl e a s t e st a bl e s oft w ar e. Th er e ar e di ff er e nt O C S R 

T a bl e  2  T i m e el a p s e d a n d  a c c ur a c y r e p ort e d f or  t h e  o p e n‑
s o ur c e O C S R t o ol s

D at a s et M ol V e c 0. 9. 7 I m a g o 2. 0  O S R A 2. 1

U S P T O
( 5 7 1 9 i m a g es)

Ti m e ( mi n) 2 8. 6 5 7 2. 8 3 1 4 5. 0 4

A c c ur a c y 8 8. 4 1 % 8 7. 2 0 % 8 7. 6 9 %

U O B
( 5 7 4 0 i m a g es)

Ti m e ( mi n) 2 8. 4 2 1 5 2. 5 2 1 2 5. 7 8

A c c ur a c y 8 8. 3 9 % 6 3. 5 4 % 8 6. 5 0 %

C L E F 2 0 1 2
( 9 6 1 i m a g es)

Ti m e ( mi n) 4. 4 1 1 6. 0 3 2 1. 3 3

A c c ur a c y 8 0. 9 6 % 6 5. 4 5 % 9 4. 9 0 %

J P O
( 4 5 0 i m a g es)

Ti m e ( mi n) 7. 5 0 2 2. 5 5 1 6. 6 8

A c c ur a c y 6 6. 6 7 % 4 0. 0 0 % 5 7. 7 8 %

Fi g.  1  a  A c c ur a c y ( Ri g ht: hi g h er t h e b ett er) a n d b  T ot al ti m e f or 
pr o c essi n g ( L eft: l o w er t h e b ett er)

Th e  a c c u r a ci e s  of  t h e  t o ol s  li st e d  i n  Ta bl e  2  b el o w  
c o r r e s p o n d  t o  p e rf e ctl y  r e c o g ni z e d  st r u ct u r e s  a c c o r d -
i n g  t o  a  p e rf e ct  m at c h  of  t h e  St a n d a r d  I n C hI  st ri n g s  
[5 9 ] t h at w e r e c r e at e d b a s e d o n t h e O C S R r e s ult s a n d 
t h e r ef e r e n c e fil e s.

All t h e p r o c e s si n g w a s d o n e o n a Li n u x w o r k st ati o n 
r u n ni n g wit h U b u nt u 2 0. 0 4 L T S, w hi c h h a s 2 I nt el( R) 
X e o n( R)  Sil v e r  4 1 1 4  C P Us  c a p a bl e  of  h a n dli n g  4 0  
t h r e a d s a n d wit h 6 4  G B of R A M.

R e s ult s
A s s h o w n i n Ta bl e  2 , M ol Ve c pr o c e ss e s t h e i m a g e s si g-
ni fi c a ntl y  f a st er  t h a n  it s  c o m p etit ors.  All  t hr e e  t o ol s  
p erf or m e d  f airl y  w ell  o n  t h e  gi v e n  s et  of  i m a g e s.  A s  
ill u str at e d  i n  Fi g.  1 ,  t h e  pr o p orti o n  of  a c c ur at e  r e s ult s  
pr o d u c e d  b y  M ol Ve c  a n d  O S R A  wit h  t h e  U O B,  C L E F  
a n d J P O d at a s et s w a s a p pr o xi m at el y 2 0 % hi g h er t h a n i n 
t h e  r e s ult s  pr o d u c e d  b y  I m a g o.  Th e  l o w er  o v er all  p er-
f or m a n c e of all t hr e e t o ol s wit h t h e J P O d at a s et i s li k el y 
d u e t o t h e l o w er q u alit y of t h e d e pi cti o ns, t h e pr e s e n c e 
of l a b el s a n d ot h er irr e g ul ar f e at ur e s. Th e e xtr a or di n ar -
il y g o o d p erf or m a n c e of O S R A o n t h e C L E F d at a s et i s 
a n ot a bl e o b s er v ati o n. Th e e x a mi n ati o n of t h e i m a g e s i n 
t h e d at a s et r e v e al s a s et of w ell- s e g m e nt e d, cl e a n c h e mi-
c al str u ct ur e d e pi cti o ns w hi c h i s s e e mi n gl y h a n dl e d e s p e -
ci all y w ell b y O S R A.
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tools being used in industry and the gold standard has 
never been set.

Out of all the tools reviewed here, we only used the 
three freely available open-source tools for our bench -
mark study to see how well they perform, how fast they 
ar e,  and how accurately they recognize the chemical 
structure. e results indicate that all three tools per -
form well on the USPTO dataset. MolVec is signicantly 
f a ster than the other two tools and has the additional fea-
ture of a pre-implemented parallelization function. For 
the O CSR-assisted manual extraction from documents, 
Imago oers a user interface that enables the selection of 
the desired segment which contains a structure. OSRA 
gives the user a wide variety of adaptable options in order 
to optimize the extraction for custom purposes. For the 
processing of documents, it has a segmentation algorithm 
without a user interface. MolVec has a user interface 
without a page reader but the developers are working on 
integrating this function in future versions.

Most of the discussed methods are not implemented 
in any available tools. ey are simply methods describ -
ing a certain algorithm the authors developed, or in some 
re search articles they are presented as a prototype, but 
the corresponding tools were never published. In prac -
tice, this is a huge lost potential in this eld as researchers 
ar e not a ble to access the implementation of thoroughly 
planned and executed ideas.

e majority of the tools follow a common rule-based 
approach which is based on the interpretation of the ele -
ments in the vectorized image as nodes and edges in a 
g ra ph representation of the molecule. Many tools seem 
to mirror each other’s ideas and add some modica -
tions in the algorithms while the basic workow mostly 
r emains t he same. Only two OCSR methods address the 
implementation of deep neural networks as the backbone 
of their tool and neither of them is not openly available.

e recently published ChemSchematicResolver com -
bines text mining with OCSR in order to retrieve all the 
inf or mation possible from the printed literature. A major 
problem in the eld of automated generation and cura -
tion of databases is the missing linkage of the information 
mine d by OCSR tools to the corresponding names. To 
our knowledge, ChemSchematicResolver is the rst tool 
that addresses this problem to enable the mining of infor -
mation on a large scale and in an unsupervised manner. 
A s it u ses a Python implementation of OSRA, this devel -
opment also represents a good example for constructive 
s y nergies in the open-source community.

We could see that none of the openly available tools 
works  perfectly.  is  may  make  things  dicult  for  
researchers when the combination of multiple tools is 
necessary for a better overall result. ere are no tools 
available having all of the following features—OCR based 

complete page reader, image segmentation, batch pro -
cessing, and natural language processing (NLP). Addi -
tionally, the interpretation of R-group labels remains an 
uns olve d problem when the allocation of structural ele -
ments to the R-group variables is presented elsewhere in 
the t ext or in tables.

ere is a need for a completely automated, feature-
rich, reliable OCSR application that can process complete 
documents in order to directly create database entries 
and it should allow a user to cross-reference the mined 
information with the already existing data.

Conclusion
e move to open-access, high-quality scientic informa -
tion systems creates a demand for automatic curation of 
k nowle dge from the printed scientic literature. In chem-
istry, this includes the translation of images of chemical 
str uc tures into a machine-readable format, which is one 
of many steps towards the development of more com -
plete curation systems.

W it hin the last decade we have observed increased 
activity in this eld. We see that rule-based systems were 
mostly developed, but there were also two deep learn -
ing based solutions. e rst ever open-source tool 
O S RA was released in 2009 and it is still being devel -
oped. ere are two alternative open-source tools apart 
fr om OSRA,Imago and MolVec. Our examination of 
the performance of the three open-source tools showed 
an average accuracy of above 80% for OSRA and MolVec 
which can be considered acceptable. Nevertheless, there 
is potential for further improvements.

is review is an attempt to give an overview of three 
decades of research in the eld of OCSR. We have dis -
cussed the development and improvements of methods 
tha t allow the automated extraction of chemical infor -
mation from the literature. In particular, the freely avail -
able tools open up opportunities for the combination of 
O C SR tools with text mining to achieve the complete 
automated extraction of chemical information from the 
literature.
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L e a r n m o r e  bi o m e d c e ntr al. c o m/ s u b mi s si o n s

R e a d y t o s u b mit yo ur r es e ar c h  ?  C h o o s e B M C a n d b e n efit fro m: 

 4 1.  St a k er J, M ars h all K, A b el R, M c Q u a w C M ( 2 0 1 9) M ol e c ul ar str u ct ur e 
e x tr a cti o n fr o m d o c u m e nts usi n g d e e p l e ar ni n g. J C h e m I nf M o d el 
5 9: 1 0 1 7 – 1 0 2 9
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P R E LI MI N A R Y C O M M U NI C A TI O N

D E CI M E R: t o w ar d s  d e e p l e ar ni n g 
f or  c h e mi c al i m a g e r e c o g niti o n
K o h ul a n  R aj a n 1 , A c hi m Zi el es n y 2  a n d C hrist o p h  St ei n b e c k 1*  

A b str a ct  

T h e a ut o m ati c r e c o g niti o n of c h e mi c al str u ct ur e di a gr a ms fr o m t h e lit er at ur e is a n i n dis p e ns a bl e c o m p o n e nt of 
w or k fl o ws t o r e- dis c o v er i nf or m ati o n a b o ut c h e mi c als a n d t o m a k e it a v ail a bl e i n o p e n- a c c ess d at a b as es. H er e w e 
r e p ort pr eli mi n ar y fi n di n gs i n o ur d e v el o p m e nt of D e e p l E ar ni n g f or C h e mi c al I m a g E R e c o g niti o n ( D E CI M E R), a d e e p 
l e ar ni n g m et h o d b as e d o n e xisti n g s h o w- a n d-t ell d e e p n e ur al n et w or ks, w hi c h m a k es v er y f e w ass u m pti o ns a b o ut 
t h e str u ct ur e of t h e u n d erl yi n g pr o bl e m. It tr a nsl at es a bit m a p i m a g e of a m ol e c ul e, as f o u n d i n p u bli c ati o ns, i nt o a 
S MI L E S. T h e tr ai ni n g st at e r e p ort e d h er e d o es n ot y et ri v al t h e p erf or m a n c e of e xisti n g tr a diti o n al a p pr o a c h es, b ut 
w e pr es e nt e vi d e n c e t h at o ur m et h o d will r e a c h a c o m p ar a bl e d et e cti o n p o w er wit h s u ffi ci e nt tr ai ni n g ti m e. Tr ai ni n g 
s u c c ess of D E CI M E R d e p e n ds o n t h e i n p ut d at a r e pr es e nt ati o n: D e e p S MI L E S ar e s u p eri or o v er S MI L E S a n d w e h a v e 
a pr eli mi n ar y i n di c ati o n t h at t h e r e c e ntl y r e p ort e d S E L FI E S o ut p erf or m D e e p S MI L E S. A n e xtr a p ol ati o n of o ur r es ults 
t o w ar ds l ar g er tr ai ni n g d at a si z es s u g g ests t h at w e mi g ht b e a bl e t o a c hi e v e n e ar- a c c ur at e pr e di cti o n wit h 5 0 t o 
1 0 0  milli o n tr ai ni n g str u ct ur es. T his w or k is e ntir el y b as e d o n o p e n-s o ur c e s oft w ar e a n d o p e n d at a a n d is a v ail a bl e t o 
t h e g e n er al p u bli c f or a n y p ur p os e.

K e y w or d s:  O pti c al c h e mi c al e ntit y r e c o g niti o n, C h e mi c al str u ct ur e, D e e p l e ar ni n g, D e e p n e ur al n et w or ks, 
A ut o e n c o d er/ d e c o d er
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M ai n t e xt
Th e  a ut o m ati c  r e c o g niti o n  of  c h e mi c al  str u ct ur e  di a -
g r a ms  f r o m  t h e  c h e mi c al  lit er at ur e  ( h er ei n  t er m e d  
O pti c al  C h e mi c al  E ntit y  R e c o g niti o n,  O C E R)  i s  a n  
i n di s p e ns a bl e  c o m p o n e nt  of  w or k fl o w s  t o  r e- di s c o v er  
i nf or m ati o n a b o ut c h e mi c al s a n d t o m a k e it a v ail a bl e i n 
o p e n- a c c e ss  d at a b a s e s.  W hil e  t h e  c h e mi c al  str u ct ur e  i s  
oft e n  at  t h e  h e art  of  t h e  fi n di n g s  r e p ort e d  i n  c h e mi c al  
arti cl e s, f urt h er i nf or m ati o n a b o ut t h e str u ct ur e i s pr e -
s e nt eit h er i n t e xt u al f or m or i n ot h er t y p e s of di a g r a ms 
s u ch a s titr ati o n c ur v e s, s p e ctr a, et c. ( Fi g.  1 ).

Pr e vi o u s  s oft w ar e  s y st e ms  f or  O C E R  h a v e  b e e n  
d e s cri b e d  a n d  w er e  b ot h  i n c or p or at e d  i nt o  c o m m er -
ci al  a n d  o p e n- s o ur c e  s y st e ms.  Th e s e  s oft w ar e  s y st e ms  

i n cl u d e  K e k ul é  [1 , 2 ],  t h e  C o ntr er a s  s y st e m  [3 ],  t h e  
I B M  s y st e m  [4 ],  C LI D E  [5 ]  a s  w ell  a s  t h e  o p e n- s o ur c e  
a p pr o a c h e s  c h e m O C R  [ 6 – 8 ],  C h e m R e a d er  [9 ],  O S R A  
[1 0 ] a n d C h e m R o b ot d e s cri b e d i n a p at e nt [1 1 ].

All of t h e s e s oft w ar e p a c k a g e s s h ar e a g e n er al a p pr o a c h 
t o  t h e  pr o bl e m,  c o m pri si n g  t h e  st e p s  ( a)  s c a n ni n g,  ( b)  
v e ct ori z ati o n, ( c) s e ar c hi n g f or d a s h e d li n e s a n d d a s h e d 
w e d g e s, ( d) c h ar a ct er r e c o g niti o n, ( e) g r a p h c o m pil ati o n, 
(f ) p o st- pr o c e ssi n g, ( g) di s pl a y a n d e diti n g.

E a c h of t h e st e p s i n s u c h s y st e ms n e e d s t o b e c ar ef ull y 
h a n d-t u n e d b ot h i n di vi d u all y a s w ell a s f or it s i nt er pl a y 
wit h t h e ot h er st e p s. Th e i n c or p or ati o n of n e w i m a g e f e a -
t ur e s t o b e d et e ct e d i s a l a b ori o u s pr o c e ss.

W e w er e r e c e ntl y i ns pir e d b y t h e st u n ni n g s u c c e ss of 
Al p h a G o Z er o [ 1 3 ], a d e e p n e ur al n et w or k ( N N) b a s e d 
a p pr o a c h t h at e n a bl e d Al p h a G o Z er o t o r e a c h s u p er h u -
m a n str e n gt h i n t h e G a m e of G o b y pl a yi n g a p ot e nti all y 
u nli mit e d  n u m b er  of  g a m e s  a g ai nst  it s elf,  st arti n g  wit h  

O p e n A c c e s s

J o u r n al of C h e mi nf o r m ati c s
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n o m or e k n o wl e d g e t h a n t h e b a si c r ul e s of t h e g a m e. I n 
t hi s e x a m pl e, a s w ell a s i n ot h er pr o mi n e nt e x a m pl e s of 
s u c c e ssf ul d e e p l e ar ni n g, t h e k e y t o s u c c e ss w a s t h e a v ail -
a bilit y of a p ot e nti all y u nli mit e d or v er y l ar g e a m o u nt of 
tr ai ni n g da t a.

Th e e x a m pl e of Al p h a G o Z er o m a d e u s r e ali z e t h at w e 
ar e i n a si mil ar sit u ati o n f or t h e vi s u al c o m p uti n g c h al -
l e n g e d e s cri b e d a b o v e. I nst e a d of w or ki n g wit h a n e c e s-
s aril y s m all c or p u s of h u m a n- a n n ot at e d e x a m pl e s f r o m 
th e  pr i nt e d  lit er at ur e,  a s  h a s  b e e n  c o m m o n  i n  t h e  t e xt  
mi ni n g a n d m a c hi n e l e ar ni n g a p pli c ati o ns i n c h e mi str y 
i n t h e p a st, w e r e ali s e d t h at w e c o ul d g e n er at e tr ai ni n g 
d at a  f r o m  a  pr a cti c all y  u nli mit e d  s o ur c e  of  str u ct ur e s  
g e n er at e d b y str u ct ur e g e n er at ors or b y u si n g t h e l ar g e st 
c oll e cti o ns of o p e n c h e mi c al d at a a v ail a bl e t o m a n ki n d.

Aft er  w e  st art e d  o ur  w or k  pr e s e nt e d  h er e,  ot h er  
att e m pt s t o u s e d e e p l e ar ni n g f or O C E R w er e r e p ort e d. 
W or k b y t h e S c hr ö di n g er g r o u p [ 1 4 ] r e p ort s t h e s u c c e ss-
f ul  e xtr a cti o n  of  m a c hi n e-r e a d a bl e  c h e mi c al  str u ct ur e s  
fro m  bit m a p s  b ut  n o  s oft w ar e  s y st e m  a v ail a bl e  f or  t h e  

g e n er al p u bli c t o r e pli c at e t h e r e p ort e d r e s ult s. A m et h o d 
c all e d C h e m g r a p h er [ 1 5 ] s u g g e st s t o d e al wit h t h e pr o b-
l e m i n a m o d ul ar f a s hi o n b y u si n g a s e g m e nt ati o n al g o-
rit h m t o s e g m e nt t h e i m a g e s c o nt ai ni n g c h e mi c al g r a p hs 
to d et e ct at o ms l o c ati o ns, b o n d s a n d c h ar g e s s e p ar at el y, 
a n d e m pl o y a g r a p h b uil di n g al g orit h m t o r e- g e n er at e t h e 
c h e mi c al g r a p h.

H er e  w e  r e p ort  pr eli mi n ar y  fi n di n g s  of  o ur  d e v el o p -
m e nt of D e e p l E ar ni n g f or C h e mi c al I m a g E R e c o g niti o n 
( D EC I M E R),  a  d e e p  l e ar ni n g  m et h o d  b a s e d  o n  e xi st-
i n g  s h o w- a n d-t ell  d e e p  n e ur al  n et w or k s,  w hi c h  tr a ns-
l at e s  a  p ur e  bit m a p  i m a g e  of  a  m ol e c ul e,  a s  f o u n d  i n  
p u bli c a ti o ns, i nt o a S MI L E S ( Fi g.  2 ). U nli k e f or e x a m pl e 
C h e m g r a p h er, it m a k e s n o pri or a ss u m pti o ns, s u c h a s t h e 
e xi st e n c e  of  b o n d s  or  el e m e nt  s y m b ol s  i n  t h e  g r a p hi c,  
a b o ut t h e str u ct ur e of t h e u n d erl yi n g pr o bl e m.

Th e tr ai ni n g st at e r e p ort e d h er e d o e s n ot y et ri v al t h e 
p erf or m a n c e  of  e xi sti n g  tr a diti o n al  a p pr o a c h e s,  b ut  w e  
pr e s e nt e vi d e n c e t h at, gi v e n s u ffi ci e nt tr ai ni n g d at a, o ur 
m et h o d will r e a c h a c o m p ar a bl e d et e cti o n p o w er wit h o ut 

Fi g.  1  I nf or m ati o n a b o ut a n at ur al pr o d u ct is s c att er e d a cr oss t h e v ari o us s e cti o ns of a n i n di vi d u al s ci e nti fi c arti cl e. Gr o u p e d ar o u n d a str u ct ur e a n d 
a c h e mi c al n a m e , f urt h er i nf or m ati o n s u c h as c h e mi c al cl ass es, s p e ci es, a n d or g a nis m p arts fr o m w hi c h t h e c o m p o u n d w as is ol at e d, s p e ctr al a n d 
ot h er d at a ar e list e d. B a c k gr o u n d i m a g e © Ali n a C h a n, distri b ut e d u n d er htt ps  :// cre at  i ve c o  m m o ns  . org/li c e n  s es/ by-s a/ 4. 0/ d e e d. e n , fi g ur es a n d t e xt 
fr o m K w o n et al . [1 2 ]

https://creativecommons.org/licenses/by-sa/4.0/deed.en
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t h e  n e e d  of  t h e  s o p hi sti c at e d  e n gi n e eri n g  st e p s  of  a n  
O C E R w or k Th o w.

fi e  p ri n ci p al  i d e a  r e p o rt e d  h e r e  i s  t o  r e p u r p o s e  a  
s h o w- a n d-t ell  d e e p  N N  d e si g n e d  f o r  g e n e r al  p h ot o  
a n n ot ati o n  e a rli e r  a n d  t r ai n  it  t o  r e p o rt  a  s e ri e s  of  
S MI L E S  t o k e n s  w h e n  p r e s e nt e d  wit h  t h e  bit m a p  of  a  
c h e mi c al  st r u ct u r e  i m a g e.  Th e  o ri gi n al  N N  r e p o rt e d  
s e nt e n c e s li k e “ A gi r a ffi e st a n di n g i n a f o r e st wit h t r e e s 
i n t h e b a c k g r o u n d” w h e n p r e s e nt e d wit h a c o r r e s p o n d-
i n g p h ot o.

I n ste a d  of  a b st r a cti n g  c h e mi c al  di a g r a m s  f r o m  
t h e  c h e mi c al  lit e r at u r e  t o  g e n e r at e  t r ai ni n g  d at a,  w e  
d e ci d e d  t o  u s e  st r u ct u r e  di a g r a m  g e n e r at o r s  ( S D G)  
li k e  t h e  o n e  f o u n d  i n  t h e  C h e mi st r y  D e v el o p m e nt  
Kit  ( C D K)  [ 1 6 ]  t o  g e n e r at e  a  p ot e nti all y  u nli mit e d  
a m o u nt of t r ai ni n g d at a. fii s t y p e of t r ai ni n g d at a c a n 
b e a c c o m m o d at e d t o b e c o m e m o r e r e ali sti c a n d c o m -
p a r a bl e  t o  t h e  v a r yi n g  pi ct u r e  q u alit y  i n  t h e  c h e mi c al 
lite r a t u r e  b y  u si n g  i m a g e  m a ni p ul ati o n  s u c h  a s  bl u r-
ri n g, a d di n g n oi s e, et c. A s a s o u r c e of i n p ut st r u ct u r e s 
fo r t h e C D K S D G, w e t u r n e d t o P u b C h e m [ 1 7 ], o n e of 
t h e l a r g e st d at a b a s e s of o r g a ni c m ol e c ul e s. fi e f oll o w -
i n g r ul e s w e r e u s e d t o c u r at e t h e P u b c h e m d at a f o r o u r 
w o r k  p r e s e nt e d  h e r e  (i n  f ut u r e  v e r si o n s  of  t hi s  d e e p  
N N, t h e s e r ul e s mi g ht b e r el a x e d):

• M ol e c ul es m ust,
• H a v e a m ol e c ul ar w ei g ht of f e w er t h a n 1 5 0 0 D alt o ns,
• N ot p o ss ess c o u nt er i o ns,
• O nl y c o n t ai n t h e el e m e nt s C, H, O, N, P, S, F, Cl, Br, I, 

S e a n d B,

• N ot c o n t ai n is ot o p es of H y dr o g e ns ( D, T),
• H a v e 5 – 4 0 b o n ds,
• N ot c o n t ai n a n y c h ar g e d gr o u ps,
• O nl y c o n t ai n i m pli cit h y dr o g e ns, e x c e pt i n f u n cti o n al 

gr o u ps,
• H a v e l ess t h a n 4 0 S MI L E S c h ar a ct ers.

Th e  g e n er ati o n  of  m ol e c ul ar  bit m a p  i m a g e s  f r o m  
c h e mi c al  g r a p hs  w a s  p erf or m e d  u si n g  t h e  C D K  S D G,  
w hi c h  g e n er at e s  pr o d u cti o n  q u alit y  2 D  d e pi cti o ns  t o  
f e e d t h e d e e p l e ar ni n g al g orit h m. O n e r a n d o m r ot ati o n 
f or  e a c h  m ol e c ul e  w a s  u s e d.  N o  f urt h er  m o di fi c ati o ns,  
s u c h a s t h e a d diti o n of n oi s e, w er e a p pli e d. Th e s e t y p e s of 
m o di fi c ati o ns will b e e x pl or e d o n c e a m at ur e m o d el h a s 
b e e n r e a c h e d.

Th e  t e xt  d at a  u s e d  h er e  w er e  S MI L E S  [ 1 8 ]  stri n g s,  
w hi c h  w er e  e n c o d e d  i nt o  di ff er e nt  f or m at s,  r e g ul ar  
S MI L E S, D e e p S MI L E S [ 1 9 ] a n d S E L FI E S [2 0 ], t o t e st t h e 
d e p e n d e n c y  of  t h e  l e ar ni n g  s u c c e ss  o n  t h e  d at a  r e pr e -
s e nt ati o n. Th e s e d at a s et s w er e u s e d i n di ff er e nt tr ai ni n g 
m o d e l s i n or d er t o e v al u at e t h eir p erf or m a n c e f or o ur u s e 
c a s e. Wit h t w o d at a s et si z e s, w e c o n fir m e d t h e s u p eri or -
it y of t h e D e e p S MI L E S o v er t h e S MI L E S r e pr e s e nt ati o n 
a n d c o n ti n u e d t o u s e D e e p S MI L E S e x cl u si v el y.

F or o ur m o d el ( Fi g.  3 ), w e e m pl o y e d a n a ut o e n c o d er-
b a s e d  n et w or k  wit h  Te ns or Fl o w  2. 0  [ 2 1 ]  at  t h e  b a c k-
e n d. Thi s ki n d of n et w or k r ef ers t o t h e m o d el d e si g n e d 
b y X u e t  al. [2 2 ], i n t h eir w or k o n S h o w, Att e n d a n d Tell, 
w h er e t h e y d e m o nstr at e a hi g h er a c c ur a c y f or a n I m a g e 
c a pti o n  g e n er ati o n  s y st e m  wit h  t h e  att e nti o n  m e c h a -
ni s m. Th e Te ns or Fl o w t e a m u s e d t h e s e r e s ult s f or t h eir 

Fi g.  2  C h e mi c al i m a g e t o S MI L E S tr a nsl ati o n usi n g D E CI M E R
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i m pl e m e nt ati o n  of  S h o w,  Att e n d  a n d  Tell,  p u bli s h e d  at  
[2 3 ], w hi c h i s u s e d u n alt er e d b y u s. Th eir e n c o d er n et-
w or k i s a c o n v ol uti o n al N N ( C N N), w hi c h c o nsi st s of a 
si n g l e full y c o n n e ct e d l a y er a n d a R E L U a cti v ati o n f u n c -
ti o n.  fi eir  d e c o d er  n et w or k  i s  a  r e c urr e nt  N N  ( R N N),  
c o nsi sti n g of a g at e d r e c urr e nt u nit ( G R U) a n d t w o f ull y 
c o n n e ct e d l a y ers. Th e s oft att e nti o n m e c h a ni s m u s e d i n 
[2 3 ] w a s i ntr o d u c e d b y B a h d a n a u et  al. [2 4 ].

We tr ai n e d t h e m o d el wit h D e e p S MI L E S t e xt u al d at a 
a n d t h e c orr e s p o n di n g bit m a p of t h e c h e mi c al di a g r a m. 
ffi e  t e xt  fil e  i s  r e a d  b y  t h e  m o d el,  t h e  D e e p S MI L E S  i s  
t o k e ni z e d  b y  t h e  t o k e ni z er,  a n d  t h e  u ni q u e  t o k e ns  ar e  
st or e d. fi e i m a g e s ar e c o n v ert e d i nt o f e at ur e v e ct ors b y 
u si n g t h e u n alt er e d I n c e pti o n V 3 [ 2 5 ] m o d el a n d s a v e d a s 
N u m P y arr a y s.

Th e m o d el a c c ur a c y i s d et er mi n e d b y t h e a v er a g e of all 
t h e c al c ul at e d Ta ni m ot o si mil arit y s c or e s a s w ell a s t h e 
n u m b er of Ta ni m ot o 1. 0 hit s. fi e Ta ni m ot o c o e Th ci e nt 
i s  s u p eri or  t o  si m pl e  str u ct ur e  i s o m or p hi s m  b e c a u s e  it  
yi el d s  t h e  i m pr o v e m e nt  of  t h e  r e c o g niti o n  e v e n  w h e n  
i d e ntit y i s n ot ( y et) r e a c h e d, a n d wit h a l o w d e g e n er a c y 
fi n g er pri nt  s u c h  a s  t h e  P u b c h e m  Th n g er pri nt  u s e d  h er e,  
t h e Ta ni m ot o 1. 0 i s al m o st i d e nti c al t o t h e m or e ri g or o u s 
str u ct ur e i s o m or p hi s m.

I niti all y, w e tr ai n e d m ulti pl e m o d el s wit h s m all tr ai n-
i n g d at a s et s t o o bt ai n t h e b e st h y p er- p ar a m et ers f or o ur 
n e t w ork.  E x pl or ati o n  of  t h e  h y p er p ar a m et er  s p a c e  l e d  
t o  6 4 0  i m a g e s  p er  b at c h  si z e,  wit h  e m b e d di n g  di m e n-
si o n si z e of 6 0 0 f or t h e i m a g e s, w hi c h w e d e pi ct e d o n a 
2 9 9   2 9 9 c a n v a s si z e t o m at c h t h e I n c e pti o n V 3 m o d el. 

Fi g.  3  S c h e m a of t h e D E CI M E R w or k ff o w
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We u s e d a n A d a m o pti mi z er wit h a l e ar ni n g r at e 0. 0 0 0 5 
a n d  S p ars e  C at e g ori c al  Cr o ss  e ntr o p y  t o  c al c ul at e  t h e  
l o ss. We tr ai n e d all t h e m o d el s f or 2 5 e p o c hs, w hi c h t y pi-
c all y l e d t o c o n v er g e n c e. O n c e t h e m o d el s c o n v er g e d, w e 
st ar te d t h e e v al u ati o n of t h e t e st s et.

Th e  m o d el s  w er e  tr ai n e d  o n  a n  i n h o u s e  s er v er  
e q ui p p e d  wit h  a n  n Vi di a  Te sl a  V 1 0 0  Gr a p hi c s  C ar d,  
3 8 4   G B  of  R A M  a n d  t w o  I nt el( R)  X e o n( R)  G ol d  6 2 3 0  
C P Us. E v e n t h o u g h t h e tr ai ni n g e ntir el y h a p p e ns o n t h e 
G P U, t h e i niti al d at a s et pr e p ar ati o n w a s C P U- b a s e d.

Tr ai ni n g ti m e o b vi o u sl y s c al e s wit h d at a si z e ( Ta bl e  1 , 
Fi g.  4 ). M o d el s u c c e ss w a s e v al u at e d wit h a n i n d e p e n d e nt 
t e st d at a s et. D uri n g t h e pr e p ar ati o n of t hi s m a n u s cri pt, 
i niti al  e x p eri m e nt s  wit h  p ar all el  tr ai ni n g  i n di c at e d  t h at  
s c ali n g w a s n ot s ati sf a ct or y b e y o n d 2 or 3 G P Us.

H er e  w e  r e p ort  o ur  r e s ult s  f or  tr ai ni n g  d at a  si z e s  
b et w e e n 5 4, 0 0 0 a n d 1 5, 0 0 0, 0 0 0 str u ct ur e s, wit h t h e l ar g -
e st  tr ai ni n g  d at a  s et  t a ki n g  2 7  d a y s  t o  c o n v er g e  o n  t h e  
h ar d w ar e r e p ort e d a b o v e ( Ta bl e  1 , Fi g. 4 ). Fi g ur e s  5  a n d 
6  s h o w  t h e  g r o wt h  of  t h e  a c c ur a c y  of  pr e di cti o ns  wit h  
i n cr e a si n g tr ai n d at a si z e.

Tr ai ni n g  s u c c e ss  w a s  d et er mi n e d  wit h  a  n u m b er  of  
i n di c at ors ( Fi g s. 5  a n d 6 ), s u c h a s t h e p er c e nt a g e of Ta ni-
m ot o  1. 0  pr e di cti o ns,  t h e  a v er a g e  Ta ni m ot o  si mil arit y  
of all pr e di cti o ns, a n d t h e p er c e nt a g e of i n v ali d S MI L E S 
pr o d u c e d b y t h e m o d el. Fi g ur e  5 a d e m o nstr at e s t h at t h e 
m o d el’s a bilit y t o pr o d u c e v ali d S MI L E S a n d a v oi d i n v a -
li d  o n e s  st e e pl y  i n cr e a s e s  wit h  l ar g er  tr ai ni n g  d at a s et s.  
fi e  s a m e  c a n  b e  o b s er v e d  f or  t h e  t w o  k e y  p ar a m et ers  
of t hi s a p pli c ati o n, t h e a v er a g e Ta ni m ot o si mil arit y a n d 
t h e Ta ni m ot o 1. 0 p er c e nt a g e, w hi c h i n di c at e t h e Tht n e ss 

of t h e m o d el t o a c c ur at el y g e n er at e a m a c hi n e-r e a d a bl e 
str u ct ur e f r o m a bit m a p of a c h e mi c al di a g r a m. We s h o w 
h er e t h at t h e si mil arit y of pr e di ct e d c h e mi c al g r a p hs t o 
t h e  c orr e ct  c h e mi c al  g r a p h  b e c o m e s  c o nst a ntl y  b et-
t er wit h m or e tr ai ni n g d at a. W hil e w e r e g ul arl y o p er at e 
w ith t h e c h e mi c al p ar a di g m t h at si mil ar str u ct ur e s h a v e 
si mil ar  pr o p erti e s  a n d  t h er ef or e  i n cr e a si n g  str u ct ur e  
si mil arit y  w o ul d  c o n v e y  i n cr e a si n g  si mil arit y  of  i n h er -
e nt pr o p erti e s, w e c h o s e t o c o n ffir m t h at t hi s w o ul d h ol d 
i n  o ur  ap pli c a ti o n  c a s e.  We  t h er ef or e  f urt h er  e v al u at e d  
t h e m o d el s’ s u c c e ss wit h a d diti o n al d e s cri pt ors s u c h a s 
L o g P or ri n g c o u nt b et w e e n ori gi n al a n d t h e pr e di ct e d 
S MI L E S,  w hi c h  i n di c at e s  t h at  t h e  m o d el  c o nsi st e ntl y  
pr o d u c e s b ett er a n d b ett er m a c hi n e r e pr e s e nt ati o ns wit h 
g r o wi n g  tr ai ni n g  d at a  si z e.  fi e  i m pr o v e m e nt s  d o  n ot  
s e e m t o c o n v er g e pr e m at ur el y.

I n  or d er  t o  a ss e ss  t h e  pr o mi s e  of  t h e s e  pr eli mi n ar y  
r e s ult s, w e p erf or m e d a n i d e ali sti c li n e ar e xtr a p ol ati o n of 
o ur d at a t o w ar d l ar g er tr ai ni n g d at a si z e s, w hi c h i n di c at e 
t h at  cl o s e-t o- p erf e ct  d et e cti o n  of  c h e mi c al  str u ct ur e s  
w o ul d r e q uir e tr ai ni n g d at a si z e s wit h 5 0 t o 1 0 0   milli o n 
str u ct ur e s. S u c h a tr ai ni n g d at a v ol u m e will li k el y r e q uir e 
a tr ai ni n g ti m e of 4  m o nt hs wit h o ur s et u p wit h a si n gl e 
G P U.  We  ar e  c urr e ntl y  e x p eri m e nti n g  wit h  t h e  di stri b -
ut e d l e ar ni n g s ol uti o n c urr e ntl y a v ail a bl e i n t h e Te ns or -
fi o w  2. 0  A PI  t o  r e d u c e  t hi s  tr ai ni n g  ti m e  si g ni Th c a ntl y,  
al s o e v al u ati n g G o o gl e’s Te ns or Pr o c e ssi n g U nit s ( T P U).

T a bl e  1  D at a s et si z e s u s e d i n t hi s w or k wit h c orr e s p o n di n g c o m p uti n g ti m e s

T h e ti m e f or tr ai ni n g t h e m o d el wit h 1 5 milli o n str u ct ur e s c orr e s p o n d s t o a p pr o xi m at el y a m o nt h o n a si n gl e T e sl a V 1 0 0 G P U

D at a s et i n d e x Tr ai n d at a si z e T e st d at a si z e A vr g. ti m e/ e p o c h ( s) Ti m e f or 2 5 
e p o c h s ( s)

1 5 4, 0 0 0 6 0 0 0 9 4. 3 2 2 3 5 8

2 9 0, 0 0 0 1 0, 0 0 0 1 5 9. 8 8 3 9 9 7

3 4 5 0, 0 0 0 5 0, 0 0 0 8 8 0. 6 2 2, 0 1 5

4 9 0 0, 0 0 0 1 0 0, 0 0 0 2 8 3 1. 8 7 0, 7 9 5

5 1, 8 0 0, 0 0 0 2 0 0, 0 0 0 7 2 3 9. 2 8 1 8 0, 9 8 2

6 2, 7 0 0, 0 0 0 3 0 0, 0 0 0 1 1, 9 6 4. 7 2 2 9 9, 1 1 8

7 4, 0 5 0, 0 0 0 4 5 0, 0 0 0 1 7, 4 9 5. 1 2 4 3 7, 3 7 8

8 5, 8 5 0, 0 0 0 6 5 0, 0 0 0 2 5, 7 0 2 6 4 2, 5 5 0

9 7, 2 0 0, 0 0 0 8 0 0, 0 0 0 3 2, 9 2 6. 8 8 2 3, 1 7 0

1 0 8, 9 6 9, 7 5 1 9 9 6, 6 3 9 4 1, 6 5 2. 2 4 1, 0 4 1, 3 0 6

1 1 1 2, 6 0 0, 0 0 0 1, 4 0 0, 0 0 0 6 4, 9 0 9. 2 8 1, 6 2 2, 7 3 2

1 2 1 5, 1 0 2, 0 0 0 1, 6 7 8, 0 0 0 9 1, 8 8 0. 8 4 2, 2 9 7, 0 2 1
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C o n cl u si o n s
H er e  w e  h a v e  pr e s e nt e d  pr eli mi n ar y  r e s ult s  i n di c at -
i n g t h at a s h o w- a n d-t ell d e e p n e ur al n et w or k s et u p h a s 
th e  p ot e nti al  t o  s u c c e ssf ull y  e xtr a ct  a  m a c hi n e-r e a d a -
bl e  str u ct ur e  r e pr e s e nt ati o n  w h e n  tr ai n e d  wit h  t e ns  of  
milli o ns  of  e x a m pl e s.  Th e  tr ai ni n g  s et u p  m a k e s  mi ni -
m al  a ss u m pti o ns  a b o ut  t h e  pr o bl e m.  Tr ai ni n g  s u c c e ss  
d e p e n d e d o n t h e i n p ut d at a r e pr e s e nt ati o n. D e e p S MI L E S 
w er e  s u p eri or  o v er  S MI L E S  a n d  w e  h a v e  t h e  pr eli mi -
n ar y  i n di c ati o n  t h at  t h e  r e c e ntl y  r e p ort e d  S E L FI E S  

o ut p erf or m  D e e p S MI L E S.  F or  e x a m pl e,  f or  a  tr ai ni n g  
d at a si z e of 6 Mi o i m a g e s, w e o bt ai n e d a n a v er a g e Ta ni -
m ot o si mil arit y of 0. 5 3 wit h D e e p S MI L E S a n d 0. 7 8 wit h 
S E L FI E S. A n e xtr a p ol ati o n of o ur r e s ult s t o w ar d s l ar g er 
tr ai ni n g  d at a  si z e s  s u g g e st s  t h at  w e  mi g ht  b e  a bl e  t o  
a c hi e v e n e ar- a c c ur at e pr e di cti o n wit h 5 0 t o 1 0 0   milli o n 
tr ai ni n g  str u ct ur e s.  S u c h  tr ai ni n g  c a n  b e  c o m pl et e d  i n  
u n c o mf ort a bl e b ut f e a si bl e ti m e s p a ns of s e v er al m o nt hs 
o n a si n gl e G P U.

Fi g.  4  A v er a g e ti m e s p e nt o n tr ai ni n g e a c h e p o c h wit h i n cr e asi n g d at as et si z e
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O ur  w or k  i s  e ntir el y  b a s e d  o n  o p e n- s o ur c e  s oft w ar e  
a n d o p e n d at a a n d i s a v ail a bl e t o t h e g e n er al p u bli c f or 
a n y p ur p o s e.

W e a r e c u r r e ntl y m o vi n g t o w a r d s l a r g e r t r ai ni n g s et s 
wit h t h e u s e of p a r all eli z ati o n a n d m o r e p o w e rf ul h a r d -
w a r e a n d h o p e t o r e p o rt t h e r e s ult s i n a f ull p a p e r o n 
thi s w o r k i n d u e ti m e.

Fi g.  5  D e v el o p m e nt of tr ai ni n g s u c c ess i n di c at ors wit h i n cr e asi n g tr ai n d at a si z e. a  I m pr o v e d l e ar ni n g of t h e S MI L E S s y nt a x wit h gr o wi n g tr ai ni n g 
d at a si z e. T h e p er c e nt a g es of v ali d a n d i n v ali d S MI L E S a d d u p t o 1 0 0 %. T h e d at as et i n d e x r ef ers t o T a bl e  1 . b  A v er a g e T a ni m ot o si mil arit y (ri g ht, 
or a n g e) a n d p er c e nt a g e of str u ct ur es wit h T a ni m ot o 1. 0 si mil arit y (l eft, bl u e) of v ali d S MI L E S pr e di cti o ns f or t h e tr ai ni n g d at a. T h e d at as et i n d e x 
r ef ers t o T a bl e 1 . c  Li n e ar e xtr a p ol ati o n o n t h e pr e di ct e d r es ults f or e c asti n g t h e a c hi e v a bl e a c c ur a c y wit h m or e d at a. T h e li n e ar tr e n d is o nl y us e d 
t o i n di c at e t h e or d er of m a g nit u d e of tr ai ni n g d at a, w hi c h w o ul d b e n e c ess ar y f or a s u c c essf ul str u ct ur e pr e di cti o n n e ar p erf e cti o n —t h e s k et c h e d 
li n e ar gr o wt h will, of c o urs e, i n e vit a bl y cr oss o v er i nt o a s at ur ati o n c ur v e wit h i n cr e asi n g tr ai ni n g s et si z e
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Fi g.  6  Distri b uti o n of T a ni m ot o- Si mil arit y b et w e e n t h e tr ai ni n g str u ct ur es a n d t h e str u ct ur e r e c o g nis e d b y D E CI M E R. Y- a xis: fr e q u e n c y of m ol e c ul es 
i n p erc e nt a g e, x- a xis: T a ni m ot o si mil arit y r a n g e i n bi ns
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a d a pt ati o n, distri b uti o n a n d r e pr o d u cti o n i n a n y m e di u m or f or m at, as l o n g as y o u gi v e a p pr o pri at e cr e dit t o t h e ori gi n al a ut h or(s) a n d 
t h e s o ur c e, pr o vi d e a li n k t o t h e Cr e ati v e C o m m o ns li c e n c e, a n d i n di c at e if c h a n g es w er e m a d e. T h e i m a g es or ot h er t hir d p art y m at eri al 
i n t his arti cl e ar e i n cl u d e d i n t h e arti cl e’s Cr e ati v e C o m m o ns li c e n c e, u nl ess i n di c at e d ot h er wis e i n a cr e dit li n e t o t h e m at eri al. If m at eri al 
is n ot i n cl u d e d i n t h e arti cl e’s Cr e ati v e C o m m o ns li c e n c e a n d y o ur i nt e n d e d us e is n ot p er mitt e d b y st at ut or y r e g ul ati o n or e x c e e ds t h e 
p er mitt e d us e, y o u will n e e d t o o bt ai n p er missi o n dir e ctl y fr o m t h e c o p yri g ht h ol d er. T o vi e w a c o p y of t his li c e n c e, visit htt p:// cr e at  i v e c o 
m m o ns  . or g/li c e n s es/ b y/ 4. 0/. T h e Cr e ati v e C o m m o ns P u bli c D o m ai n D e di c ati o n w ai v er (htt p:// cr e at  i v e c o m m o ns  . or g/ p u bli c d o m a  i n/
z er o/ 1. 0/) a p pli es t o t h e d at a m a d e a v ail a bl e i n t his arti cl e, u nl ess ot h er wis e st at e d i n a cr e dit li n e t o t h e d at a.

Th e c o m p ari s o n of m ol e c ul e s li e s at t h e h e art of c h e mi n -
f or m ati c s f r o m it s b e gi n ni n g s wit h m ol e c ul ar c o m p ar a-
ti v e st u di e s a d dr e ssi n g a wi d e r a n g e of r e s e ar c h a cti viti e s 
[1 ]. A v ari et y of m ol e c ul ar c o m p ari s o ns m a y b e c o m p ut a-
ti o n all y p erf or m e d wit h o p e n c h e mi nf or m ati c s li br ari e s 
li ke R D Kit [ 2 ], I n di g o [3 ] or C D K [4 – 8 ] dri v e n b y a p pr o-
pri at e  s cri pti n g  s ol uti o ns  ( w hi c h  r e q uir e  pr o g r a m mi n g  
skill s) or wit h o p e n ri c h- cli e nt a p pli c ati o ns li k e D at a War -
ri or [9 , 1 0 ] or S c a ff ol d H u nt er [1 1 – 1 3 ] ( w hi c h ar e a c c e s-
si bl e t o s ci e nti fi c e n d- u s ers). H alf w a y b et w e e n s cri pti n g 
s ol uti o ns a n d ri c h- cli e nt s t h er e ar e pi p eli ni n g- w or k fl o w 
s y st e ms  li k e  t h e  o p e n  a n al yti c s  pl atf or m  K NI M E  [ 1 4 , 
1 5 ] t h at o ff er s p e ci fi c w or k er n o d e s — w hi c h t h e ms el v e s 
m a y b e b a s e d o n o p e n c h e mi nf or m ati c s li br ari e s li k e t h e 
R D Kit [ 1 6 ], I n di g o [1 7 ] or C D K [1 8 ] n o d e s f or K NI M E —
t h at  c a n  b e  fl e xi bl y  c o n n e ct e d  t o  c o nstr u ct  a ut o m at e d  
m ol e c ul e c o m p ari s o n w or k fl o w s w h er e t h e n o d e c o m p o -
siti o n i s c o mf ort a bl y s u p p ort e d b y a g r a p hi c al e dit or.

B e si d e s t h e f r e q u e nt u s e c a s e s, w hi c h ar e alr e a d y c o v -
er e d  b y  a v ail a bl e  s ol uti o ns,  c urr e nt  m a c hi n e  l e ar ni n g  
ta s k s m a k e d e m a n d s o n d e di c at e d m ol e c ul e-t o- m ol e c ul e 
c o m p ari s o ns,  w hi c h  h a v e  t o  b e  a d dr e ss e d  b y  n e w  s p e -
ci fi c  a p pli c ati o ns  t o  e ff e cti v el y  s u p p ort  c orr e s p o n di n g  
re s e ar c h a cti viti e s.

“I nt elli g e nt”  m ol e c ul ar  r e c o g niti o n  s y st e ms  b a s e d  o n  
n e w d e e p l e ar ni n g a p pr o a c h e s i n c h e mi nf or m ati c s tr y t o 
pr e di ct a m ol e c ul e i n q u e sti o n (t h e s y st e m’s o ut p ut) f r o m 
a s p e ci fi c m ol e c ul ar r e pr e s e nt ati o n (t h e s y st e m’s i n p ut), 
w h er e t h e i n p ut r e pr e s e nt ati o n of t h e d e sir e d m ol e c ul e 
m a y b e a s et of it s m ol e c ul ar f e at ur e s, a pi x el i m a g e of 
t h e m ol e c ul e’s 2 D str u ct ur e or a n y ot h er e n c o di n g t h at 
r el at e s t o t h e ori gi n al m ol e c ul e. T o a ss e ss t h e pr e di cti v e 
p o w er of a m ol e c ul ar r e c o g niti o n s y st e m, t h e pr e di ct e d 
m ol e c ul e s  h a v e  t o  b e  c o m pr e h e nsi v el y  c o m p ar e d  wit h  
t h eir  c orr e s p o n di n g  ori gi n al  m ol e c ul e s  t h at  w er e  u s e d  
t o  cr e at e  t h e  m ol e c ul ar  r e pr e s e nt ati o n  f or  t h e  s y st e m’s  
i n p ut.  F or  t h e s e  c o m p ari s o ns  a  fi n g er pri nt  b a s e d  Ta ni-
m ot o si mil arit y b et w e e n ori gi n al a n d pr e di ct e d m ol e c ul e 
m a y b e u s e d or t h e di ff er e n c e of t h eir at o m/ri n g c o u nt s 
m a y b e c al c ul at e d. Al s o di ff er e n c e s r e g ar di n g t h eir p h y s -
i c o- c h e mi c al pr o p erti e s li k e l o g P m a y b e of i nt er e st. F or 
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J o u r n al of C h e mi nf o r m ati c s
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l ar g e s et s of ori gi n al a n d c orr e s p o n di n g pr e di ct e d m ol-
e c ul e s t h e s e si mil arit y or di Th er e n c e v al u e s m a y b e n e atl y 
s u m m ar iz e d b y f r e q u e n c y hi st o g r a ms w hi c h t h e n all o w 
f or  a  v ers atil e  a n d  f a st  a ss e ss m e nt  of  t h e  r e c o g niti o n  
a biliti e s of t h e m a c hi n e wit h r e g ar d t o t h e s el e ct e d c o m -
p ar at or. fi e n e w M ol e c ul e S et C o m p ar at or ( M S C) a p pli -
c ati o n f o c u s e s o n t h e s e c o m p ari s o ns a n d ai ms t o all e vi at e 
th e m.

M S C  i s  a  J a v a  ri c h- cli e nt  e n d- u s er  a p pli c ati o n  w hi c h  
ar c hit e ct ur all y f oll o w s a M o d el- Vi e w- C o ntr oll er ( M V C) 
p att er n  [ 1 9 ]  a n d  utili z e s  J a v a F X  [2 0 ]  f or  g r a p hi c al  u s er  
i nt erf a c e ( G UI) d e si g n a n d c h arti n g. All m ol e c ul ar o p er a-
ti o ns ar e p erf or m e d wit h t h e C h e mi str y D e v el o p m e nt Kit 
( CD K) [ 4 – 8 ]. Gr a p hi c al i m a g e g e n er ati o n i s r e ali z e d wit h 
t h e P D F B o x li br ar y [2 1 ] a n d t h e B ati k S V G t o ol kit [2 2 ].

Fi g ur e  1  s h o w s  t h e  M S C  i n p ut  vi e w  wit h  m ol e c ul e  
s et s  a n d  c o m p ar ati v e  c h e mi c al  d e s cri pt or  s el e cti o n.  
S u p p ort e d  m ol e c ul e  s et  f or m at s  ar e  S MI L E S  or  S D F  
t e xt Thl e s. ffi e first s et of m ol e c ul e s ( e. g. a t e xt fil e wit h 
a si n gl e S MI L E S stri n g i n e a c h li n e) s h o ul d c o nt ai n t h e 
ori gi n al m ol e c ul e s f r o m w hi c h s p e ci Th c m ol e c ul ar r e pr e -
s e nt ati o ns h a v e b e e n d eri v e d t o b e u s e d a s i n p ut f or t h e 
m ol e c ul ar r e c o g niti o n s y st e m. fi e s e c o n d m ol e c ul e s et 

s h o ul d c o nt ai n t h e m ol e c ul e s pr e di ct e d b y t h e m ol e c ul ar 
r e c o g niti o n s y st e m at a c orr e s p o n di n g p o siti o n (i. e. t h e 
S MI L E S stri n g of t h e pr e di ct e d m ol e c ul e m u st b e o n t h e 
s a m e li n e a s it s ori gi n al m ol e c ul e i n t h e Thrst s et of m ol -
e c ul e s). It s h o ul d b e n ot e d t h at t h e or d er of t h e t w o m ol -
e c ul e s et s t o b e s p e ci fi e d d o e s n ot a Th e ct t h e s u b s e q u e nt 
c o m p ar ati v e e v al u ati o ns si n c e t h e s e r el y o n a b s ol ut e m ol -
e c ul e- p air pr o p erti e s o nl y, i. e. t h e m ol e c ul e s et s c o ul d b e 
m ut u all y i nt er c h a n g e d wit h o ut a n y e ff e ct.

Th e  a v ail a bl e  d e s cri pt ors  f or  ori gi n al/ pr e di ct e d  m ol -
e c ul e c o m p ari s o n ar e s u m m ari z e d i n Ta bl e  1 . ff e Ta ni -
m ot o  si mil arit y  dir e ctl y  r ef ers  t o  a n  ori gi n al/ pr e di ct e d  
m ol e c ul e  p air,  f or  all  ot h er  n u m eri c al  d e s cri pt ors  t h e  
a b s ol ut e  di fi er e n c e  b et w e e n  t h e  d e s cri pt or  v al u e  of  t h e  
ori gi n al  a n d  t h e  pr e di ct e d  m ol e c ul e  i s  c al c ul at e d.  Th e  
r e s ulti n g  Ta ni m ot o  si mil ariti e s  a n d  a b s ol ut e  d e s cri pt or  
v al u e di Th er e n c e s of t h e ori gi n al/ pr e di ct e d m ol e c ul e p airs 
ar e t h e n u s e d f or t h e p arti c ul ar hi st o g r a m bi n ni n g s i n t h e 
f oll o wi n g. 

Th e  M S C  i n p ut  vi e w  all o w s  t h e  c o n c urr e nt  s el e cti o n  
of  m ulti pl e  d e s cri pt ors  f or  ori gi n al/ pr e di ct e d  m ol e c ul e  
c o m p ari s o ns.  A  c o m p ar ati v e  hi st o g r a m  c h art  i s  t h e n  
g e n er at e d f or e a c h s el e ct e d d e s cri pt or (s e e Fi g.  2 ): e a c h 

Fig.  1  M S C i n p ut vi e w wit h m ol e c ul e s ets s el e c ti o n a n d c o m p ar at or c h oi c e f or s u bs e q u e nt m ol e c ul e c o m p aris o ns
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hi st o g r a m c o nsi st s of a n u m b er of b ars w h er e e a c h b ar 
c o m pri s e s  a  s p e ci Th c  r a n g e  of  e v al u at e d  si mil arit y  or  
a b s ol ut e d e s cri pt or di fi er e n c e v al u e s: Th e h ei g ht of a b ar 
c orr e s p o n d s t o t h e n u m b er of m ol e c ul e p airs w h o s e si m -
il arit y/ a b s ol ut e d e s cri pt or di ffi er e n c e v al u e li e s wit hi n t h e 
b ar ’s v al u e r a n g e. fi e d ef a ult n u m b er of b ars i s 1 0 a n d 

t h e d ef a ult v al u e f or t h e l o w er b or d er of t h e first b ar a n d 
t h e u p p er b or d er of t h e l a st b ar ar e s et t o t h e mi ni m al 
a n d  m a xi m al  si mil arit y/ a b s ol ut e  d e s cri pt or  di Th er e n c e  
v al u e s r e s p e cti v el y.

Fi g u r e  2  d e pi ct s  t h e  c al c ul at e d  o ut p ut  vi e w  f o r  a  
J Pl o g P- d e s c ri pt o r- b a s e d  c o m p a ri s o n  a s  a n  e x a m pl e:  

Table  1  A vailable molecular descriptors fororiginal/predicted molecule comparison

Descriptor type Available descriptors inMSC

T a ni m ot o si mil arit y B asi c, LI N G O, E xt e n d e d, E -St at e, P u b C h e m, S h ort est P at h, S u bstr u ct ur e

At o m c o u nts All at o ms, C ar b o n, O x y g e n, S ul p h ur, Nitr o g e n, P h os p h or, Ar o m ati c at o ms, S pir o at o ms, C 1 S P 1, C 2 S P 1, C 1 S P 2, C 2 S P 2, 
C 3 S P 2, C 1 S P 3, C 2 S P 3, C 3 S P 3, C 4 S P 3

B o n d c o u nts All b o n ds, Ar o m ati c b o n ds, Si n gl e, D o u bl e, Tri pl e, Q u a dr u pl e, R ot at a bl e

Gr o u p c o u nts A ci di c gr o u ps, B asi c gr o u ps, All s m all ri n gs, Ar o m ati c ri n gs, Ri n gs of si z e 3 – 9, All ri n gs, H -b o n d a c c e pt ors, H -B o n d d o n ors

L o g P v al u es M a n n h ol d L o g P, J P L o g P, X L o g P, A L o g P, A L o g P 2

A ut o c orr el ati o n A T S c h ar g e, A T S m ass, A T S p ol ari z a bilit y

El e ctr o ni c d es cri pt ors  At o mi c p ol ari z a bilit y, B o n d p ol ari z a bilit y, Fr a cti o n al P S A, T o p ol o gi c al P S A, M ol ar r efr a cti vit y

Mis c ell a n e o us M ol e c ul ar w ei g ht, E c c e ntri c c o n n e cti vit y, F M F, S P 3 fr a cti o n, Fr a g m e nt c o m pl e xit y, 1 – 3. k a p p a s h a p e i n d e x, L ar g est pi 
s yst e m, L ar g est c h ai n, L o n g est ali p h ati c c h ai n, P etitj e a n n u m b er, P etitj e a n s h a p e i n d e x, V d W v ol u m e, V ert e x a dj a-
c e n c y, W ei g ht e d p at h d es cri pt or, Wi e n er p at h n u m b er, Wi e n er p ol arit y n u m b er, Z a gr e b i n d e x, E q u alit y

Fig.  2  O ut p ut vi e w wit h a n i nt er a cti v e c o m p ar ati v e hist o gr a m c h art. A hist o gr a m -b ar r el at e d m o d al wi n d o w (s e e arr o w) pr o vi d es d et ail e d 
i nf or m ati o n a b o ut t h e c orr es p o n di n g ori gi n al/ pr e di ct e d m ol e c ul e p airs
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Th e  n u m e ri c al  di fi e r e n c e s  b et w e e n  t h e  J Pl o g P  v al u e s  
of  all  o ri gi n al/ p r e di ct e d  m ol e c ul e  p ai r s  a r e  e v al u at e d  
a n d bi n n e d a c c o r di n g t o t h ei r a b s ol ut e di Th e r e n c e v al -
u e s i n o r d e r t o m at c h t h e s p e ci ffi e d n u m b e r of b a r s of 
th e  hi st o g r a m.  fi e  hi g h e st  l eft  b a r  c o nt ai n s  5 6. 9  %  of 
all  o r i gi n al/ p r e di ct e d  m ol e c ul e  p ai r s  w hi c h  h a v e  a n  
a b s ol ut e  J Pl o g P  di fi e r e n c e  v al u e  b et w e e n  0  a n d  0. 5,  
t h e s e c o n d n e xt l eft b a r c o nt ai n s 2 2. 5 % of all m ol e c ul e 
p ai r s  wit h  a n  a b s ol ut e  J Pl o g P  di Th e r e n c e  b et w e e n  0. 5  
a n d 1 et c. ( n ot e, t h at t h e bi n l a b el s d e s c ri b e t h e u p p e r 
bi n b o r d e r v al u e i n t hi s c a s e). F o r d o c u m e nt ati o n p u r -
p o s e s,  t h e  S u m m ari z e  b ut to n  ( s e e  Fi g.  2  t o p  l eft)  c a n 
b e  u s e d  t o  r et ri e v e  a  t e xt u al  s u m m a r y  c o nt ai ni n g  t h e 
c al c ul at e d r e s ult s t o g et h e r wit h s o m e of t h ei r st ati sti -
c al  c h a r a ct e ri sti c s  ( m e a n,  mi ni m u m  a n d  m a xi m u m  
v al u e). E a c h hi st o g r a m c h a rt c a n b e c o mf o rt a bl y c o n -
fi g u r e d wit h sli d e r s f o r l o w e r/ u p p e r b a r b o r d e r s o r a n 
i np ut Th e l d f o r d e fi niti o n of t h e d e si r e d n u m b e r of b a r s. 
I n a d diti o n, b a r b o r d e r s m a y b e a r bit r a ril y a dj u st e d vi a 
a  s e p a r at e  di al o g  ( s e e  Fi g.  3 ).  B a r  l a b el s  o r  t h e  y- a xi s  
r a n g e m a y al s o b e c h a n g e d o n-t h e- Th y a n d b a r s m a y b e 
l a b ell e d wit h t h ei r f r e q u e n ci e s. C h a rt s c a n b e e x p o rt e d 
i n a r bit r a ril y hi g h q u alit y t o di ff e r e nt g r a p hi c s f o r m at s 
( P N G, J P E G, P D F, o r S V G). F o r a n i nt e r a cti v e e x pl o r a-
ti o n of t h e o ri gi n al/ p r e di ct e d m ol e c ul e p ai r s b e hi n d a 
s p e ci Th c  b a r,  t hi s  b a r  m a y  b e  cli c k e d  t o  o p e n  a  m o d al 
wi n d o w  w hi c h  all o w s  f o r  n a vi g ati o n  t h r o u g h  all  t h e  

c o r r e s p o n di n g  o ri gi n al/ p r e di ct e d  m ol e c ul e  p ai r s  t h at  
s u m u p t o t h e b a r’s h ei g ht/f r e q u e n c y: F o r t h e di s pl a y e d 
m ol e c ul e p ai r i n Fi g.  2  t h e c o m p a ri s o n r e s ult, (i. e. t h e 
c al c ul at e d a b s ol ut e J Pl o g P di ff e r e n c e v al u e) i s 0. 4 8 8 9 1 
w h e r e  a d diti o n al  d e s c ri pt o r s  li k e  B asi c  o r  P u b C h e m 
fi n g e r p ri nt  m a y b e s el e ct e d a n d c al c ul at e d o n-t h e- Th y t o 
i n s p e ct f u rt h e r si mil a riti e s a n d di Th e r e n c e s. Th e m ol e c-
ul a r i m a g e s m a y al s o b e s a v e d a s P N G, J P E G, P D F, o r 
S V G fil e s. A c al c ul at e d o ut p ut vi e w c a n b e p e r m a n e ntl y 
s a v e d a n d r el o a d e d f o r l at e r u s e.

M S C o ff ers s e v er al pr ef er e n c e s etti n g s: D ef a ult o ut p ut 
dir e ct ori e s f or i m a g e s, m ol e c ul e li st s, s u m m ar y r e p ort s, 
c al c ul at e d r e s ult s, or a d ef a ult i n p ut dir e ct or y f or m ol -
e c ul e s et s. Al s o, t h e n u m b er of p ar all el t hr e a d s f or c o m -
p ar ati v e m ol e c ul e c al c ul ati o ns, t h e n u m b er of m ol e c ul e 
p airs f or M S C o ut p ut, t h e d ef a ult n u m b er of hi st o g r a m 
bi ns, or t h e i m a g e q u alit y c a n b e s p e ci fi e d. Pr ef er e n c e s 
ar e p er m a n e ntl y s a v e d a s a n X M L fil e i n t h e M S C _ Fil es  
dir e ct or y of t h e M S C st art dir e ct or y.

M S C  s u p p ort s  c o n c urr e nt  c al c ul ati o ns  vi a  t h e  P ar al -
l el  t hr e a ds pr ef er e n c e  w hi c h  m a y  c o nsi d er a bl y  r e d u c e  
c o m p uti n g  ti m e s.  F or  u p  t o  ei g ht  c o n c urr e nt  c al c ul a -
ti o n  t hr e a d s  M S C  p erf or ms  n e arl y  i n v ers el y  pr o p or-
ti o n al  t o  t h e  n u m b er  of  t hr e a d s  ( a c c el er ati o n  f a ct or  of  
7. 4 f or a n I n t el X e o n G ol d 6 2 5 4 1 8- c or e pr o c e ss or, o n a 
w or k st ati o n r u n ni n g wit h Wi n d o w s 1 0 Pr o f or W or k st a -
ti o ns, u si n g 2 5 6 gi g a b yt e s of R A M). Usi n g m or e t h a n 8 
thr e a d s still yi el d s i m pr o v e m e nt u p t o 1 6 t hr e a d s (f a ct or 
of 1 1. 9 o n t h e s a m e m a c hi n e). O n a v er a g e, a ( b a si c C D K 
fi n g er pri nt) Ta ni m ot o si mil arit y c o m p ari s o n of o n e mil -
li o n ori gi n al/ pr e di ct e d m ol e c ul e p airs u si n g 8 c al c ul ati o n 
thr e a d s a n d 1 6 gi g a b yt e s of R A M t a k e s l e ss t h a n 3  mi n.

Th e  M S C  Git H u b  r e p o sit or y  c o nt ai ns  t h e  c o m pl et e  
s o ur c e  c o d e,  all  u s e d  li br ari e s,  i nst all ati o n  i nstr u cti o ns  
f or all m aj or pl atf or ms, a Gr a dl e pr oj e ct f or N et b e a ns a s 
w ell a s s u p pl e m e nt ar y t ut ori al s f or i nst all ati o n, o v er vi e w 
a n d a p pli c ati o n.

Conclusions
M S C i s a v ers atil e a n d f a st e n d- u s er t o ol f or c o m p ari n g 
l ar g e m ol e c ul e s et s c o nt ai ni n g milli o ns of c h e mi c al str u c-
t ur e s. A s a ri c h cli e nt it d o e s n ot r e q uir e a n y pr o g r a m-
mi n g s kill s a n d r u ns o n all m aj or pl atf or ms ( Wi n d o w s, 
L i nu x, a n d M a c O S). A m aj or a p pli c ati o n ar e a i s t h e s u p -
p ort of m ol e c ul ar-r e c o g niti o n ori e nt e d m a c hi n e l e ar ni n g 
ta s k s t h at r e q uir e a l ar g e- s c al e a n d t h or o u g h c o m p ar ati v e 
a n al y si s  of  m ol e c ul ar  f e at ur e s:  Th e  M S C  t o ol  all o w s  t o  
r e pl a c e  t e di o u s  s cri pti n g  a p pr o a c h e s  wit h  c u m b ers o m e  
m a n u al  P D F  vi e w s  b y  f a st,  fl e xi bl e  a n d  c o m pr e h e nsi v e  
g r a p hi c al p oi nt- a n d- cli c k i ns p e cti o ns. I n a d diti o n t o s a v -
i n g  ti m e,  t h e  n e w  o p e n  t o ol  m a y  pr o vi d e  i nsi g ht s  t h at  
mi g h t h a v e b e e n o v erl o o k e d ot h er wi s e.Fig.  3  C o n g ur ati o n di al o g f or ar bitr ar y b ar b or d er d e niti o ns
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S O F T W A R E

D E CI M E R -S e g m e nt ati o n: A ut o m at e d 
e xtr a cti o n of  c h e mi c al str u ct ur e d e pi cti o n s 
fr o m  s ci e nti fi c lit er at ur e
K o h ul a n  R aj a n 1 † , H e n ni n g Ott o  Bri n k h a us 1 † , M ari a S or o ki n a 1 , A c hi m Zi el es n y 2  a n d C hrist o p h  St ei n b e c k 1*  

A b str a ct  

C h e mistr y l o o ks b a c k at m a n y d e c a d es of p u bli c ati o ns o n c h e mi c al c o m p o u n ds, t h eir str u ct ur es a n d pr o p erti es, 
i n s ci e nti fi c arti cl es. Li b er ati n g t his k n o wl e d g e (s e mi-) a ut o m ati c all y a n d m a ki n g it a v ail a bl e t o t h e w orl d i n o p e n-
a c c ess d at a b as es is a c urr e nt c h all e n g e. A p art fr o m mi ni n g t e xt u al i nf or m ati o n, O pti c al C h e mi c al Str u ct ur e R e c o g ni-
ti o n ( O C S R), t h e tr a nsl ati o n of a n i m a g e of a c h e mi c al str u ct ur e i nt o a m a c hi n e-r e a d a bl e r e pr es e nt ati o n, is p art of 
t his w or k fl o w. As t h e O C S R pr o c ess r e q uir es a n i m a g e c o nt ai ni n g a c h e mi c al str u ct ur e, t h er e is a n e e d f or a p u bli cl y 
a v ail a bl e t o ol t h at a ut o m ati c all y r e c o g ni z es a n d s e g m e nts c h e mi c al str u ct ur e d e pi cti o ns fr o m s ci e nti fi c p u bli c ati o ns. 
T his is es p e ci all y i m p ort a nt f or ol d er d o c u m e nts w hi c h ar e o nl y a v ail a bl e as s c a n n e d p a g es. H er e, w e pr es e nt D E CI-
M E R ( D e e p l E ar ni n g f or C h e mi c al I M a g E R e c o g niti o n) S e g m e nt ati o n , t h e first o p e n-s o ur c e, d e e p l e ar ni n g- b as e d t o ol f or 
a ut o m at e d r e c o g niti o n a n d s e g m e nt ati o n of c h e mi c al str u ct ur es fr o m t h e s ci e nti fi c lit er at ur e. T h e w or k fl o w is di vi d e d 
i nt o t w o m ai n st a g es. D uri n g t h e d et e cti o n st e p, a d e e p l e ar ni n g m o d el r e c o g ni z es c h e mi c al str u ct ur e d e pi cti o ns 
a n d cr e at es m as ks w hi c h d e fi n e t h eir p ositi o ns o n t h e i n p ut p a g e. S u bs e q u e ntl y, p ot e nti all y i n c o m pl et e m as ks ar e 
e x p a n d e d i n a p ost- pr o c essi n g w or k fl o w. T h e p erf or m a n c e of D E CI M E R S e g m e nt ati o n h as b e e n m a n u all y e v al u at e d 
o n t hr e e s ets of p u bli c ati o ns fr o m di ff er e nt p u blis h ers. T h e a p pr o a c h o p er at es o n bit m a p i m a g es of j o ur n al p a g es t o 
b e a p pli c a bl e als o t o ol d er arti cl es b ef or e t h e i ntr o d u cti o n of v e ct or i m a g es i n P D Fs. B y m a ki n g t h e s o ur c e c o d e a n d 
t h e tr ai n e d m o d el p u bli cl y a v ail a bl e, w e h o p e t o c o ntri b ut e t o t h e d e v el o p m e nt of c o m pr e h e nsi v e c h e mi c al d at a 
e xtr a cti o n w or k fl o ws. I n or d er t o f a cilit at e a c c ess t o D E CI M E R S e g m e nt ati o n, w e als o d e v el o p e d a w e b a p pli c ati o n. 
T h e w e b a p pli c ati o n, a v ail a bl e at htt ps  :// d e ci m er. ai , l ets t h e us er u pl o a d a p df fil e a n d r etri e v e t h e s e g m e nt e d str u c-
t ur e d e pi cti o ns.

K e y w or d s:  D e e p l e ar ni n g, I m a g e S e g m e nt ati o n, O pti c al C h e mi c al Str u ct ur e R e c o g niti o n, N e ur al N et w or ks, C h e mi c al 
d at a e xtr a cti o n

© T h e A ut h or(s) 2 0 2 1. T his arti cl e is li c e ns e d u n d er a Cr e ati v e C o m m o ns Attri b uti o n 4. 0 I nt er n ati o n al Li c e ns e, w hi c h p er mits us e, s h ari n g, 
a d a pt ati o n, distri b uti o n a n d r e pr o d u cti o n i n a n y m e di u m or f or m at, as l o n g as y o u gi v e a p pr o pri at e cr e dit t o t h e ori gi n al a ut h or(s) a n d 
t h e s o ur c e, pr o vi d e a li n k t o t h e Cr e ati v e C o m m o ns li c e n c e, a n d i n di c at e if c h a n g es w er e m a d e. T h e i m a g es or ot h er t hir d p art y m at eri al 
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m m o ns  . or g/li c e n s es/ b y/ 4. 0/. T h e Cr e ati v e C o m m o ns P u bli c D o m ai n D e di c ati o n w ai v er (htt p:// cr e at  i v e c o m m o ns  . or g/ p u bli c d o m a  i n/
z er o/ 1. 0/) a p pli es t o t h e d at a m a d e a v ail a bl e i n t his arti cl e, u nl ess ot h er wis e st at e d i n a cr e dit li n e t o t h e d at a.

I ntr o d u cti o n
C h e mi c al  i nf or m ati o n  i s  c o m m u ni c at e d  a s  t e xt  a n d  
i m a g e s i n s ci e nti fi c p u bli c ati o ns [1 ]. Th e s e d at a f or m at s 
ar e  n ot  i ntri nsi c all y  m a c hi n e-r e a d a bl e  a n d  t h e  m a n u al  

e xtr a cti o n of c h e mi c al i nf or m ati o n f r o m t h e lit er at ur e i s 
a ti m e- c o ns u mi n g a n d err or- pr o n e pr o c e d ur e [ 2 ]. H e n c e, 
t h e  i n cr e a si n g  a m o u nt  of  c h e mi c al  i nf or m ati o n  b ei n g  
p u bli s h e d  cr e at e s  a  d e m a n d  f or  a ut o m at e d  c h e mi c al  
i nf or m ati o n e xtr a cti o n m et h o d s [3 ].

O v er  t h e  c o urs e  of  t h e  l a st  t hr e e  d e c a d e s,  t h er e  h a s  
b e e n  a n  a cti v e  d e v el o p m e nt  i n  t h e  fi el d  of  O pti c al  
C h e mi c al  Str u ct ur e  R e c o g niti o n  ( O C S R).  O C S R  i s  t h e  
tr a nsl ati o n  of  a n  i m a g e  of  a  c h e mi c al  str u ct ur e  i nt o  a  
m a c hi n e-r e a d a bl e  r e pr e s e nt ati o n  [ 4 ].  M o st  O C S R  t o ol s  
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J o u r n al of C h e mi nf o r m ati c s
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ar e o nl y c a p a bl e of pr o c e ssi n g i m a g e s wit h p ur e c h e mi -
c al  str u ct ur e  d e pi cti o ns.  C o ns e q u e ntl y,  a n  a ut o m at e d  
s e g m e nt ati o n  of  c h e mi c al  str u ct ur e s  f r o m  s urr o u n di n g  
d o c u m e nt i nf or m ati o n (t e xt, t a bl e s et c.) i s d e sir a bl e. Pr e -
vi o u s a p pr o a c h e s f or t hi s t a s k ar e bri e Th y d e s cri b e d i n t h e 
f oll o wi n g par a g r a p hs.

fi e o p e n- s o ur c e O C S R t o ol O S R A w a s p u bli s h e d wit h 
a r ul e- b a s e d p a g e s e g m e nt ati o n al g orit h m. Thi s m e c h a -
ni s m i d e nti ffi e s a c h e mi c al str u ct ur e d e pi cti o n b a s e d o n 
th e di m e nsi o ns of a r e ct a n g ul ar b o u n di n g b o x ar o u n d a 
r e gi o n of i nt er e st a n d t h e r ati o of bl a c k a n d w hit e pi x el s 
wit hi n t h e b o u n di n g b o x [ 5 ].

fi e  o p e n- s o ur c e  t o ol  C h e m S c h e m ati c R e s ol v er  ( C S R)  
i s  c a p a bl e  of  s e g m e nti n g  i m a g e s  w hi c h  o nl y  c o nt ai n  
l a b el s a n d c h e mi c al str u ct ur e d e pi cti o ns. fi e cl a ssi Th c a-
ti o n of o bj e ct s a s l a b el s or str u ct ur e d e pi cti o ns i s d o n e 
u si n g k - m e a ns cl u st eri n g b a s e d o n a c u st o m f e at ur e d e n -
sit y  m etri c.  If  t h e  p u bli c ati o n  i s  a v ail a bl e  a s  a  m ar k u p  
d o c u m e n t, t h e s e i m a g e s c a n b e e xtr a ct e d a ut o m ati c all y, 
s o  t h at  C S R  i s  c a p a bl e  of  pr o c e ssi n g  w h ol e  d o c u m e nt s  
[6 ]. N e v ert h el e ss, C S R i s i n c a p a bl e of h a n dli n g s c a n n e d 
p a g e s or i m a g e s w hi c h c o nt ai n ot h er o bj e ct s t h a n l a b el s 
a n d str u ct ur e d e pi cti o ns.

I n  2 0 1 9,  St a k er  et  al.  r e p ort e d  a  d e e p-l e ar ni n g- b a s e d  
O C S R t o ol w hi c h c o nt ai ns a s e g m e nt ati o n pr o c e d ur e [ 7 ]. 
O p p o s e d  t o  t h e  pr e vi o u sl y  m e nti o n e d  f e at ur e  d e nsit y-
b a s e d a p pr o a c h e s u s e d b y O S R A a n d C S R, t h e y tr ai n e d 
a  c o n v ol uti o n al  n e ur al  n et w or k  b a s e d  o n  t h e  U- N et  
ar c hit e ct ur e  [ 8 ]  t o  a d dr e ss  t h e  s e g m e nt ati o n  pr o bl e m.  
E v er y i m a g e i s pr o c e ss e d m ulti pl e ti m e s at di fi er e nt r e s o -
l uti o ns a n d t h e m a s k s g e n er at e d b y t h e m o d el ar e a v er-
a g e d. Th e m o d el w a s tr ai n e d o n a s e mi- s y nt h eti c d at a s et: 
O S R A w a s u s e d t o i d e ntif y b o u n di n g b o x e s of p ot e nti al 
c h e mi c al str u ct ur e d e pi cti o ns i n a n u ns p e ci fi e d a m o u nt 
of  p u bli c ati o ns  a n d  p at e nt s.  Th e s e  ar e a s  w er e  t h e n  c ut  
o ut of t h e ori gi n al d o c u m e nt s a n d r e pl a c e d wit h str u c -
t ur e s  f r o m  p u bli cl y  a v ail a bl e  d at a s et s.  D uri n g  tr ai ni n g,  
t h e i m a g es w ere r a n d o ml y m o di ff e d ( wit h e. g. bi n ari z a -
ti o n, bri g ht n e ss a dj u st m e nt s) f or d at a a u g m e nt ati o n p ur-
p o s e s. Th e s e g m e nt ati o n a c c ur a c y h a s n ot b e e n r e p ort e d 
i n d ep e n d e n tl y a n d t h e a c c ur a c y f or t h e w h ol e pr o c e ss of 
s e g m e nt ati o n a n d str u ct ur e r e s ol uti o n o n di ff er e nt tr ai n -
i n g d at a s et s h a s b e e n r e p ort e d t o b e b et w e e n 4 1 a n d 8 3 % 
[7 ]. Unf ort u n at el y, t h e a ut h ors h a v e n ot m a d e t h eir c o d e 
a n d t h e tr ai n e d m o d el s o p e nl y a v ail a bl e.

Wit h  t h e  D E CI M E R  [ 9 ]  pr oj e ct,  w e  ar e  c urr e ntl y  
w or ki n g  o n  t h e  d e v el o p m e nt  of  a n  o p e n- s o ur c e  pl at -
f or m  f or  t h e  a ut o m at e d  c h e mi c al  str u ct ur e  e xtr a cti o n  
f ro m pr i nt e d lit er at ur e. It ai ms at s e g m e nti n g all c h e mi-
c al str u ct ur e d e pi cti o ns f r o m a gi v e n s c a n n e d d o c u m e nt 
fr o m t h e pri nt e d s ci e nti fi c lit er at ur e a n d r e s ol vi n g t h eir 
i d e ntit y t o yi el d a m a c hi n e-r e a d a bl e pr e s e nt ati o n of t h e 
m ol e c ul e. H er e, w e pr e s e nt D E CI M E R S e g m e nt ati o n,  t h e 

Thrst  st e p  of  t h e  D E CI M E R  pr oj e ct  a n d  t h e  Thrst  o p e nl y  
a v ail a bl e  d e e p  l e ar ni n g  t o ol  f or  t h e  s e g m e nt ati o n  of  
c h e mi c al str u ct ur e d e pi cti o ns f r o m s c a n n e d w h ol e- p a g e 
d o c u m e nt s. P ers p e cti v el y, t h e s e g m e nt e d c h e mi c al str u c -
t ur e d e pi cti o ns will b e u s e d a s i n p ut f or t h e D E CI M E R 
al g or it h m, a n OC S R m et h o d w hi c h pr e di ct s t h e S MI L E S 
stri n g of t h e d e pi ct e d c h e mi c al str u ct ur e.

Th e al g orit h m c o nsi st s of t w o m ai n st a g e s: First, d ur -
i n g t h e d et e cti o n st e p, a d e e p l e ar ni n g- b a s e d m o d el g e n-
er at e s  m a s k s  t h at  d e fi n e  t h e  p o siti o ns  of  t h e  c h e mi c al  
str u c tur e s i n a gi v e n i m a g e. ffi s i s f oll o w e d b y a m a s k 
e x p a nsi o n  pr o c e d ur e  d uri n g  w hi c h  p ot e nti all y  i n c o m -
pl et e m a s k s ar e e x p a n d e d u ntil t h e y c o v er t h e d e pi cti o ns 
c o m pl e t el y ( Fi g. 1 ).

We  di d  n ot  att e m pt  t o  e xtr a ct  v e ct or  g r a p hi c s  f r o m  
m o d er n P D F arti cl e s si n c e t hi s a p pr o a c h w o ul d f ail f or 
ol d er  arti cl e s  b ef or e  t h e  e arl y  1 9 9 0 s,  w hi c h  ar e  m o stl y  
s c a n n e d  p a g e s  f r o m  pri nt e d  v ersi o ns  of  t h e  j o ur n al.  
I nst e a d, o ur a p pr o a c h o p er at e s o n bit m a p i m a g e s of j o ur-
n al  p a g e s  t o  b e  wi d el y  a p pli c a bl e  al s o  t o  ol d er  arti cl e s  
b ef or e t h e i ntr o d u cti o n of v e ct or i m a g e s i n P D Fs.

fi e  s o ur c e  c o d e  of  t h e  a p pli c ati o n  d e s cri b e d  h er ei n  
a s  w ell  a s  t h e  tr ai n e d  m o d el  ar e  p u bli c all y  a v ail a bl e.  
A d diti o n all y, w e cr e at e d a w e b a p pli c ati o n a c c e ssi bl e at 
d e ci m er. ai  t o  e ns ur e  t h at  t h e  s e g m e nt ati o n  al g orit h m  
b e c o m e s wi d el y u s a bl e.

I m pl e m e nt ati o n

fi e  D E CI M E R  S e g m e nt ati o n  b a c k e n d  m e c h a ni s m  w a s  
b uilt u si n g P yt h o n 3 wit h Te ns or fi o w 2. 3. 0 [ 1 0 ]. It m ai nl y 
c o nsi st s  of  t h e  r e c o g niti o n  of  c h e mi c al  str u ct ur e  di a -
g r a ms u si n g a d e e p l e ar ni n g m o d el a n d t h e s u b s e q u e nt 
e x p a nsi o n  of  t h e  r e s ulti n g  m a s k s.  Th e  w e b  a p pli c ati o n  
i s d e v el o p e d i n P yt h o n 3 u si n g t h e Dj a n g o v ersi o n 3. 1. 3 
f r a m e w or k a n d R e a ct.js f or t h e f r o nt- e n d. Th e i m pl e m e n-
t ati o n d et ail s of t h e k e y el e m e nt s a s w ell a s t h e c o m pl et e 
w or k fl o w w hi c h a c c e pt s a p df d o c u m e nt a s a n i n p ut a n d 
r et ur ns t h e s e g m e nt e d c h e mi c al str u ct ur e di a g r a ms a s a n 
o ut p ut ar e d e s cri b e d b el o w.

D e e p l e ar ni n g al g orit h m

F or  t h e  c h e mi c al  str u ct ur e  d et e cti o n,  a  m o d el  utili zi n g  
t h e  M a s k  R- C N N  n et w or k  [1 1 ]  w a s  tr ai n e d  w h er e  t h e  
M a s k R- C N N i m pl e m e nt ati o n p u bli s h e d b y t h e M att er -
p ort t e a m [ 1 2 ] w a s u s e d wit h s o m e m o di fi c ati o ns t o w or k 
o n Te ns or fl o w 2. 3. 0 wit h K er a s at t h e b a c k e n d.

Th e d at a s et u s e d f or tr ai ni n g t h e m o d el i s b a s e d o n 9 9 4 
arti cl e s f r o m t h e J o ur n al of N at ur al P r o d u cts w hi c h w er e 
c h o s e n ar bitr aril y f r o m all a v ail a bl e i ss u e s. We c o n v ert e d 
t h e  p a g e s  of  t h e s e  arti cl e s  i nt o  J P E G  i m a g e s  ( 9 6  d pi)  
u si n g t h e P yt h o n p df 2i m a g e p a c k a g e [ 1 3 ] a n d d el et e d all 
i m a g e s t h at di d n ot c o nt ai n a n y c h e mi c al str u ct ur e di a-
g r a m.  Aft er  d el eti n g  p a g e s  w hi c h  di d  n ot  c o nt ai n  a n y  
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c h e mi c al str u ct ur e di a g r a ms, t h er e w er e a t ot al of 1 8 2 0 
p a g e s. Th e V G G i m a g e a n n ot at or t o ol [ 1 4 ] w a s u s e d t o 
m a n u all y a n n ot at e t h e c h e mi c al str u ct ur e di a g r a ms pr e -
s e nt i n e a c h i m a g e. E a c h d e pi cti o n of a c h e mi c al str u c -
t ur e  w a s  a n n ot at e d  b y  d e fi ni n g  a  p ol y g o n  ar o u n d  it.  If  
th er e  w er e  m e c h a ni s m  arr o w s  or  n u m b ers  wit hi n  t h e  
str u ct ur e,  t h e s e  w er e  al s o  i n cl u d e d.  Ot h er  o bj e ct s  li k e  
r e a cti o n  arr o w s  or  l a b el s  ar o u n d  t h e  c h e mi c al  str u c -
t ur e s w er e n ot i n cl u d e d. Thi s r e s ult e d i n 9 9 9 2 a n n ot at e d 
re gi o ns  i n  t h e  i m a g e s  w hi c h  e a c h  c o nt ai n e d  o n e  str u c -
t ur e di a g r a m ( a p pr o xi m at el y 5. 5 a n n ot at e d str u ct ur e s p er 
i m a g e).  ffiis  d at a s et  w a s  s plit  r a n d o ml y  i nt o  a  tr ai ni n g  
a n d v ali d ati o n s u b s et of 9 0 a n d 1 0 % r e s p e cti v el y.

fi e  m o d el  u s e d  t h e  h y p er p ar a m et ers  pr e- d e fi n e d  b y  
t h e M att er p ort t e a m, f urt h er m or e, w e u s e d a b at c h si z e 
of t w o i m a g e s p er b at c h, l e ar ni n g r at e of 0. 0 0 1, l e ar ni n g 
m o m e nt u m of 0. 9, 5 0 0 st e p s p er e p o c h a n d 5 0 st e p s f or 
v ali d ati o n. Th e m o d el w a s tr ai n e d o n a c o m p ut e- s er v er 
e q ui p p e d  wit h  a n  N vi di a  1 0 8 0 Ti  G P U,  6 4   G B  of  R A M  
a n d t w o I nt el( R) X e o n( R) Sil v er 4 1 1 4 C P Us. fi e tr ai n -
i n g  st art e d  f r o m  t h e  pr e-tr ai n e d  C O C O  w ei g ht s  pr o-
vi d e d b y t h e M att er p ort t e a m. Th e l a y ers t h at c o ul d n ot 
b e i m p ort e d f r o m t h e pr e-tr ai n e d w ei g ht s of t h e m o d el 
d u e  t o  di fi er e nt  a m o u nt s  of  cl a ss e s  ( n et w or k  h e a d s)  
w er e tr ai n e d f or a n i niti al 1 0 0 e p o c hs, t h e n t h e c o m pl et e 
m o d el  w a s  Th n e-t u n e d  f or  a n ot h er  1 0 0  e p o c hs.  D uri n g  
t h e w h ol e tr ai ni n g pr o c e ss, t h e p ar a m et ers r e m ai n e d t h e 
s a m e. ffi s t o o k a p pr o xi m at el y 2 6  h i n t ot al.

W h e n a p pl yi n g t h e r e s ulti n g m o d el t o a n i m a g e of a n 
arti cl e p a g e, it r et ur ns m a s k s w hi c h i n di c at e w h et h er or 
n ot a pi x el i n t h e ori gi n al i m a g e b el o n g s t o a c h e mi c al 
str u ct ur e di a g r a m. Th e s e m a s k s ar e bi n ar y m atri c e s wit h 
t h e  ffrst  t w o  di m e nsi o ns  of  t h e  i n p ut  i m a g e  w hi c h  c a n  

c o nt ai n t h e v al u e s Tr u e  or F als e . fii s m e a ns t h at e v er y 
pi x el i n t h e ori gi n al i m a g e h a s a c orr e s p o n di n g v al u e i n 
t h e m a s k t h at d e Th n e s w h et h er or n ot t hi s pi x el i s p art of a 
c h e mi c al str u ct ur e d e pi cti o n. Th e p o siti o n al i nf or m ati o n 
gi v e n i n t h e m a s k s c a n t h e n b e u s e d f or t h e s e g m e nt ati o n 
of t h e c h e mi c al str u ct ur e s.

M a s k e x p a n si o n al g orit h m

A  c o m m o n  pr o bl e m  wit h  t h e  m a s k s  g e n er at e d  b y  t h e  
M a s k R- C N N m o d el i s a n u n w a nt e d p arti al c o v er a g e of 
c h e mi c al str u ct ur e s o nl y: Th e m o d el di d c orr e ctl y r e c o g -
ni z e t h e c h e mi c al str u ct ur e di a g r a ms o n a gi v e n p a g e b ut 
di d n ot c o v er t h e m c o m pl et el y ( Fi g.  2 , t o p r o w). fi er e-
f or e, a c u st o m m a s k e x p a nsi o n al g orit h m w a s d e v el o p e d 
w hi c h  t a k e s  a n  i m a g e  a n d  a  m a s k  a n d  cr e at e s  a  m a s k  
t h at  c o v ers  t h e  pr e vi o u sl y  p arti all y  d et e ct e d  o bj e ct s  
c o m pl et el y.

ff e  e x p a nsi o n  w or k fi o w  b e gi ns  wit h  t h e  bi n ari z a -
ti o n of t h e i n p ut i m a g e u si n g a hi g h t hr e s h ol d a s r e c o m-
m e n d e d b y t h e d e v el o p ers of C S R [ 6 ]. fi e bi n ari z ati o n 
e ns ur e s  t h at  a  n o n- w hit e  b a c k g r o u n d  or  r eli ct s  f r o m  
l o w- q u alit y s c a ns ar e filt er e d. Th e n, a bi n ar y dil ati o n i s 
a p pli e d t o t ur n c h e mi c al str u ct ur e d e pi cti o ns i nt o c o n -
n e ct e d o bj e ct s, cl o si n g, f or e x a m pl e, t h e g a p s b et w e e n a n 
e l e m e nt s y m b ol a n d it s a dj a c e nt b o n d s wit h n o n- w hit e 
pi x el s. Th e k er n el o bj e ct u s e d f or t h e dil ati o n i s a s q u ar e 
wit h a r e s ol uti o n- d e p e n d e nt si z e.

fl e n,  t h e  i niti al  s e e d s  f or  t h e  e x p a nsi o n  ar e  d et er -
mi n e d. F or t hi s, t h e c e nt er of t h e m a s k i s d e fi n e d a s t h e 
p o siti o n i n t h e mi d dl e b et w e e n t h e hi g h e st a n d t h e l o w -
e st x- a n d y- c o or di n at e s of Tr u e  val u e s of t h e m a s k. If 
t h e r e s ulti n g c e nt er p oi nt i s n ot c o v er e d b y t h e m a s k d u e 
t o it s a s y m m etri c s h a p e, t h e c e nt er p oi nt i s d e fl n e d a s a 

Fi g.  1  Gr a p hi c al s u m m ar y of t h e D E CI M E R S e g m e nt ati o n w or k Th o w. T h e i n p ut is a n i m a g e of a p a g e wit h c h e mi c al str u ct ur e d e pi cti o ns ( a ). 
T h e n, t h e c h e mi c al str u ct ur e d e pi cti o ns ar e d et e ct e d usi n g t h e M as k- R C N N m o d el ( b ). S u bs e q u e ntl y, t h e m as ks t h at d e fi n e t h e p ositi o ns of t h e 
d e pi cti o ns ar e r e fi n e d a n d e x p a n d e d ( c ). Fi n all y, t h e r e gi o ns d e fi n e d b y t h e m as ks ar e s e g m e nt e d t o yi el d i n di vi d u al i m a g es of c h e mi c al str u ct ur e 
d e pi cti o ns ( d )
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r a n d o m p oi nt b et w e e n t h e hi g h e st a n d l o w e st x- c o or di -
n at e s w hi c h i s c o v er e d b y t h e m a s k. B a s e d o n t h e c e nt er 
p oi n t p o siti o n, t h e al g orit h m att e m pt s t o d et er mi n e f o ur 
bl a c k pi x el s w hi c h ar e c o v er e d b y t h e m a s k i n f o ur dif -
f er e nt dir e cti o ns. If at l e a st o n e s e e d pi x el i s f o u n d, t h e 
or i gi n al m a s k i s r e pl a c e d b y a m atri x of t h e s a m e s h a p e 
w hi c h o nl y c o nt ai ns z er o s a n d t h e e x p a nsi o n i s i niti at e d. 

If n o s e e d pi x el s h a v e b e e n d et er mi n e d, o bj e ct s o n t h e 
c o nt o urs of t h e m a s k ar e d et e ct e d a s s e e d pi x el s. I n t hi s 
c a s e, t h e ori gi n al m a s k i s k e pt a n d o nl y e x p a n d e d b a s e d 
o n t h e s e e d pi x el s.

Th e  r e s ulti n g  li st  of  s e e d  pi x el  c o or di n at e s  i s  u s e d  i n  
t h e  e x p a nsi o n  pr o c e d ur e.  fi e  ei g ht  s urr o u n di n g  pi x el s  
of e v er y s e e d pi x el ar e e x a mi n e d. If o n e of t h e m i s bl a c k 

Fi g.  2  M as k e x p a nsi o n w or k Th o w: D uri n g t h e pr e pr o c essi n g w or k ffi o w, t h e ori gi n al i m a g e ( a ) is bi n ari z e d. T h e o v erl a yi n g r e d p at c h r e pr es e nts a n 
i n c o m pl ete m as k w hi c h is r et ur n e d b y t h e m o d el. T h e r es ulti n g bi n ar y i m a g e ( b ) is t h e n dil at e d t o fill g a ps wit hi n t h e str u ct ur e (c ). T his is f oll o w e d 
b y t h e e x p a nsi o n pr o c e d ur e ( d ) w h er e t h e m as k is r e c o nstr u ct e d b y tr a ci n g t h e c o n n e ct e d s et of n o n- w hit e pi x els st arti n g fr o m a list of s e e d 
pi x els u ntil n o f urt h er c o n n e ct e d n o n- w hit e pi x els c a n b e f o u n d i n a n y dir e cti o n. T his e ns ur es t h e s e g m e nt ati o n of c o m pl et e c h e mi c al str u ct ur e 
d e pi cti o ns
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a n d n ot alr e a d y c o v er e d b y t h e m a s k, t h e m a s k i s e dit e d 
t o c o v er it a n d it i s a d d e d t o t h e li st of s e e d s. Thi s r e c ur-
si v e pr o c e d ur e l e a d s t o t h e i n cl u si o n of a c o m pl et e o bj e ct 
i n  th e  m a s k  e v e n  if  t h e  ori gi n al  m a s k  h a d  n ot  c o v er e d  
it  c o m pl et el y.  fii s  o utli n e d  pr o c e d ur e  i s  ill u str at e d  i n  
Fi g.  2 .

T h e c o m pl et e t o ol

D E CI M E R- S e g m e nt ati o n  a c c e pt s  P D F  d o c u m e nt s  a s  
i n p ut  a n d  r et ur ns  g r a y s c al e  i m a g e s  w hi c h  c o nt ai n  t h e  
s e g m e nt e d  c h e mi c al  str u ct ur e  di a g r a ms.  Fi g ur e  3  ill u s -
tr at e s t h e w or k Th o w.

All  p a g e s  of  th e  gi v e n  i n p ut  P D F  d o c u m e nt  ar e  c o n -
v ert e d t o s e p ar at e P N G i m a g e s. All t h e i m a g e s ar e st or e d 
i n a fol d er wit h t h e n a m e of t h e i n p ut P D F ffil e. D uri n g 
t h e  f oll o wi n g  pr o c e d ur e,  t h e  pr o c e ssi n g  of  e a c h  i m a g e  
c a n b e p ar all eli z e d. fi e str u ct ur e d et e cti o n m o d el i s i ni -
ti ali z e d f or e a c h t hr e a d a n d g e n er at e s t h e m a s k s w hi c h 
d e fi n e t h e p o siti o ns of t h e c h e mi c al str u ct ur e di a g r a ms i n 
t h e gi v e n i m a g e. S u b s e q u e ntl y, t h e s e m a s k s ar e pr o c e ss e d 
b y t h e e x p a nsi o n al g orit h m.

Th e fi n al m a s k s a n d i m a g e s ar e t h e n pr o c e ss e d i n a s e g -
m e nt ati o n  pr o c e d ur e.  First,  e a c h  s e g m e nt  i s  c o n v ert e d  
i nto  a  g r a y s c al e  i m a g e.  Th e n  t h e  m a xi m al  wi dt h  a n d  
h ei g ht of e v er y m a s k ar e d et er mi n e d. Wit h t hi s i nf or m a -
ti o n, a n e m pt y i m a g e wit h t h e di m e nsi o ns of t h e r e s ulti n g 
s e g m e nt i s cr e at e d a n d t h e c h e mi c al str u ct ur e di a g r a m i s 
pl a c e d i n it. Aft er all t h e s e g m e nt s ar e g e n er at e d, t h e y ar e 
r e si z e d i nt o s e p ar at e s q u ar e i m a g e s. fi e s e s e g m e nt s ar e 
di s pl a y e d t o t h e u s er at t h e e n d i n t h e w e b a p pli c ati o n or 
s a v e d l o c all y.

D e ci m er. ai w e b a p pli c ati o n

Th e si n gl e- p a g e w e b a p pli c ati o n ( S P A) i s f r e el y a v ail a bl e 
at htt p s  :// d e ci m er. ai  a n d all o w s D E CI M E R u s a g e wit h o ut 
a n y l o c al i nst all ati o n. It i s i m pl e m e nt e d wit h t h e Dj a n g o 
f r a m e w or k v ersi o n 3. 1. 3 t o m a n a g e t h e b a c k- e n d a n d t h e 
A PI a n d wit h t h e J a v a S cri pt R e a ct.js li br ar y f or t h e f r o nt-
e n d. ff e S P A all o w s t h e u s er t o u pl o a d a P D F Thl e of a 
r e s e ar c h arti cl e, p erf or ms i m a g e s e g m e nt ati o n o n it, a n d 
r et ur ns t h e e xtr a ct e d m ol e c ul ar i m a g e s. ff e l att er c a n b e 
d o w nl o a d e d. fi e u s er c a n al s o cli c k o n t h e “I’ m F e eli n g 
L u c k y ” b utt o n, t o r a n d o ml y s el e ct a r e c e nt arti cl e f r o m 
t h e  O p e n  A c c e ss  j o ur n al  M D PI  M ol e c ul es  a n d  r u n  t h e  
s e g m e nt ati o n o n it.

V ali d ati o n
M et h o d s

I n or d er t o e v al u at e t h e p erf or m a n c e of D E CI M E R S e g-
m e nt ati o n, w e pr o c e ss e d 2 5 arti cl e s f r o m t h e J o ur n al of 
N at u ral  P r o d u cts ,  2 5  arti cl e s  f r o m  P h yt o c h e mistr y  a n d  
2 5  arti cl e s  f r o m  M ol e c ul es .  N o n e  of  t h e s e  j o ur n al  arti-
cl e s w er e i n cl u d e d i n t h e tr ai ni n g d at a s et. Th e 7 5 arti cl e s 

c o n tai n e d a t ot al of 7 7 7 p a g e s ( 3 6 5 i n M ol e c ul es , 2 2 8 i n 
P h yt o c h e mistr y,  1 8 4 i n J o ur n al of N at ur al P r o d u cts) a n d 
c o nt ai n e d 8 8 7 s e g m e nt e d i m a g e s ( 3 9 8 i n M ol e c ul es  1 8 3 
i n P h yt o c h e mistr y ,  3 0 6  i n  J o ur n al  of  N at ur al  P r o d u cts). 
We  t h e n  m a n u all y  i ns p e ct e d  all  s e g m e nt e d  i m a g e s  t o  
d et er mi n e if t h e y c o nt ai n a c o m pl et e c h e mi c al str u ct ur e 
di a g r a m or a d diti o n al o bj e ct s s u c h a s l a b el s or r e a cti o n 
arr o w s.  F urt h er m or e,  w e  d et er mi n e d  t h e  n u m b er  of  
a d diti o n al mi ss e d str u ct ur e di a g r a ms o n t h e p a g e s w h er e 
str u ct ur e s h a d b e e n d et er mi n e d.

R e s ult s a n d di s c u s si o n
Wit h o ut  t h e  a p pli c ati o n  of  t h e  m a s k  e x p a nsi o n,  8 1. 6 %  
of  t h e  s e g m e nt e d  i m a g e s  c o nt ai n e d  c o m pl et e  c h e mi c al  
str u ct ur e d e pi cti o ns ( 8 0. 7 % i n M ol e c ul es , 8 3. 5 % i n P h y -
t o c h e mistr y, 8 1. 7 % i n J o ur n al of N at ur al P r o d u cts). H er e, 
a c o m pl et e d et e cti o n  m e a ns t h at t h e str u ct ur e w a s c o m-
pl et el y c o v er e d b y t h e m a s k. It i s n e c e ss ar y t o m e nti o n 
th at  9. 4 %  ( 1 1. 1 %  i n  M ol e c ul es ,  5. 5 %  i n  P h yt o c h e mistr y,  
9. 4 % i n J o ur n al of N at ur al P r o d u cts) of t h e s e s e g m e nt s 
c o nt ai n e d  a d diti o n al  s urr o u n di n g  o bj e ct s  li k e  l a b el s  or  
r e a cti o n arr o w s. M e c h a ni s m arr o w s or at o m n u m b eri n g 
w er e n ot c o u nt e d a s a d diti o n al o bj e ct s h er e a s t h e y ar e 
oft e n p o siti o n e d wit hi n t h e str u ct ur e it s elf.

W h e n  t h e  m a s k  e x p a nsi o n  w a s  a d d e d  t o  t h e  pr o c e -
d ur e, t h e pr o p orti o n of c o m pl et el y s e g m e nt e d str u ct ur e s 
i n cre a s e d t o 9 9. 8 % ( 9 9. 5 % i n M ol e c ul es , 1 0 0 % i n P h yt o -
c h e mistr y,  1 0 0 % i n J o ur n al of N at ur al P r o d u cts). A m o n g 
th e  v ali d ati o n  r e s ult s  t h er e  w er e  o nl y  t w o  s e g m e nt s  
w hi c h di d n ot c o nt ai n a c h e mi c al str u ct ur e di a g r a m at all. 
U nf ort u n at el y, t h e pr o p orti o n of s e g m e nt s t h at al s o c o n -
t ai n e d a d diti o n al o bj e ct s r o s e t o 1 1. 2 % ( 1 2. 6 % i n M ol e-
c ul e s, 1 1. 5 % i n P h yt o c h e mistr y,  9. 5 % i n J o ur n al of N at ur al 
P r o d u cts ). O n a v er a g e, 9 1. 3 % of t h e c h e mi c al str u ct ur e s 
w er e d et e ct e d b y t h e m o d el ( 9 2. 8 % i n M ol e c ul es , 8 6. 3 % 
i n P h yt o c h e mistr y,  9 2. 7 % i n J o ur n al of N at ur al P r o d u cts). 
Th e s e r e s ult s w hi c h r e pr e s e nt t h e Th n al o ut p ut of D E CI -
M E R S e g m e nt ati o n ar e ill u str at e d i n Fi g.  4 .

fir o u g h o ut t h e d at a u s e d f or v ali d ati o n, 8 8 5 of t h e 8 8 7 
s e g m e nt s c o nt ai n e d a c o m pl et e c h e mi c al str u ct ur e d e pi c -
ti o n. Gi v e n t h e f a ct t h at t h e m o d el w a s o nl y tr ai n e d o n 
arti c l es f r o m J o ur n al of N at ur al P r o d u cts, it i s i nt er e sti n g 
t o n ot e t h at D E CI M E R S e g m e nt ati o n p erf or ms c o m p ar a-
bl y w ell o n t h e s u b s et s of M ol e c ul es  a n d P h yt o c h e mistr y  
arti c l es. ffi s el u ci d at e s t h e g e n er al a p pli c a bilit y of D E CI -
M E R S e g m e nt ati o n —it i s c a p a bl e of d et e cti n g c h e mi c al 
str u ct ur e s  i n  t h e  pri nt e d  s ci e nti fi c  lit er at ur e  i n  g e n er al,  
i n d e p e n d e nt of s p e ci fi c p u bli s h er f or m at s.

fi e i n cl u si o n of a d diti o n al o bj e ct s i n a p p r o xi m at el y 
1 1 % of t h e s e g m e nt s i s, i n m a n y c a s e s, c a u s e d b y s u r -
r o u n di n g  l a b el s  o r  a r r o w s,  w hi c h  w e r e  pl a c e d  cl o s el y  
t o  th e  a c t u al  c h e mi c al  st r u ct u r e  di a g r a m  b y  t h e  
h u m a n  c r e at o r  of  t h e  g r a p hi c  ( s e e  Fi g.  5 ).  It  i s  w o rt h 

https://decimer.ai
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m e nti o ni n g t h at t h e m a s k e x p a n si o n s o m eti m e s a g g r a -
v at e s t h e p r o bl e m. F o r e x a m pl e, i n s o m e c a s e s, t h e ti p 
of  a  r e a cti o n  a r r o w  i s  c o v e r e d  b y  t h e  m a s k  w hi c h  i s  

r et u r n e d b y t h e m o d el. If t h e a r r o w i s cl o s e e n o u g h t o 
t h e st r u ct u r e, t h e m a s k e x p a n si o n l e a d s t o it s c o m pl et e 
i n cl u si o n. I n ot h e r c a s e s, a n i niti all y i n cl u d e d r e a cti o n 

Fi g.  3  Vis u al r e pr es e nt ati o n of t h e c o m pl et e ar c hit e ct ur e of t h e t o ol
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a r r o w  m a y  b e  e x cl u d e d  aft e r  t h e  m a s k  e x p a n si o n  if  
it i s n ot t o o cl o s e t o t h e st r u ct u r e. Thi s i s t h e a d v a n-
t a g e of c h o o si n g s e e d pi x el s i n t h e c e nt e r of t h e m a s k 
w hi c h  i s  r et u r n e d  b y  t h e  m o d el.  I n  a n  e a rli e r  v e r si o n 
of D E CI M E R S e g m e nt ati o n, e v e r y pi x el of t h e m a s k i n 
t h e m o d el o ut p ut w a s i n cl u d e d i n t h e fi n al o ut p ut a n d 
t h e s e e d s f o r t h e e x p a n si o n w e r e s et o n t h e c o nt o u r s of 
t h e o ri gi n al m a s k. Thi s l e d t o w r o n gl y i n cl u d e d o bj e ct s 
i n a b o v e 2 0 % of t h e s e g m e nt s b e c a u s e all o bj e ct s cl o s e 
t o  t h e  st r u ct u r e  a n d  all  o bj e ct s  t h at  w e r e  w r o n gl y  
i n cl u d e d i n t h e m o d el o ut p ut w e r e i n cl u d e d i n t h e ffi n al 

o ut p ut. H e n c e, t h e m a s k e x p a n si o n f r o m s e e d s i n t h e 
m a s k c e nt e r l e d t o si g ni fi c a ntl y i m p r o v e d r e s ult s.

D uri n g t h e m a s k e x p a nsi o n, t h e a p pli c ati o n of a bi n ar y 
dil ati o n i s n e c e ss ar y t o t ur n t h e c h e mi c al str u ct ur e d e pi c -
ti o ns  i nt o  c o n n e ct e d  o bj e ct s.  fii s  c a n  l e a d  t o  n e ar b y  
o bj e ct s b ei n g c o n n e ct e d wit h t h e str u ct ur e s. Thi s c o ul d 
b e a d dr e ss e d b y u si n g a s m all er k er n el f or t h e dil ati o n. 
fi e dil e m m a i s t h at a s m all er k er n el l e a d s t o m or e c a s e s 
w h er e t h e str u ct ur e i s n ot o n e c o n n e ct e d o bj e ct w hi c h 
l e a d s  t o  i n c o m pl et e  e x p a nsi o n  r e s ult s.  H e n c e,  r e d u ci n g  
t h e  a m o u nt  of  w r o n gl y  i n cl u d e d  s urr o u n di n g  o bj e ct s  

Fi g.  4  O v er vi e w of t h e v ali d ati o n r es ults of D E CI M E R S e g m e nt ati o n

Fi g.  5  E x e m pl ar y ill ustr ati o n of t h e wr o n g i n cl usi o n of a r e a cti o n arr o w i n t h e m as k o ut p ut



P a g e 8 of 9R aj a n  et al. J C h e mi nf or m           ( 2 0 2 1) 1 3: 2 0 

w o ul d  n e c e ss aril y  l e a d  t o  a  r e d u cti o n  of  t h e  c o m pl et e  
s e g m e nt s.

W h e n pr o c e ssi n g p a g e s p ar all ell y o n f o ur t hr e a d s, o n 
a v er a g e, t h e t o ol t o o k a b o ut 1. 8 9  mi n t o pr o c e ss a si n gl e 
arti cl e wit h a n a v er a g e a m o u nt of 1 0. 4 p a g e s p er arti cl e. 
Th e ti m e r e q uir e d f or pr o c e ssi n g d e p e n d s o n t h e n u m b er 
of p a g e s a n d t h e n u m b er of c h e mi c al str u ct ur e s o n e a c h 
p a g e.  fi e  n u m b ers  m e nti o n e d  a b o v e  c orr e s p o n d  t o  a n  
a v er a g e pr o c e ssi n g ti m e of 1 0. 9 s p er p a g e.

C o n cl u si o n
Th e  D E CI M E R  S e g m e nt ati o n  t o ol  a n d  t h e  w e b  i m pl e -
m e nt ati o n  o n  d e ci m er. ai  f or  c h e mi c al  i m a g e  s e g m e nt a -
ti o n ar e a c o m pl et e o p e n- s o ur c e i m pl e m e nt ati o n f or t h e 
s e g m e nt ati o n of c h e mi c al str u ct ur e d e pi cti o ns f r o m t h e 
p u bli s h e d s ci e nti ffi c lit er at ur e.

Wit h t h e h el p of d e e p l e ar ni n g, o ur m et h o d i s c a p a bl e 
of di sti n g ui s hi n g b et w e e n c h e mi c al str u ct ur e s a n d ot h er 
c o nt e nt o n a p a g e. B y a p pl yi n g t h e s y st e m t o i m a g e s, w e 
c a n  mi n e  i nf or m ati o n  f r o m  s c a n n e d  d o c u m e nt s  w hi c h  
ar e n ot a v ail a bl e i n m ar k u p fil e f or m at s. fii s all o w s u s 
t o e xtr a ct i nf or m ati o n e v e n f r o m t h e ol d arti cl e s w hi c h 
ar e o nl y a v ail a bl e a s s c a n n e d Thl e s. Wit h t h e i m pl e m e nt e d 
m a s k e x p a nsi o n pr o c e ss, w e ar e a bl e t o s e g m e nt c h e mi -
c al str u ct ur e di a g r a ms f r o m t h e p u bli c ati o ns c o m pl et el y 
i n hi g h q ualit y .

Alt h o u g h t h e m o d el w a s o nl y tr ai n e d o n arti cl e s f r o m 
t h e J o ur n al of N at ur al P r o d u cts, w e w er e a bl e t o s e e t h at 
t h e  a p pli c ati o n  w or k s  w ell  o n  p u bli c ati o ns  f r o m  t hr e e  
di fi er e nt p u bli s h ers. I n f ut ur e, t h e d et e cti o n a c c ur a c y of 
t h e m o d el c a n b e i m pr o v e d f urt h er b y tr ai ni n g it o n a n 
i n cr e a s e d  a m o u nt  of  p u bli c ati o ns.  I n  it s  c urr e nt  st at e,  
D E CI M E R  S e g m e nt ati o n  c a n  r e d u c e  t h e  w or kl o a d  f or  
t h o s e  w h o  ar e  r e s p o nsi bl e  f or  t h e  m a n u al  cr e ati o n  a n d  
c ur ati o n  of  c h e mi c al  d at a b a s e s  i m m e ns el y  a n d  c o ul d  
e v e nt u all y c o ntri b ut e t o t h e f ull a ut o m ati o n of t hi s t a s k.

A b br e vi ati o n s
A PI: A p pli c ati o n Pr o gr a m mi n g I nt erf a c e; C N N: C o n v ol uti o n al N e ur al N et w or k; 
C P U: C e ntr al Pr o c essi n g U nit; C S R: C h e m S c h e m ati c R es ol v er; D E CI M E R: 
D e e p l E ar ni n g f or C h e mi c al I M a g E R e c o g niti o n; G B: Gi g a b yt e; G P U: Gr a p hi cs 
Pr o c essi n g U nit; J S O N: J a v a S cri pt O bj e ct N ot ati o n; J P E G: J oi nt P h ot o gr a p hi c 
E x p erts Gr o u p; M D PI: M ulti dis ci pli n ar y Di git al P u blis hi n g I nstit ut e; O C S R: 
O pti c al C h e mi c al Str u ct ur e R e c o g niti o n; O S R A: O pti c al Str u ct ur e R e c o g niti o n 
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I ntr o d u cti o n
N at ur al pr o d u ct s ( N Ps) h a v e r e c ei v e d c o nst a nt att e nti o n 
f r o m t h e s ci e nti fi c c o m m u nit y d u e t o t h eir r el e v a n c e i n 
dr u g  di s c o v er y,  c h e mi c al  e c ol o g y  a n d  m ol e c ul ar  bi ol -
o g y  i n  g e n er al.  I n  a  r e c e ntl y  p u bli s h e d  r e vi e w  o n  N Ps  
d at a b a s e s [ 1 ] w e i n v e nt ori e d o v er 1 2 0 n at ur al pr o d u ct s 
d at a b a s e s t h at h a v e b e e n p u bli s h e d a n d u s e d i n t h e l a st 
2 0  y e ars. H o w e v er, 1 6 % of t h e s e ar e n ot a v ail a bl e o nli n e 
a n y m or e,  4 0 %  ar e  c o m m er ci al  a n d  t h eir  c o nt e nt  c a n -
n ot b e e a sil y a c c e ss e d. Th e o p e n r e s o ur c e s ar e g e n er all y 
eit h er s p e ci ali z e d o n a p arti c ul ar t y p e of N Ps, eit h er l a c k 
a n n ot ati o ns.  F or  i nst a n c e,  t h e  c at al o g  of  N Ps  f r o m  t h e  
ZI N C  d at a b a s e  [ 2 ]  i s  c o m p o s e d  of  o v er  8 0, 0 0 0  e ntri e s,  
s o m e  of  w hi c h  c a n  b e  p ur c h a s e d,  b ut  a p art  f r o m  t h eir  
str u ct ur e a n d t h at t h e y ar e f r o m n at ur al ori gi n, n o a d di -
ti o n al  i nf or m ati o n  i s  pr o vi d e d.  S u p er  N at ur al  II  [3 ]  i s  
c o nsi d er e d a s t h e l ar g e st a m o n g all t h e N P d at a b a s e s, i s 
a c c e ssi bl e o nli n e i n 2 0 2 0, b ut it s e e ms n ot t o b e m ai n -
t ai n e d a n y m or e a n d i s m ai nl y c o m p o s e d of c o m p o u n d s 

th at c a n b e p ur c h a s e d. A n ot h er r e c e nt d at a b a s e, N P At -
l a s  [4 ],  i s  c o nst a ntl y  g r o wi n g  a n d  e xtr e m el y  w ell  a n n o-
t at e d, b ut it i s f o c u si n g o n mi cr o bi al N Ps o nl y. A n ot h er 
m a j or  N Ps  c at e g or y,  pl a nt- pr o d u c e d  c o m p o u n d s,  al s o  
c all e d p h yt o c h e mi c al s, i s a v ail a bl e i n s e v er al p o p ul ar a n d 
w ell m ai nt ai n e d d at a b a s e s, s u c h a s N u B B E D B [ 5 ], K n a p-
S a c k [ 6 ], C M A U P [7 ] a n d  T C M @ Tai w a n [8 ]. I n a d diti o n 
to  t h e s e  r el ati v el y  bi g  d at a b a s e s,  t h er e  i s  a  pl et h or a  of  
s m all er, m or e s p e ci ali z e d N Ps c oll e cti o ns, s u c h a s F o o D B 
[9 ],  a  u s er-f ri e n dl y  d at a b a s e  h o sti n g  a  r el ati v el y  l ar g e  
n u m b er of N Ps t h at ar e f o u n d i n f o o d. Th er e i s, t h er e -
f or e, a n e e d f or a g e n er ali sti c N Ps d at a b a s e, t h at will e ffi-
ci e ntl y a g g r e g at e N Ps i nf or m ati o n f r o m v ari o u s s o ur c e s, 
i mpr o v e it s a n n ot ati o n a n d o ff er a pl e a s a nt u s er e x p eri -
e n c e. Wit h t hi s ulti m at e g o al i n mi n d, w e first a ss e m bl e d 
th e m o st c o m pl et e u p-t o- d at e C Oll e Cti o n of O p e n N at u -
r al Pr o d U c Ts ( C O C O N U T) t h at w e h a v e b e e n c o nti n u -
o u sl y  c ur ati n g  a n d  a n n ot ati n g.  St u di e s  [ 1 0 , 1 1 ]  s h o w e d  
t h at  f r a g m e nt s  f r o m  N Ps  pr e s e nt  i n  C O C O N U T  h a v e  
hi g h di v ersit y a n d str u ct ur al c o m pl e xit y, w hi c h m a k e s it, 
a m o n g ot h er p o ssi bl e a p pli c ati o ns, a s uit a bl e s o ur c e f or 
dr u g di s c o v er y a n d c a n b e i n cl u d e d i n dr u g d e si g n pi p e -
li n e s.  O ur  n e xt  st e p  w a s  t o  m a k e  t hi s  d at a  a v ail a bl e  t o  
th e s ci e nti fi c c o m m u nit y a s a f ull- fl e d g e d o nli n e n at ur al 
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pr o d u ct s  d at a b a s e,  m ai nt ai n e d  at  htt p s  :// co c o n  ut . n at ur 
al pr o  d u c t s . n et.

Th e C O C O N U T d at a b a s e i s f r e e a n d o p e n t o all u s ers 
a n d t h er e i s n o l o gi n r e q uir e d t o a c c e ss it. It s w e b i nt er -
f a c e  all o w s  di v ers e  si m pl e  s e ar c h e s  ( e. g.  b y  m ol e c ul e  
n a m e,  I n C hI,  I n C hI  k e y,  S MI L E S,  dr a w n  str u ct ur e,  
m ol e c ul ar  f or m ul a),  a d v a n c e d  s e ar c h  b y  m ol e c ul ar  f e a -
t ur e s, t o g et h er wit h s u b str u ct ur e a n d si mil arit y s e ar c h e s. 
U s ers  c a n  al s o  d o w nl o a d  t h e  w h ol e  d at a s et  or  s e ar c h  
r e s ult s  i n  di fi er e nt  f or m at s.  Th e  d at a b a s e  c a n  b e  q u e -
ri e d pr o g r a m m ati c all y vi a a R E S T A PI, w hi c h f a cilit at e s 
C O C O N U T i nt e g r ati o n i n w or k ffi o w s. fi e w e b i nt erf a c e, 
t h e  b a c k- e n d  a n d  t h e  d at a b a s e  ar e  d e pl o y e d  a s  D o c k er  
c o nt ai n ers,  m a ki n g  it  e a sil y  p ort a bl e  f or  h o sti n g  ot h er  
s et s of N Ps a n d t o b e d e pl o y e d o n l o c al i nst all ati o ns.

C o n str u cti o n a n d c o nt e nt
C O C O N U T i s a ss e m bl e d f r o m a l ar g e n u m b er of c h e mi -
c al  d at a  s o ur c e s  ( Ta bl e   1 ),  fr o m  w hi c h  N Ps  h a v e  b e e n  
t h or o u g hl y e xtr a ct e d, c ur at e d, pr o c e ss e d a n d a n n ot at e d. 
fi e r e s ulti n g N Ps c oll e cti o n i s pr e s e nt e d wit hi n t h e f ull-
Th e d g e d  c h e mi c al  d at a b a s e  d e v el o p e d  s p e ci all y  f or  t hi s  
p ur p o s e  ( Fi g.   1 ).  D at a  c ur ati o n  a n d  pr o c e ssi n g  st e p s,  
t o g et h er wit h t h e c o nstr u cti o n of t h e w e b i nt erf a c e a n d 
t h e d e s cri pti o n of a v ail a bl e f e at ur e s ar e d e s cri b e d b el o w.

D at a pr o v e n a n c e, m o d el a n d  c o nt e nt

C O C O N U T  d at a  h a s  b e e n  e xtr a ct e d  f r o m  5 3  v ari o u s  
d at a s o ur c e s a n d s e v er al m a n u all y c oll e ct e d f r o m lit er a -
t ur e s et s, a s s h o w n i n Ta bl e  1 . I n t h e c urr e nt C O C O N U T 
r el e a s e  ( O ct o b er  2 0 2 0),  t h er e  ar e  4 0 6, 0 7 6  u ni q u e  “ fi at”  
( wit h  n o  st er e o c h e mi str y)  N Ps,  a n d  a  t ot al  of  7 3 0, 4 4 1  

N Ps  w h er e  st er e o c h e mi str y  h a s  b e e n  pr e s er v e d  w h e n  
a v ail a bl e.

E v er y m ol e c ul e c oll e ct e d f r o m e xt er n al s o ur c e s p a ss e d 
a q u alit y c o ntr ol a n d a r e gi str ati o n pr o c e d ur e, w h er e it s 
str u ct ur e i s c h e c k e d f or si z e ( b et w e e n 5 a n d 2 1 0 h e a v y 
at o ms),  c o n n e cti vit y  ( o nl y  t h e  bi g g e st  c o n n e ct e d  str u c -
t ur e i s k e pt), pr e s e n c e of p s e u d o- at o ms, if i m pli cit a n d 
e x pli cit h y dr o g e ns ar e c orr e ct, a n d if t h e b o n d s ar e c or -
r e ct a n d t h e v al e n c e s ar e c o ns er v e d. Th e K e k ul é r e pr e -
s e nt ati o n i s al s o a ssi g n e d t o t h e ar o m ati c s y st e ms of e a c h 
c o m p o u n d. At t hi s st e p, t a ut o m ers a n d i o ni s ati o n st at e s 
ar e st a n d ar di z e d f oll o wi n g t h e C h E M B L c h e mi c al str u c -
t ur e c ur ati o n pi p eli n e [1 2 ].

fi e n, N P s f r o m di Th er e nt pr o v e n a n c e ar e u ni ff e d b a s e d 
o n t h e i d e ntit y of t h eir I n C hI k e y s wit h o ut st er e o c h e m -
i str y. Thi s u ni ff c ati o n st e p i s p erf or m e d wit h o ut st er e o-
c h e mi str y,  a s  i n  di fi er e nt  d at a  s o ur c e s  st er e o c h e mi str y  
is n ot s y st e m ati c all y pr e s e nt a n d c a n al s o b e r e pr e s e nt e d 
di Th er e ntl y.  W h e n  a v ail a bl e,  t h e  ori gi n al  m ol e c ul ar  
str u ct ur e wit h st er e o c h e mi str y i s pr e s er v e d a n d c a n b e 
a c c e ss e d f or e a c h N P e ntr y.

Th e a ut h ors ar e w ell a w ar e t h at di Th er e nt st er e oi s o m ers 
of a c o m p o u n d c a n h a v e v er y di fi er e nt bi ol o gi c al a cti vit y. 
ff e pr o c e d ur e d e s cri b e d a b o v e w a s a n e c e ss ar y st e p t o 
cr e at e a u ni fi e d r e s o ur c e o ut of di stri b ut e d d at a b a s e s of 
v ar yi n g q u alit y. F urt h er c ur ati o n will g r a d u all y i m pr o v e 
st er e o c h e mi c al  a ssi g n m e nt s  a n d  li n k a g e  t o  ori gi n al  
s o ur c e arti cl e s.

E a c h  u ni q u e  N P  i s  t h e n  a ssi g n e d  a  u ni q u e  i d e nti fi er,  
c o m p o s e d of t h e “ C N P” pr e fi x a n d 7 di git s. A n a ut o m ati c 
c ur ati o n f or N P m et a d at a i s p erf or m e d, c o m pri si n g t h e 
r etri e v al of it s o Th ci al n a m e, s y n o n y ms, cr o ss-r ef er e n c e s 

Fi g.  1  C o nstr u cti o n a n d c ur ati o n of C O C O N U T o nli n e
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T a bl e  1  P u bli c d at a b a s e s a n d d at a s et s fr o m w hi c h C O C O N U T w a s a s s e m bl e d

D at a b a s e n a m e (" N P" s u Th x i s  a d d e d t o  d at a b a s e 
n a m e w h e n  o nl y  a s u b s et of it c o nt ai n s n at ur al 
pr o d u ct s)

N u m b er of  e ntri e s i nt e gr at e d 
i n  C O C O N U T fr o m t h e  s o ur c e

M o st r e s e nt p u bli c ati o n or r e s o ur c e U R L

Afr o C a n c er 3 6 5 [3 3 ]

Afr o D B 8 7 4 [3 4 ]

Afr o M al ari a D B 2 5 2 [3 5 ]

A n al yti C o n Dis c o v er y N Ps 4 9 0 8 [3 6 ]

BI O F A C Q UI M 4 0 0 [3 7 ]

Bitt er D B 6 2 5 [3 8 ]

C ar ot e n oi ds D at a b as e 9 8 6 [3 9 ]

C h E BI N Ps 1 4 6 0 3 [2 0 ]

C h E M B L N Ps 1 5 8 5 [2 1 ]

C h e m S pi d er N Ps 9 0 2 7 [4 0 ]

C M A U P ( c C oll e cti v e m ol e c ul ar a cti viti es of us ef ul pl a nts) 2 0 8 6 8 [7 ]

C o n M e d N P 2 5 0 4 [4 1 ]

E T M ( Et hi o pi a n Tr a diti o n al M e di ci n e) D B 1 6 3 3 [4 2 ]

E x p os o m e ‑e x pl or er 4 7 8 [4 3 ]

F o o D B 2 2 1 2 3 [9 ]

G N P S ( Gl o b al N at ur al Pr o d u cts S o ci al M ol e c ul ar N et w or k‑
i n g)

6 7 4 0 [4 4 ]

HI M ( H er b al I n gr e di e nts i n ‑vi v o M et a b olis m d at a b as e) 9 6 2 [4 5 ]

HI T ( H er b al I n gr e di e nts T ar g ets) 4 7 0 [4 6 ]

I n d o fi n e C h e mi c al C o m p a n y 4 6 [4 7 ]

I n Th a m N at 5 3 6 [4 8 ]

I n P A C d b 1 2 2 [4 9 ]

I nt er Bi o S cr e e n Lt d 6 7 2 9 1 [5 0 ]

K N A p S a C K 4 4 4 2 2 [6 ]

Li c h e n D at a b as e 1 4 5 3 [5 1 ]

M ari n e N at ur al Pr o d u cts 1 1 8 8 0 [5 2 ]

Mitis h a m b a d at a b as e 1 0 1 0 [5 3 ]

N A N P D B ( N at ur al Pr o d u cts fr o m N ort h er n Afri c a n S o ur c es) 3 9 1 4 [5 4 ]

N CI D T P d at a 4 0 4 [5 5 ]

N P A C T  1 4 5 3 [5 6 ]

N P A S S 2 7 4 2 4 [5 7 ]

N P Atl as 2 3 9 1 4 [4 ]

N P C A R E 1 3 6 2 [5 8 ]

N P E di a 1 6 1 6 6 [5 9 ]

N u B B E D B 2 0 2 2 [5 ]

p ‑A N A P L 4 6 7 [6 0 ]

P h e n ol ‑e x pl or er 6 8 1 [6 1 ]

P u b C h e m N Ps 2 8 2 8 [2 7 ]

R e S p e ct 6 9 9 [6 2 ]

S A N C D B 5 9 2 [6 3 ]

S e a w e e d M et a b olit e D at a b as e ( S W M D) 3 4 8 [6 4 ]

S p e cs N at ur al Pr o d u cts 7 4 5 [6 5 ]

S p e ktr aris N M R 2 4 2 [6 6 ]

Str e pt o m e D B 6 0 5 8 [6 7 ]

S u p er N at ur al II 2 1 4 4 2 0 [3 ]

T C M D B @ T ai w a n ( Tr a diti o n al C hi n es e M e di ci n e d at a b as e) 5 0 8 6 2 [8 ]

T C MI D ( Tr a diti o n al C hi n es e M e di ci n e I nt e gr at e d D at a b as e) 1 0 5 5 2 [6 8 ]

TI P d b ( d at a b as e of T ai w a n i n di g e n o us pl a nts) 7 7 4 2 [6 9 ]



P a g e 4 of 1 3S or o ki n a et al. J C h e mi nf or m            ( 2 0 2 1) 1 3: 2 

t o  ot h er  m aj or  c h e mi c al  d at a b a s e s.  Th e n,  a  r a n g e  of  
m ol e c ul ar  pr o p erti e s,  d e s cri pt ors  a n d  fi n g er pri nt s  (f ull  
li st  i n  Ta bl e  2 )  ar e  c o m p ut e d  u si n g  t h e  i n- b uil d  C D K  
[1 3 ]  li br ari e s.  A s  t h e  n u m b er  of  t h e  c o m p ut e d  pr o p er-
ti e s i s q uit e bi g ( 7 3 Th el d s i n e a c h d o c u m e nt c orr e s p o n d-
i n g t o o n e u ni q u e N P), o nl y a s el e ct e d f r a cti o n of t h e m i s 
di s pl a y e d o n t h e C O C O N U T w e b i nt erf a c e. Fi n all y, t h e 
ffirst r o u n d of a ut o m ati c c ur ati o n of N P m et a d at a, i n p ar -
ti c ul ar  t h e  m ol e c ul ar  n a m e  s y n o n y ms,  cr o ss-r ef er e n c e s  
wit h  ot h er  m aj or  c h e mi c al  d at a b a s e s,  c orr e cti o n  of  t h e  
lit er at ur e r ef er e n c e s ( P u b M e d i d e nti fi ers a n d D OIs) a n d 
t a x o n o m y  i s  p erf or m e d.  All  ori gi n al  d at a,  u ni fi e d  N Ps  
a n d  t h e  d eri v e d  a n d  c al c ul at e d  i nf or m ati o n  ar e  st or e d  
i n  M o n g o D B.  Th e  c h e mi c al  cl a ssi fi c ati o n  of  all  N Ps  i n  
C O C O N U T  i s  p erf or m e d  wit h  Cl a ss y Fir e  [ 1 4 ],  a n d,  
w h e n a v ail a bl e, i s di s pl a y e d i n t h e c orr e s p o n di n g s e cti o n 
of t h e c o m p o u n d p a g e. Cl a ss y Fir e pr o vi d e s a hi er ar c hi c al 
c h e mi c al cl a ssi Th c ati o n of c h e mi c al c o m p o u n d s a n d e n a -
bl e s g r o u pi n g N Ps b y t h eir c h e mi c al cl a ss. A d diti o n all y, 
fr a m e w or k s  f a cilit ati n g  N Ps  a n al y s e s  f or  t h eir  c h e mi c al  
a n d t h er a p e uti c pr o p erti e s ar e c o m p ut e d f or N Ps, s u c h 
a s M ur c k o f r a m e w or k s [ 1 5 ], Ertl F u n cti o n al Gr o u p s [1 6 ] 
a n d d e e p S MI L E S [ 1 7 ]. D e e p S MI L E S i s a n a d a pt ati o n of 
S MI L E S  f or  u s e  i n  d e e p  m a c hi n e  l e ar ni n g  of  c h e mi c al  
str u ct ur e s. D u e t o t h e i n cr e a s e d u s a g e of d e e p l e ar ni n g 
i n c h e mi str y, it i s i n d e e d i nt er e sti n g t o pr o vi d e t hi s n e w 
c h e mi c al r e pr e s e nt ati o n t y p e pr e- c o m p ut e d f or N Ps.

L a st, t h e a n n ot ati o n l e v el of e a c h N P i n C O C O N U T 
i s  c o m p ut e d.  It  i s  a  5- st ar- b a s e d  s y st e m,  w h er e  1  st ar  
i s  t h e  l o w e st  a n n ot ati o n  q u alit y  ( n o  v eri fi e d  c o m m o n  
n a m e,  n o  t a x o n o mi c  pr o v e n a n c e  a n n ot ati o n,  n o  lit er a -
t ur e r ef er e n c e a n d n o tr u st e d d at a s o ur c e) a n d 5 st ars i s 
t h e hi gh e st q u alit y, wit h all t h e i nt er m e di at e a n n ot ati o n 
q u aliti e s r e Th e ct e d b y 2, 3 a n d 4 st ars. O nl y C h E BI [ 1 8 ], 
K N A p S A c K [ 6 ], C h E M B L [1 9 ], C M A U P [7 ], N P Atl a s [4 ] 
a n d, of c o urs e, t h e m a n u all y pi c k e d d at a ar e c o nsi d er e d 
a s  tr u st e d  d at a  pr o v e n a n c e s.  F or  e x a m pl e,  c ar y oli vi n e  
( C N P 0 2 3 5 8 5 4)  h a s  a  5- st ars  a n n ot ati o n  b e c a u s e  it  h a s  
a  v eri ff e d  c o m m o n  n a m e,  i s  k n o w n  t o  b e  pr o d u c e d  b y  
C ar y o m e n e oli v as c e ns , a pl a nt, i s a ss o ci at e d t o a s ci e nti Th c 

p u bli c ati o n  a n d  i s  pr e s e nt  i n  K N A p S A c K.  ff e  C O C O -
N U T  N P  C N P 0 3 3 0 7 6 4  h a s  n o  v eri fi e d  c o m m o n  n a m e,  
o nl y a c o m p ut e d I U P A C o n e, b ut i s pr e s e nt i n C M A U P 
a n d i s k n o w n t o b e pr o d u c e d b y a r a n g e of pl a nt s, t h er e -
f or e it’s a n n ot ati o n l e v el i s 3. Th e a n n ot ati o n l e v el i s r e p-
r e s e nt e d wit h st ars o n t h e N P p a g e.

N at ur al pr o d u ct n a mi n g

N Ps c o m m o n n a m e s i n C O C O N U T h a v e b e e n r etri e v e d, 
w h e n  a v ail a bl e,  f r o m  t h eir  d at a b a s e s  of  ori gi n.  Th e  
r e m ai ni n g  N Ps  h a v e  b e e n  s e ar c h e d  b y  I n C hI  i n  m aj or  
c h e mi c al  d at a b a s e s  ( P u b C h e m,  C h E M B L  a n d  C h E BI)  
a n d c o m m o n n a m e s a n d s y n o n y ms w er e r etri e v e d w h e n 
o c c ur e n c e s  t h e  c o m p o u n d  w er e  f o u n d.  A d diti o n all y  t o  
t hi s,  I U P A C  n a m e s  w er e  c o m p ut e d  f or  all  C O C O N U T  
N Ps u si n g C h e m A x o n’s M ol C o v ert [ 2 0 ], t o a d d n o m e n-
cl at ur e  h o m o g e n eit y  t o  t h e  d at a s et.  F urt h e m or e,  t h e  
I UP A C n a m e s ar e u s e d a s t h e m ai n N P n a m e w h e n n o 
o Th ci al c h e mi c al n a m e h a s b e e n f o u n d n or i n t h e ori gi n al 
s o ur c e s, n or b y s e ar c hi n g bi g c h e mi c al d at a b a s e s. fi er e -
f or e, all N Ps i n C O C O N U T h a v e at l e a st o n e m ol e c ul ar 
n a m e.

C o m p ut e d m ol e c ul ar f e at ur e s

Fi g ur e   2  d e m o nstr at e s  t h e  di stri b uti o ns  a n d  r el ati o n -
s hi p s of a s m all s el e cti o n of c o m p ut e d m ol e c ul ar f e at ur e s 
wit hi n  C O C O N U T.  S u g ar  m oi eti e s  o c c ur  f r e q u e ntl y  i n  
N Ps a n d h a v e a n i m p ort a nt i m p a ct o n t h eir bi o a cti viti e s 
a n d p h y si c o c h e mi c al pr o p erti e s. H o w e v er, t h e y ar e oft e n 
r e d u n d a nt a n d t h er ef or e o b str u ct t h e st u d y of t h e a gl y -
c o n. F or t hi s r e a s o n, N Ps i n C O C O N U T h a v e b e e n a n a -
l y s e d  f or  s u g ar  m oi eti e s  pr e s e n c e,  a n d  a  d e gl y c o s yl at e d  
str u c tur e r e pr e s e nt ati o n w a s m a d e a v ail a bl e i n t h e d at a -
b a s e.  S u g ar  m oi eti e s  m a ni p ul ati o ns  w er e  p erf or m e d  
u si n g  t h e  S u g ar  R e m o v al  Utilit y  [ 2 1 ].  T o  tr a c k  t h eir  
i n ff u e n c e o n ot h er f e at ur e s, t h eir a b s e n c e a n d pr e s e n c e 
ar e  c ol o ur- m a p p e d  ( n o  s u g ar  m oi et y  i n  t h e  m ol e c ul ar  
str u ct ur e i n bl u e, a n d t h e pr e s e n c e of at l e a st o n e s u g ar 
m oi et y  i n  or a n g e).  fi e  wi d e  m ol e c ul ar  w ei g ht  r a n g e  i s  
t y pi c al  f or  N Ps;  it  i s,  h o w e v er,  i nt er e sti n g  t o  n oti c e  it s  

T a bl e  1  ( c o nti n u e d)

D at a b a s e n a m e (" N P" s u fi x i s  a d d e d t o  d at a b a s e 
n a m e w h e n  o nl y  a s u b s et of it c o nt ai n s n at ur al 
pr o d u ct s)

N u m b er of  e ntri e s i nt e gr at e d 
i n  C O C O N U T fr o m t h e  s o ur c e

M o st r e s e nt p u bli c ati o n or r e s o ur c e U R L

T P P T ( T o xi c Pl a nts – P h yt o T o xi ns) 1 4 8 3 [7 0 ]

U E F S ( N at ur al Pr o d u cts D at a bs e of t h e U E F S) 4 8 1 [7 1 ]

U N P D ( U ni v ers al N at ur al Pr o d u cts D at a b as e) 1 5 6 8 6 5 [7 2 ]

Vi et H er b 4 7 5 9 [7 3 ]

ZI N C N P 6 7 3 2 7 [7 4 ]

M a n u all y s el e ct e d m ol e c ul es 6 1 x
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T a bl e  2  M ol e c ul ar f e at ur e s pr e s e nt i n C O C O N U T a n d i n t h eir di s p o ni bilit y i n t h e w e b i nt erf a c e

N at ur al pr o d u ct f e at ur e Fi el d n a m e i n  M o n g o D B —
u ni q u e N at ur al Pr o d u ct c oll e cti o n

Di s pl a y e d 
o n t h e  w e b sit e

C O C O N U T i d e nti Th er c o c o n ut _i d x

List of S MI L E S wit h st er e o c h e mistr y a n d t h eir pr o v e n a n c e a bs ol ut e _s mil es x

Al o g P ( G h os e ‑Cri p p e n L o g K o w) al o g p x

Al o g P 2 al o g p 2 x

A M R — m ol ar r efr a cti vit y a mr al o g p

A n n ot ati o n l e v el of t h e N P (fr o m 1 t o 5) a n n ot ati o n L e v el x

B C U T d e cri pt or ( Ei g e n v al u e b as e d) b c ut D es cri pt or

B o n d n u m b er i n t h e N P b o n d _ c o u nt x

B P ol d es cri pt or b p ol x

C A S n u m b er c as x

List of lit er at ur e D OIs m e nti o ni n g t h e N P cit ati o n D OI x

B o ol e a n —if t h e m ol e c ul e c o nt ai ns li n e ar s u g ars c o nt ai ns _li n e ar _s u g ars

B o ol e a n —if t h e m ol e c ul e c o nt ai ns cir c ul ar s u g ars c o nt ai ns _ri n g _s u g ars

B o ol e a n —if t h e m ol e c ul e c o nt ai ns s u g ar m oi eti es c o nt ai ns _s u g ar

d e e p S MI L E S d e e p _s mil es x

E c c e ntri c C o n n e cti vit y I n d e x D es cri pt or e c c e ntri c C o n n e cti vit yI n d e x D es cri pt or x

List of tl F u n cti o n al Gr o u ps ertl F u nti o n al Fr a g m e nts

List of Ertl F u n cti o n al Gr o u ps i n ps e u d o S MI L E S ertl F u n cti o n al Fr a g m e nts Ps e u d o S mil es

F M F d es cri pt or f mf D es cri pt or x

List of d at a s o ur c es c o nt ai ni n g t h e N P f o u n d _i n _ d at a b as es

Fr a g m e nt c o m pl e xit y d es cri pt or fr a g m e nt C o m pl e xit y D es cri pt or x

List of cir c ul ar fr a g m e nts ( m ol e c ul ar si g n at ur es) of t h e d e gl y c os yl at e d N P fr a g m e nts

List of cir c ul ar fr a g m e nts ( m ol e c ul ar si g n at ur es) of t h e w h ol e N P fr a g m e nts Wit h S u g ar

Fr a cti o n al C S P 3 D es cri pt or ( n o n ‑fi at n ess of a m ol e c ul e) fs p 3 x

List of c o nti n e nts a n d r e gi o ns w h er e t h e or g a nis m pr o d u ci n g t h e N P is f o u n d g e o L o c ati o n

Gr a vit ati o n al i n d e x d es cri pt or ( h e a v y at o ms o nl y) gr a vit ati o n alI n d e x H e a v y At o ms

H y dr o g e n b o n d a c c e pt or c o u nt h B o n d A c c e pt or C o u nt

H y dr o g e n b o n d d o n or c o u nt h B o n d D o n or C o u nt

N u m b er of h e a v y at o ms i n t h e N P h e a v y _ at o m _ n u m b er x

H y bri di z ati o n R ati o D es cri pt or (fr a cti o n of s p 3 c ar b o ns t o s p 2 c ar b o ns) h y bri di z ati o n R ati o D es cri pt or

I n C hI ( wit h o ut st er e o c h e mistr y) i n c hi x

I n C hI k e y i n c hi k e y x

I U P A C n a m e i u p a c _ n a m e x

First k a p p a s h a p e i n d e x k a p p a S h a p eI n d e x 1

S e c o n d k a p p a s h a p e i n d e x k a p p a S h a p eI n d e x 2

T hir d k a p p a s h a p e i n d e x k a p p a S h a p eI n d e x 3

N u m b er of f ail ur es i n t h e Li pi ns ki r ul e of 5 li pi ns ki R ul e Of 5 F ail ur es x

L o g P d es cri pt or ( M a n n h ol d v ersi o n) m a n h ol dl o g p

M a xi m al n u m b er of ri n gs i n t h e N P m a x _ n u m b er _ of _ri n gs x

Mi ni m al n u m b er of ri n gs i n t h e N P mi n _ n u m b er _ of _ri n gs x

M ol e c ul ar f or m ul a m ol e c ul ar _f or m ul a x

M ol e c ul ar w ei g ht m ol e c ul ar _ w ei g ht x

M ur c k o Fr a m e w or k m ur c k o _fr a m e w or k x

O Th ci al n a m e ( w h e n a v ail a bl e) n a m e x

N P ‑li k e n ess s c ore n pl _s c or e x

N P ‑li k e n ess s c ore c o m p ut e d o n t h e gl y c os yl at e d m ol e c ul e n pl _s u g ar _s c or e

T ot al n u m b er of c ar b o ns n u m b er _ of _ c ar b o ns x

T ot al n u m b er of nitr o g e ns n u m b er _ of _ nitr o g e ns

T ot al n u m b er of o x y g e ns n u m b er _ of _ o x y g e ns
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c or r el ati o n wit h t h e n u m b er of o x y g e n at o ms i n t h e m ol -
e c ul e,  r e g ar dl e ss  of  t h e  pr e s e n c e  a n d  a b s e n c e  of  s u g ar.  
A n ot h er  i n ter e sti n g  c orr el ati o n  t o  b e  n ot e d  i s  b et w e e n  
t h e m ol e c ul ar w ei g ht a n d t h e nitr o g e n at o m n u m b er i n 
s u g ar-f r e e m ol e c ul e s. Th e N P-li k e n e ss s c or e [ 2 2 ], tr ai n e d 
o n hi g h- q u alit y N Ps d at a s et a n d c o m p ut e d wit h N a P L e S 
[2 3 ], w hi c h w a s tr ai n e d o n hi g h- q u alit y N Ps d at a s et, h a s 
a t y pi c al di stri b uti o n f or a n N Ps s et, w h er e m o st m ol e -
c ul e s h a v e a p o siti v e s c or e.

At t hi s p oi nt, a n a d diti o n al N Ps c ur ati o n st e p h a s b e e n 
p erf or m e d, d u e t o t h e p o ssi bl e i n c o nsi st e n c y i n g e n ui n e 
N Ps  of  o n e  of  t h e  u s e d  s o ur c e s,  S u p er N at ur al  II.  N Ps  
t h at ar e n ot o c c uri n g i n ot h er d at a s et s u s e d t o a ss e m bl e 
C O C O N U T, b ut o nl y i n S u p er N at ur al II, h a v e b e e n t h or -
o u g hl y t e st e d. T o b e k e pt i n C O C O N U T a n d b e c o nsi d -
er e d a s a g e n ui n e or pr e di ct e d N P, s u c h a m ol e c ul e h a s t o 
h a v e a str i ctl y p o siti v e N P-li k e n e ss s c or e, b e cl a ssi fi e d a s 
a N P b y N P cl a ssi Th er [ 2 4 ], a d e e p n e ur al n et w or k- b a s e d 
str u ct ur al cl a ssi ffi c ati o n t o ol s p e ci ali s e d i n N Ps or h a v e a 

s u g ar m oi et y i n it s str u ct ur e. fi e 2 4, 8 8 0 m ol e c ul e s f r o m 
S u p er N at ur al  II  t h at  di d n’t  p a ss  t hi s  a d diti o n al  q u alit y  
c o ntr ol h a v e b e e n r e m o v e d f r o m C O C O N U T, u ntil f ur -
t h er pr o of of t h eir n at ur al pr o v e n a n c e.

C o u nti n g  r i n g s  i n  a  m ol e c ul e  c a n  b e c o m e  a  c o m pl e x  
t a s k,  a s  t h e  o ut er  p eri m et er  of  t w o  f u s e d  ri n g s  c a n  b e  
c o u nt e d  a s  o n e  bi g  ri n g.  Wit h  m or e  c o n d e ns e d  ri n g s,  
t h e n u m b er of f u s e d ri n g p eri m et ers ( a k a a s t h e s et of all 
ri n g s) c a n g r o w st e e pl y. I n Fi g.  2 , o nl y t h e mi ni m al ri n g 
c o u nt (t h e mi ni m al c y cl e b a s e) i s r e pr e s e nt e d.

N at ur al pr o d u ct a n n ot ati o n

fi e  p arti c ul arit y  of  N Ps,  o p p o s e d  t o  s y nt h eti c  m ol -
e c ul e s,  w hi c h  c o nstit ut e  t h e  bi g g e st  p art  of  c h e mi c al  
d a ta b a s e s,  r e si d e s  i n  t h eir  pr o d u cti o n  b y  li vi n g  or g a n -
i s ms. Th er ef or e, i n a d diti o n t o t h eir str u ct ur e a n d c o m-
p ut a bl e str u ct ur al pr o p erti e s, N Ps n e e d t o b e a n n ot at e d 
w ith at l e a st o n e lit er at ur e r ef er e n c e, m e nti o ni n g w h er e, 
w h e n a n d f r o m w hi c h or g a ni s m t h e N P w a s i s ol at e d. A s 

T a bl e  2  ( c o nti n u e d)

N at ur al pr o d u ct f e at ur e Fi el d n a m e i n  M o n g o D B —
u ni q u e N at ur al Pr o d u ct c oll e cti o n

Di s pl a y e d 
o n t h e  w e b sit e

N u m b er of s p or o at o ms n u m b er S pir o At o ms

P etitj e a n N u m b er D es cri pt or p etitj e a n N u m b er x

P etitj e a n g e o m etri c al s h a p e i n d e x p etitj e a n S h a p e G e o m

P etitj e a n g e o m etri c al s h a p e i n d e x p etitj e a n S h a p e T o p o

P u b C h e m fi n g er pri nt i n M o n g o D B Bi n D at a f or m at p u b c h e m Bits

P u b C h e m Th n g er pri nt as list of b o ol e a ns p u b c h e m Fi n g er pri nt

S MI L E S wit h all h y dr o g e n e x pli cit s mil es x

N u m b er of h e a v y at o ms of t h e d e gl y c os yl at e d m oi et y s u g ar _fr e e _ h e a v y _ at o m _ n u m b er

SI L E S of t h e d e gl y c os yl at e d m oi et y s u g ar _fr e e _s mil es

T ot al at o m n u m b er of t h e d e gl y c os yl at e d m oi et y s u g ar _fr e e _t ot al _ at o m _ n u m b er

List of s y n o n y m n a m es of t h e N P s y n o n y ms x

List of N C BI t a x o n o m y i d e nti fi ers of or g a nis ms pr o d u ci n g t h e N P t a xi d

List of or g a nis ms pr o d u ci n g t h e N P i n t e xt f or m t e xt T a x a

T o p ol o gi c al p ol ar s urf a c e ar e a d es cri pt or t o p o P S A

T ot al at o m c o u nt i n t h e N P (i n c u di n g h y dr o g e ns) t ot al _ at o m _ n u m b er

Fr a cti o n al p ol ar s urf a c e ar e a d es cri pt or t ps a E Th ci e n c y

U ni q u e S MI L E S ( C D K) u ni q u e _s mil es x

V ol u m e d es cri pt or v a b c D es cri pt or

V ert e x a dj a c e n c y i nf or m ati o n v ert e x A dj M a g nit u d e

Wi e n er P at h N u m b er wi e n er P at h N u m b er x

Wi e n er P ol arit y N u m b er wi e n er P ol arit y N u m b er

X L o g P d es cri pt or xl o g p x

Cr oss ‑r efer e n c es t o t o h er c h e mi c al r ess o ur c es xr efs x

Z a gr e b I n d e x z a gr e bI n d e x x

C h e mi c al s u p er cl ass of t h e N P c o m p ut e d wit h Cl ass y Fir e c h e mi c al S u p er Cl ass x

C h e mi c al cl ass of t h e N P c o m p ut e d wit h Cl ass y Fir e c h e mi c al Cl ass x

C h e mi c al s u b cl ass of t h e N P c o m p ut e d wit h Cl ass y Fir e c h e mi c al S u b Cl ass x

Dir e ct p ar e nt i n t h e c h e mi c al o nt ol o g y of t h e N P c o m p ut e d wit h Cl ass y Fir e dir e ct P ar e nt Cl assi ff c ati o n x
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a dir e ct c o ns e q u e n c e, a n N P e ntr y s h o ul d b e a ss o ci at e d 
wit h at l e a st o n e or g a ni s m, pr ef er e nti all y wit h a n N C BI 
t a x o n o m y  i d e nti Th er  a n d  t h e  g e o g r a p hi c  l o c ati o n  w h er e  
t h e or g a ni s m i s n at ur all y o c c uri n g or h a s b e e n c oll e ct e d. 
R e g r ett a bl y, t hi s m et a d at a i s oft e n o mitt e d i n p u bli c d at a -
b a s e s f r o m w hi c h C O C O N U T w a s a ss e m bl e d. fi er ef or e, 
o nl y  3 1. 5 %  ( 1 3 4, 3 7 9)  of  N P s  i n  C O C O N U T  ar e  a n n o -
t at e d wit h at l e a st o n e or g a ni s m t a x a, f or 1 5. 4 % ( 6 6, 0 6 8) 
of N P s t h e g e o g r a p hi c l o c ati o n ( o n t h e c o nti n e nt l e v el) 
of  t h e  or g a ni s m  o c c ur e n c e  or  c oll e cti o n  i s  k n o w n  a n d  
o nl y  1 6. 6 %  ( 7 0, 7 3 0)  of  N Ps  h a v e  at  l e a st  o n e  lit er at ur e  
r ef er e n c e. Th e s e n u m b ers c o m bi n e b ot h t h e r etri e v al of 
t h e ori gi n al N P a n n ot ati o ns f r o m t h eir s o ur c e s a n d o ur 
e ffi ort s t o r etri e v e m or e e xt e nsi v e i nf or m ati o n f r o m m aj or 

tr u st e d  c h e mi c al  d at a b a s e s,  P u b C h e m  [2 5 ],  C h E M B L  
[1 9 ], C h E BI [1 8 ], C M A U P [7 ] a n d K n a p S a c K [6 ]. D e s pit e 
o ur e fi ort s, m o st of t h e li n k s b et w e e n t h e ori gi n al p u bli -
c ati o n of t h e str u ct ur e el u ci d ati o n of a n N P a n d it s r ef -
er e n c e,  s o ur c e  or g a ni s m  a n d  it s  g e o g r a p hi c al  l o c ati o n  
ar e  still  mi ssi n g.  A  p o ssi bl e  s ol uti o n  t o  fill  t h e s e  g a p s  
i s  m a n u al  c ur ati o n,  b ut  t h e  a m o u nt  of  d at a  i n  C O C O-
N U T i s r e d hi bit or y f or e v e n c o nsi d eri n g t hi s a p pr o a c h. 
A n ot h er s ol uti o n i s t o u s e u ns u p er vi s e d m a c hi n e l e ar n -
i n g f or o pti c al r e c o g niti o n a p pr o a c h e s, t o p ars e m o d er n 
p e er-r e vi e w e d lit er at ur e a n d b o o k s t o r e- e st a bli s h li n k s 
b et w e e n N Ps str u ct ur e s a n d t h eir pr o v e n a n c e.

We  a n al y s e d  t h e  t a x o n o mi c  cl a ssi Th c ati o n  of  k n o w n  
N Ps pr o d u c ers t o g et h er wit h o v erl a p s i n N Ps pr o d u cti o n 

Fi g.  2  P air pl ot of a s el e cti o n of fi v e of t h e m ol e c ul ar f e at ur es a v ail a bl e i n C O C O N U T. C ol o ur m a p pi n g c orr es p o n ds t o t h e pr es e n c e ( y ell o w) a n d 
a bs e n c e ( bl u e) of gl y c osi di c m oi eti es i n t h e m ol e c ul ar str u ct ur es of t h e N Ps i n C O C O N U T
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b et w e e n s u p er ki n g d o m f or t h e 3 1 % of t h e N Ps i n C O C O -
N U T  f or  w hi c h  t h e  pr o v e n a n c e  or g a ni s m  i s  k n o w n  
( Fi g.  3 ).  H er e  ar e  di sti n g ui s h e d  Th v e  t a x o n o mi c  c at-
e g ori e s: pl a nt s, b a ct eri a, f u n gi, a ni m al s a n d m ari n e. fi e 
la st  o n e  i s  n ot  a  pr o p er  m o n o cl a d e  cl a ssi Th c ati o n,  b ut  
r at h er r e ffi e ct s a g r o u p of or g a ni s ms t h at ar e f o u n d o nl y 
i n  m ari n e  a n d  o c e a ni c  e n vir o n m e nt s,  a n d  t h er ef or e  
c a n o v erl a p i n t er ms of it s s p e ci e s a n d N P c o nt e nt wit h 
ot h er  c at e g ori e s,  w hi c h  ar e  m or e  stri n g e nt  t a x o n o mi -
c all y. A l ar g e p art ( 6 5 %) of t h e s e a n n ot at e d N Ps ar e pr o -
d u c e d o nl y b y pl a nt s, a n d o nl y v er y f e w ( 0. 5 %) ar e f r o m 
a ni m al or i gi n. M ai n o v erl a p s i n t er ms of N P pr o d u cti o n 
b et w e e n t h e t a x o n o mi c ki n g d o ms ar e b et w e e n pl a nt s a n d 
m ari n e or g a ni s ms ( w hi c h i s u ns ur pri si n g, a s t h er e c a n b e 
r e al  pl a nt s  a m o n g  t h e  m ari n e  e ntiti e s)  a n d  s ur pri si n gl y  
b et w e e n  pl a nt s  a n d  f u n gi.  fi e  ot h er  o v erl a p s  b et w e e n  
t a x o n o mi c  ki n g d o ms  ar e  n ot  a s  si g ni fi c a nt.  It  n e e d s  t o  
b e  p oi nt e d  o ut  h er e  t h at  m ulti c ell ul ar  or g a ni s ms,  s u c h  
a s pl a nt s, a ni m al s a n d s o m e of t h e f u n gi ar e m o st of t h e 

ti m e  i n  s y m bi o si s  wit h  mi cr o or g a ni s ms,  i n  p arti c ul ar  
b a ct eri a.  Th er ef or e,  N Ps  i s ol at e d  f r o m  s u c h  a  m ulti c el -
l ul ar or g a ni s m c a n b e s y nt h e si z e d a n d s e cr et e d b y t h eir 
s y m bi o nt s  or  mi cr o bi o m e s,  a n d  t h er ef or e  mi st a k e nl y  
a ssi g n e d t o a n i n c orr e ct or g a ni s m.

fi e g e o g r a p hi c l o c ati o n of t h e c oll e cti o n or t h e n at u -
r al pr e s e n c e of t h e N P- pr o d u ci n g or g a ni s m i s a pi e c e of 
i nfor m ati o n t h at i s e v e n m or e di Th c ult t o o bt ai n. N o w a -
d a y s, a r a n g e of or g a ni s ms, a n d i n p arti c ul ar pl a nt s, c a n 
b e f o u n d i n di fi er e nt p art s of t h e pl a n et d u e t o gl o b ali s a -
ti o n a n d t h eir s u c c e ss i n h u m a n c o ns u m pti o n ( e. g. g arli c, 
to m a t o e s, c ur c u m a or gi n g er). It i s, t h er ef or e, di Th c ult, if 
n ot  i m p o ssi bl e,  t o  d et er mi n e  t h eir  ori gi n al  pr o v e n a n c e.  
Al s o,  t h e  g e o g r a p hi c al  i nf or m ati o n  i s  oft e n  o mitt e d  
i n  lit er at ur e  a n d  m o st  N Ps  d at a b a s e s.  W h e n  a v ail a bl e,  
t h e g e o g r a p hi c al pr o v e n a n c e i s st or e d i n t h e M o n g o D B 
d u m p of C O C O N U T, b ut n ot di s pl a y e d o n t h e w e b sit e.

F o r  N P s  w h e r e  g e o g r a p hi c al  i nf o r m ati o n  i s  a v ail -
a bl e,  it  a p p e a r s  t h at  m o st  of  t h e m  a r e  p r o d u c e d  b y  

Fi g.  3  O v erl a p of N Ps t a x o n o mi c pr o v e n a n c e i n C O C O N U T
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o r g a ni s m s t h at h a v e b e e n i s ol at e d i n A si a ( Fi g.  4 ). T hi s 
bi a s i s i nt r o d u c e d b y t h e i nt e n si v e st u d y b y s ci e nti st s 
of  t h e  t r a diti o n al  C hi n e s e  a n d  I n di a n  m e di ci n e s  a n d  
b y  t h e  bi g  eff o rt s  i n  i s ol ati o n  a n d  el u ci d ati o n  of  N P s 
f r o m  m e di ci n al  pl a nt s.  N P s  f r o m  t h e  Af ri c a n  c o nti-
n e nt a r e al s o w ell r e p r e s e nt e d i n C O C O N U T ( Fi g.   4 ), 
m ai nl y  d u e  t o  t h e  s ci e ntifi c  i nt e r e st  i n  Af ri c a n  t r a di -
ti o n al  m e di ci n e s  a n d  Af ri c a n  bi o di v e r sit y.  T h e r e  i s,  
fo r n o w , n o d at a f r o m t h e bi o di v e r sit y of t h e A u st r al-
i a n c o nti n e nt, a n d o nl y v e r y littl e d at a f o r N P s i s ol at e d 
fr o m  e n d e mi c  E u r o p e a n  o r g a ni s m s.  N P s  f r o m  t h e  
A m e ri c a s a r e m ai nl y e xt r a ct e d a n d s ol v e d w hil e B r a zil -
i a n a n d M e xi c a n bi o di v e r sit y e x pl o r ati o n. O nl y a f e w 
N P s a r e p r e s e nt i n m o r e t h a n o n e c o nti n e nt, m ai nl y i n 
A si a a n d Af ri c a, a n d t h e o v e rl a p v al u e s a r e bi a s e d b y 
t h e v e r y diff e r e nt N P s s et si z e s b et w e e n t h e diff e r e nt 
c o nti n e nt s.

W e b i nt erf a c e a n d t e c h ni c al s p e ci Th citi e s

All C O C O N U T d at a i s st or e d wit h M o n g o D B, a cr o ss-
pl atf or m d o c u m e nt- ori e nt e d N o S Q L d at a b a s e pr o g r a m. 

fi e s m all e st u nit i n M o n g o D B i s a d o c u m e nt, c o m p o s e d 
of k e y a n d v al u e p airs t h at ar e si mil ar t o J S O N o bj e ct s. 
D o c u m e nt s of t h e s a m e n at ur e ar e or g a ni z e d i n c oll e c -
ti o ns, w hi c h ar e t h e e q ui v al e nt of t h e S Q L- b a s e d d at a-
b a s e s t a bl e s. M o n g o D B i s p arti c ul arl y a d a pt e d t o bi g a n d 
c o m pl e x d at a, s u p p ort s m ulti pl e i n d e xi n g, i n cl u di n g t e xt 
i n d e xi n g  all o wi n g  e n h a n c e d  t e xt  s e ar c h  i n  t e xt-i n d e x e d  
Th el d s a n d c o nt ai ns a wi d e r a n g e of i n- b uil d s e ar c h a n d 
a n al y si s f u n cti o ns.

T w o m aj or c oll e cti o ns ar e pr e s e nt i n t h e C O C O N U T 
d at a b a s e:  S o ur c e N at ur al Pr o d u ct,  w hi c h  c o nt ai ns  t h e  
ori gi n al N Ps d at a c oll e ct e d f r o m t h e o p e n s o ur c e s, a n d 
U ni q u e N at ur al Pr o d u ct,  t h e  u ni ffi e d  a n d  c ur at e d  c oll e c -
ti o n of N Ps. fi e f ull v ersi o n of C O C O N U T wit h all t h e 
c al c ul at e d f e at ur e s c a n b e a c c e ss e d a s a M o n g o D B d u m p 
i n  t h e  D o w nl o a d s  s e cti o n  of  t h e  w e b sit e.  R e q u e st s  f or  
di s pl a yi n g  a d diti o n al  cr u ci al  f e at ur e s  i n  t h e  w e b  i nt er -
f a c e a n d m a ki n g t h e m s e ar c h a bl e t hr o u g h t h e a d v a n c e d 
s e ar c h i nt erf a c e ar e w el c o m e vi a t h e C O C O N U T Git H u b 
tr a c k er (s e e b el o w).

Fi g.  4  O v erl a p of N Ps g e o gr a p hi c pr o v e n a n c e i n C O C O N U T
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Th e C O C O N U T o nli n e f r o nt- e n d i s d e v el o p e d e ntir el y 
wit h R e a ct.js [ 2 6 ], a J a v a S cri pt li br ar y t o b uil d r e s p o nsi v e 
a n d e fi ci e nt u s er i nt erf a c e s. Th e O p e n C h e m Li b li br ar y 
[2 7 ] i s u s e d t o h a n dl e t h e c h e mi c al e dit or f or t h e s e ar c h 
f u n cti o ns.  ffi e  C O C O N U T  b a c k- e n d,  all o wi n g  t o  pr o-
c e ss t h e f r o nt- e n d r e q u e st s a n d t o c o m m u ni c at e wit h t h e 
d a ta b a s e i s w ritt e n i n K otli n a n d J a v a 1 1 u si n g t h e S pri n g 
f r a m e w or k.  fi e  C D K  [1 3 ]  li br ar y  i s  u s e d  t o  pr o c e ss  
c h e mi c al i nf or m ati o n a n d f or m at s.

C O C O N U T w e b i nt erf a c e, b a c k- e n d a n d d at a b a s e ar e 
e ntir el y  D o c k eri s e d,  all o wi n g  a  q ui c k  a n d  e a s y  d e pl o y -
m e nt o n l o c al s er v ers a n d cl o u d. All t h e c o d e, f or b ot h 
fro n t- e n d a n d b a c k- e n d, i s a v ail a bl e o n Git H u b (htt p s  ://
git h u  b. c o m/ m S or o  k/ N a t ur al Pr o  d u ct s O nli n  e ).

S e ar c hi n g t h e  d at a b a s e

C O C O N U T  o nli n e  h a s  b e e n  d e v el o p e d  t o  b e  a  f ull-
fi e d g e d  c h e mi c al  d at a b a s e  a n d  i n  p arti c ul ar  t o  Tht  t h e  
N Ps str u ct ur al a n d a n n ot ati o n al p arti c ul ariti e s, wit h all 
t h e s u b s e q u e nt f u n cti o ns. At t h e m o m e nt, t h e c h e mi c al 
s e ar c h  i s  u n c o m m o n  wit h  M o n g o D B,  t h er ef or e  s e v er al  
a p pr o a c h e s  h a v e  b e e n  i m pl e m e nt e d  t o  r u n  m ol e c ul ar  
s u b str u ct ur e a n d si mil arit y s e ar c h e s.

Si m pl e s e ar c h

fi e  s o- c all e d  “si m pl e”  s e ar c h  c a n  b e  p erf or m e d  u si n g  
t h e  h e a d er  s e ar c h  b ar.  Th e  u s ers  c a n  e nt er  t h er e  m ol-
e c ul e n a m e s ( e. g. “c ur c u mi n”), S MI L E S, I n C hI, I n C hi k e y, 
C O C O N U T  i d s  a n d  m ol e c ul ar  f or m ul a s.  N a m e  s e ar c h  
u s e s n ati v e M o n g o D B t e xt i n d e xi n g, all o wi n g f u z z y, fi e xi -
bl e s e ar c h i n t h e “ n a m e” a n d “s y n o n y ms” Th el d s. ff e i n p ut 
stri n g  t y p e  i s  Thrst  i d e nti ff e d  u si n g  r e g ul ar  e x pr e ssi o ns,  
t h e n t h e D B i s q u eri e d a g ai nst t h e a p pr o pri at e fi el d s, a n d 
t h e r e s ult, w h e n e xi st s, i s r et ur n e d t o t h e f r o nt- e n d.

S u b str u ct ur e s e ar c h i m pl e m e nt ati o n

S e ar c hi n g f or a n e x a ct s u b str u ct ur e i n a M o n g o D B d at a -
b a s e of m ol e c ul e s a p p e ars t o b e s ur pri si n gl y e a s y. E a c h 
m ol e c ul e  i n  t h e  d at a b a s e  n e e d s  t o  h a v e  t h eir  Th n g er -
pri nt s of c h oi c e (i n C O C O N U T ar e u s e d t h e P u b C h e m 
Th n g er pri n t s)  t o  b e  pr e c o m p ut e d  a n d  st or e d  a s  a  li st  of  
b yt e s ( Bi n D at a t y p e i n M o n g o D B). Th e q u er y m ol e c ul e 
(s u b str u ct ur e)  t h e n  n e e d s  t o  h a v e  it s  fi n g er pri nt  t o  b e  
al s o c o m p ut e d a n d t o b e m at c h e d a g ai nst t h e d at a b a s e 
u si n g t h e $ all Bit s S et f u n cti o n [ 2 8 ]. ffi s n ati v e t o M o n-
g o D B f u n cti o n all o w s t o s el e ct d o c u m e nt s i n a c oll e cti o n 
w h er e a Bi n D a t a fi el d h a s all t h e q u er y bit s s et t o “ o n” 
( b ut c a n h a v e bit s s et t o “ o n” t h at ar e n ot pr e s e nt i n t h e 
q u er y). T o c o n fir m t h e s u b str u ct ur e m at c h, t h e u s er c a n 
s el e ct b et w e e n t h e d ef a ult Ull m a n n [ 2 9 ], t h e Ve nt o- F o g-
gi a [ 3 0 ] a n d t h e d e pt h- first ( D F) [3 1 ] p att er n m at c hi n g 
a p pr o a c h e s, all p erf or m e d u si n g t h e C D K i n- b uil d al g o -
rit h ms.  Th e s e  t hr e e  p att er n  m at c hi n g  t e c h ni q u e s  t e n d  

to,  g e n er all y,  r et ur n  v er y  si mil ar  r e s ult s,  t h e  di Th er e n c e  
b et w e e n t h e m l yi n g r at h er i n t h eir a p pr o a c h t o m at c h -
i n g  s u b str u ct ur e s,  t h er ef or e  t h e  u s a g e  of  t h e  d ef a ult,  
Ull m a n n, m e th o d i s t o b e pri vil e g e d b y u s ers u nf a mili ar 
wit h t h e i ntri c a ci e s of s u c h m at c hi n g.

Si mil arit y s e ar c h i m pl e m e nt ati o n

Si mil arit y  s e ar c h  wit h  M o n g o D B  w a s  i m pl e m e nt e d  f ol -
l o wi n g  t h e  e x c ell e nt  C h E B M L  bl o g  p o st  o n  L S H- b a s e d  
si mil ar it y se ar c h i n M o n g o D B [ 3 2 ] a n d a d a pt e d t o J a v a, 
K otli n a n d S pri n g d at a. I n t hi s a p pr o a c h, t h e M o n g o D B 
a g g r e g ati o n  f r a m e w or k  i s  u s e d  t o  p erf or m  i n v ert e d  
i n d e xi n g s e ar c h a g ai nst P u b C h e m fl n g er pri nt s st or e d i n 
a s e p ar at e t a bl e a n d r ef er e n ci n g C O C O N U T i d e nti fi ers 
t h at c o nt ai n t h e m ol e c ul ar f e at ur e s e n c o d e d b y e a c h bit.

A d v a n c e d s e ar c h

fl e  a d v a n c e d  s e ar c h  s u p p ort s  s e ar c hi n g  f or  N Ps  i n  
C O C O N U T a c c or di n g t o a r a n g e of p ar a m et ers, s u c h a s 
m ol e c ul ar f or m ul a, m ol e c ul ar d e s cri pt or v al u e s, n u m b er 
of ri n g s, t y p e of s u g ar m oi eti e s pr e s e nt i n t h e m, et c.

Q u er yi n g C O C O N U T t hr o u g h t h e  A PI

A R E S T A PI h a s b e e n d e v el o p e d f or C O C O N U T o nli n e 
i n or d er t o p er mit pr o g r a m m ati c q u er yi n g a n d f a cilit at e 
it s i nt e g r ati o n i n w or k Th o w s. It r eli e s o n K otli n A PI f u n c-
ti o n aliti e s a n d it’s u s a g e, t o g et h er wit h s o m e e x a m pl e s, i s 
d e s c ri b e d i n d et ail i n t h e d o c u m e nt ati o n s e cti o n of t h e 
w e b sit e  ( htt p s  :// c oc o n  ut. n a t ur al pr o  d u ct s  . n et/ d oc u m  
e nt a t i o n).

D o c u m e nt ati o n

C o m pl et e  d o c u m e nt ati o n  d e s cri bi n g  C O C O N U T,  it s  
d at a a n d f u n cti o n aliti e s ar e a v ail a bl e at t h e d o c u m e nt a -
ti o n  s e cti o n  of  t h e  w e b sit e  htt p s  :// c oc o n  ut. n a t ur al pr o  
d u ct s  . n et/ d oc u m  e nt at  i o n.

Utilit y a n d di s c u s si o n
fi e  o nli n e  C O C O N U T  d at a b a s e  i s  a n  o p e n  t o ol  f or  
r e s e ar c h ers i n t h e n at ur al pr o d u ct s c o m m u nit y. C O C O -
N U T  i s  t h e  bi g g e st  c oll e cti o n  of  N Ps  i n  2 0 2 0  a n d  t h e  
d at a it c o nt ai ns alr e a d y b e n e fit s r e s e ar c h ers i n N Ps wit h 
v ari o u s ai ms, s u c h a s bi o di v ersit y r e s e ar c h a n d dr u g di s -
c o v er y.  fi e  w e b  i nt erf a c e  all o w s  q u er yi n g  a n d  p arsi n g  
t h e da t a c oll e cti o n i n v ari o u s, c h e mi c all y r el e v a nt w a y s 
wit h a d e q u at e p erf or m a n c e. It i s al s o t h e first bi g c h e mi -
c al d at a b a s e u si n g M o n g o D B a s a st or a g e m a n a g e m e nt 
s y ste m.

A  wi d e  r a n g e  of  m ol e c ul ar  d e s cri pt ors  ar e  pr e- c o m -
p ut e d  a n d  lit er at ur e,  pr o d u c er  t a x o n o m y  a n d  t h eir  
g e o g r a p h y  ar e  a s  m u c h  a n n ot at e d  a s  c urr e ntl y  p o ssi bl e  
wit h o ut e xt e nsi v e m a n u al c ur ati o n. Th e w e b d at a b a s e c a n 
b e s e ar c h e d i n m ulti pl e w a y s, b y m ol e c ul ar str u ct ur e, b y 

https://github.com/mSorok/NaturalProductsOnline
https://github.com/mSorok/NaturalProductsOnline
https://coconut.naturalproducts.net/documentation
https://coconut.naturalproducts.net/documentation
https://coconut.naturalproducts.net/documentation
https://coconut.naturalproducts.net/documentation
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c o m p o u n d n a m e a n d b y m ol e c ul ar f e at ur e s, m a ki n g t hi s 
r e p o sit or y a c o m pl et e c h e mi c al d at a b a s e. Th e u s er i nt er -
f a c e i s m o d er n a n d e a s y t o u s e. B e si d e s, t h e w h ol e c o n-
t e nt of C O C O N U T i s a v ail a bl e f or d o w nl o a d i n m ulti pl e 
for m a t s.

I n t h e cl o s e f ut ur e, C O C O N U T will s u p p ort u s er r e g-
i str ati o n  t o  e n a bl e  u s er- dri v e n  N Ps  c ur ati o n  a n d  s u b-
mi ssi o n  a n d  will  u n d er g o  a  b ett er  d at a  a n n ot ati o n,  i n  
p arti c ul ar r e g ar di n g t h e or g a ni s ms t h at ar e pr o d u ci n g t h e 
N Ps,  t h eir  g e o g r a p h y  a n d  t h e  c orr e s p o n di n g  lit er at ur e,  
u si n g d e e p l e ar ni n g a p pr o a c h e s.

F e e d b a c k

B u g s, a n n ot ati o n i ss u e s a n d r e q u e st s of n e w C O C O N U T 
e ntri e s or r e- a n n ot ati o n of e xi sti n g o n e s c a n b e r e p ort e d 
at t h e pr oj e ct i ss u e s tr a c k er ( htt p s  :// gith u  b. c o m/ m S or o  k/
N a t ur al Pr o  d u ct s O nli n  e/i ss u e  s). Su g g e sti o ns f or n e w f e a -
t ur e s ar e al s o w el c o m e.

A v ail a bilit y
All  C O C O N U T  d at a,  c o d e  t o  pr o c e ss  r a w  N Ps  d at a,  
d at a q u alit y c o ntr ol a n d a n n ot ati o n, a n d t h e c o d e f or t h e 
f o nt- a n d t h e b a c k- e n d of t h e C O C O N U T o nli n e w e b-
sit e ar e f r e el y a v ail a bl e wit h o ut a n y r e stri cti o n. fi e l at e st 
C O C O N U T d at a, a s M o n g o D B f ull d u m p c a n b e d o w n -
l o a d e d  at  htt p s  :// c oc o n  ut. n a t ur al pr o  d u ct s  . n et/ d o wnl  
o a d . C o d e f or d at a a ss e m bl y, pr o c e ssi n g a n d q u alit y c o n -
tr ol pr o c e ss c o d e s i s a v ail a bl e o n Git H u b at htt p s  :// gith u  
b. c o m/ m S or o  k/ C O C O N  U T . Th e co d e f or t h e f r o nt- e n d 
a n d b a c k- e n d i s al s o a v ail a bl e o n Git H u b at htt p s  :// gith u  
b. c o m/ m S or o  k/ N a t ur al Pr o  d u ct s O nli n  e .

C o n cl u si o n s
C O C O N U T i s t h e l ar g e st o p e n c oll e cti o n of el u ci d at e d 
a n d pr e di ct e d N Ps at t hi s ti m e. It h a s a g r e at p ot e nti al of 
b ei n g of p arti c ul ar i m p ort a n c e f or t h e N Ps r e s e ar c h c o m -
m u nit y a s it g at h ers m o st of o p e n N Ps k n o wl e d g e i n o n e 
si n gl e pl a c e, a n d m a k e s it e a sil y a c c e ssi bl e a n d q u er y a bl e.

ffi e fi n al ai m of C O C O N U T i s t o pr o vi d e t o t h e s ci e n -
ti fi c c o m m u nit y N Ps str u ct ur e s a n d t h eir pr o v e n a n c e, i. e.. 
or g a ni s ms t h at s y nt h e si z e t h e m a n d g e o g r a p hi c l o c ati o n 
of t h e l att er. H o w e v er, a l ot of d at a c ur ati o n, i n p arti c u -
l ar  u si n g  n e w  g e n er ati o n  d e e p  l e ar ni n g- b a s e d  m et h o d s  
of  e x tr a cti n g  i nf or m ati o n  f r o m  p u bli c ati o ns  a n d  b o o k s,  
t o g et h er  wit h  w e b sit e  f u n cti o n aliti e s  d e v el o p m e nt s  ar e  
still n e e d t o b e d o n e f or C O C O N U T, b ut t h e d at a b a s e a s 
it i s n o w i s alr e a d y a n i m p ort a nt t o ol t o f a cilit at e N Ps a n d 
m e di ci n al c h e mi str y r e s e ar c h.

A b br e vi ati o n s
N Ps: N at ur al pr o d u cts; C O C O N U T: C Oll e Cti o n of O p e n N at ur al Pr o d U c Ts; C D K: 
C h e mistr y D e v el o p m e nt Kit; I U P A C: I nt er n ati o n al U ni o n of P ur e a n d A p pli e d 
C h e mistr y; A PI: A p pli c ati o n Pr o gr a m mi n g I nt erf a c e; R E S T: R E pr es e nt ati o n al 
St at e Tr a nsf er; D OI: Di git al O bj e ct I d e nti Th er; J S O N: J a v a S cri pt O bj e ct N ot ati o n; 
( N o) S Q L: ( n o n‑/ n ot o nl y) Str u ct ure d Q u er y L a n g u a g e.

A c k n o wl e d g e m e nt s
N ot a p pli c a bl e.

A ut h or s’ c o ntri b uti o n s
M S c o or di n at e d t h e st u d y, p arti ci p at e d i n t h e i m pl e m e nt ati o n of t h e fr o nt ‑
e n d a n d t h e b a c k e n d, c oll e c t e d; pr o c ess e d a n d c ur at e d t h e C O C O N U T d at a 
a n d wr ot e t h e m a n us cri pt. P M p arti ci p at e d i n t h e i m pl e m e nt ati o n of t h e 
fr o nt‑e n d a n d t h e b a c k ‑e n d of C O C O N U T o nli n e . K R a n d M A Y h el p e d wit h 
C O C O N U T d at a c ur ati o n. K R d esi g n e d t h e C O C O N U T l o g o. C S d esi g n e d a n d 
s u p er vis e d t h e st u d y. All a ut h ors r e a d a n d a p pr o v e d t h e fi n al m a n us cri pt.

F u n di n g
O p e n A c c ess f u n di n g e n a bl e d a n d or g a ni z e d b y Pr oj e kt D E A L. T his w or k 
w as s u p p ort e d b y t h e G er m a n R es e ar c h F o u n d ati o n wit hi n t h e fr a m e w or k 
C R C 1 1 2 7 C h e m Bi o S ys.

A v ail a bilit y of d at a a n d m at eri al s
t h e s o ur c e c o d e of t h e w e b i nt erf a c e a n d t h e b a c k‑e n d is a v ail a bl e o n Git H u b 
at htt ps  :// git h u b. c o m/ m S or o  k/ N at ur  al Pr o  d u cts  O nli n  e . Th e d at a w as c ur at e d 
a n d pr o c ess e d usi n g t h e C O C O N U T c o d e s uit e a v ail a bl e o n Git H u b at htt ps  ://
git h u  b. c o m/ m S or o  k/ C O C O N  U T . All C O CO N U T d at a c a n b e a c c ess e d o n t h e 
w e bsit e at htt ps  :// c o c o n ut. n at ur  al pr o  d u cts  . n et/ a n d d ow nl o a d e d e ntir el y or 
p arti all y i n s e v er al f or m ats ( M o n g o D B d u m p, S D F a n d S MI ( S MI L E S)).

C o m p eti n g i nt er e st s
T h e a ut h ors d e cl ar e n o c o m p eti n g i nt er ests.
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A b str a ct  
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a ut h or c a n r ef er t o t h e m i n t h e t e xt of a s ci e nti fi c arti -
cl e, b o o k or p at e nt h a s a l o n g hi st or y. I n t h e e arl y d a y s 
a n d e v e n still t o d a y, s u c h n a m e s w er e oft e n c h o s e n b a s e d 
o n  p h y si c o c h e mi c al  or  p er c e pti bl e  pr o p erti e s,  b ut  al s o  
n a m e d aft er s p e ci e s, p e o pl e, n a m e d aft er fi cti o n al c h ar -
a ct ers, r el at e d t o s e x, b o dil y f u n cti o ns, d e at h a n d d e c a y, 
reli gi o n  or  l e g e n d,  or  ot h er  [ 1 ].  Us u all y,  t hi s  m a k e s  it  
i m p o ssi bl e  t o  c o n cl u d e  f r o m  t h e  n a m e  t o  t h e  c h e mi c al  
str u ct ur e of t h e c o m p o u n d. T o o v er c o m e t hi s dil e m m a, 
t h e  I nt er n ati o n al  U ni o n  of  P ur e  a n d  A p pli e d  C h e mi s-
tr y (I U P A C) e st a bli s h e d a s et of r ul e s a n d g ui d eli n e s f or 
c h e mi c al n o m e n cl at ur e [ 2 – 5 ] s o t h at a s y st e m ati c n a m e 
c a n b e g e n er at e d f r o m t h e str u ct ur e a n d s u b str u ct ur e s of 
a c h e mi c al c o m p o u n d a n d vi c e v ers a. Oft e n, m or e t h a n 
o n e  s y st e m ati c  I U P A C  n a m e  c a n  b e  g e n er at e d  f or  t h e  

s a m e  c o m p o u n d:  Th er ef or e,  t h e  I U P A C  i ntr o d u c e d  t h e  
I U P A C  pr ef err e d  n a m e  i n  t h eir  c urr e nt  e diti o n  of  t h e  
Bl u e B o o k, pr ef erri n g o n e of t h e p o ssi bl e n a m e s o v er all 
ot h ers.

Ot h er  t y p e s  of  stri n g  r e pr e s e nt ati o ns  of  m ol e c ul e s,  
s u c h a s S MI L E S [ 6 ], I n C hI [7 ], S Y B Y L li n e n ot ati o n [8 ], 
Wi s w e ss er li n e n ot ati o n [ 9 ], a n d S M A R T S [1 0 ] ar e m or e 
c o n ci s e f or ms of li n e r e pr e s e nt ati o ns. W hil e i n pri n ci pl e 
b ei n g h u m a n-r e a d a bl e, t h e s e r e pr e s e nt ati o ns ar e pri m ar -
il y  d e si g n e d  t o  b e  u n d erst o o d  b y  m a c hi n e s.  Th u s,  t h e y  
ar e n ot c o m m o nl y u s e d i n t e xt t o d e n o mi n at e c h e mi c al 
c o m p o u n d s f or r e c o g niti o n b y h u m a n r e a d ers, b ut h a v e 
b e e n  i n c or p or at e d  i nt o  m a n y  m aj or  o p e n- s o ur c e  a n d  
pr o pri et ar y c h e mi nf or m ati c s t o ol kit s.

I U P A C n a m e g e n er ati o n, d u e t o it s al g orit h mi c c o m-
pl e xit y  a n d  t h e  l ar g e  s et  of  r ul e s,  i s  mi ssi n g  i n  m a n y  
c h e mi nf or m ati c s t o ol kit s i n g e n er al. F or a h u m a n, I U P A C 
n a m e g e n er ati o n f or m or e t h a n a h a n df ul of m ol e c ul e s i s 
c u m b ers o m e. P e o pl e, t h er ef or e, r e s ort t o t h e f e w a v ail -
a bl e a ut o m ati c t o ol s f or I U P A C n a m e g e n er ati o n.

A m o n g  t h e  a v ail a bl e  a n d  r eli a bl e  s ol uti o ns  ar e  t h e  
“ m ol c o n v ert”  s oft w ar e,  a  c o m m a n d-li n e  pr o g r a m  i n  

O p e n A c c e s s

J o u r n al of C h e mi nf o r m ati c s

* C orr es p o n d e n c e:  c hrist o p h.st ei n b e c k @ u ni-j e n a. d e
1  I nstit ut e f or I n or g a ni c a n d A n al yti c al C h e mistr y, Fri e dri c h- S c hill er-
U ni v ersit y J e n a, L essi n gstr. 8, 0 7 7 4 3  J e n a, G er m a n y
F ull list of a ut h or i nf or m ati o n is a v ail a bl e at t h e e n d of t h e arti cl e
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M ar vi n  S uit e  2 0. 1 5  f r o m  C h e m A x o n  ( htt p s://  w w w.  
c h e m a  x o n.  c o m ) [1 1 ]. It i s a v ail a bl e f or r e s e ar c h ers u n d er 
a n a c a d e mi c li c e ns e. O p e n- s o ur c e pr o g r a ms s u c h a s t h e 
C h e mi str y  D e v el o p m e nt  Kit  ( C D K)  [ 1 2 ],  R D Kit  [1 3 ], 
or O p e n B a b el [ 1 4 ] d o n ot ( y et) pr o vi d e a n y al g orit h ms 
t h at  c a n  a ut o m at e  t h e  pr o c e ss  of  I U P A C  n a mi n g  f or  
m ol e c ul e s.

Wit h t hi s w or k, w e r e p ort a pr o of- of- c o n c e pt a p pli c a -
ti o n of N e ur al M a c hi n e Tr a nsl ati o n ( N M T) f or t h e c o n-
v ersi o n of m a c hi n e-r e a d a bl e c h e mi c al li n e n ot ati o ns i nt o 
I UP A C  n a m e s  a n d  vi c e  v ers a.  A  l ar g e  tr ai ni n g  s et  w a s  
g e n er at e d wit h C h e m A x o n’s m ol c o n v ert s oft w ar e a n d w e 
w o ul d li k e t o e m p h a si s e t h at t hi s w or k w o ul d n ot h a v e 
b e e n p o ssi bl e wit h o ut t h e g e n er o u s o er b y C h e m A x o n 
f or t h e a c a d e mi c s ci e nti c c o m m u nit y t o u s e t h eir s oft -
w ar e f or f r e e. We al s o li k e t o p oi nt o ut t h at t h e p ur p o s e 
of t hi s w ork i s n ot t o m a k e C h e m A x o n’s t o ol o b s ol et e. A s 
a d et er mi ni sti c t o ol, it will c o nti n u e t o b e t h e rst c h oi c e 
f or pr a cti c al n a mi n g t a s k s i n d at a b a s e s.

F or  t h e  w or k  pr e s e nt e d  h er e,  w e  w er e  i ns pir e d  b y  
G o o gl e’s  m ulti pl e  N M T  m o d el s  a n d  c a m e  u p  wit h  t h e  
i d e a  t o  b uil d  a  S MI L E S - T O -IU P A C- n a m e tr a nsl at or 
c all e d  S T O U T.  S T O U T  w a s  d e v el o p e d  b a s e d  o n  l a n -
g u a g e  tr a nsl ati o n  a n d  l a n g u a g e  u n d erst a n di n g.  We  
tre a t e d  t h e  t w o  c h e mi c al  r e pr e s e nt ati o ns  a s  t w o  di er -
e nt  l a n g u a g e s — e a c h  S MI L E S  stri n g  a n d  c orr e s p o n di n g  
I UP A C n a m e w a s tr e at e d a s t w o di er e nt s e nt e n c e s t h at 
h a v e t h e s a m e m e a ni n g i n r e alit y.

All  t h e s e  l a n g u a g e  m o d el s  c a n  o nl y  a c hi e v e  g r e at er  
t h a n  9 0 %  a c c ur a c y  wit h  s u ci e nt  d at a  t o  tr ai n  t h e m  
o n. e m aj orit y of st at e- of-t h e- art l a n g u a g e tr a nsl ati o n 
m o d el s  ar e  tr ai n e d  o n  milli o ns  of  w or d s  a n d  s e nt e n c e s  
t o  a c hi e v e  s u c h  hi g h  l e v el s  of  a c c ur a c y.  M or e o v er,  t o  
tr ai n s u c h l ar g e m o d el s i n a n a d e q u at e a m o u nt of ti m e 
d e di c at e d  a n d  p o w erf ul  m a c hi n e  l e ar ni n g  h ar d w ar e  i s  
r e q uir e d. I n t hi s w or k, w e r e p ort s u b st a nti all y s h ort e n e d 
tr ai ni n g ti m e s f or o ur m o d el s u si n g G o o gl e’s Te ns or Pr o-
c e ssi n g U nit s ( T P U).

M et h o d s
Usi n g  d e e p  m a c hi n e  l e ar ni n g  m et h o d s  s u c h  a s  N M T  
f or S MI L E S -t o-I U P A C- n a m e tr a nsl ati o n i s a c o m pl et el y 
d at a- dri v e n t a s k s o t h at hi g h- q u alit y d at a f r o m a r eli a bl e 
s o ur c e i s m a n d at or y. I n t hi s w or k, d at a s et s w er e cr e at e d 
f or  S MI L E S -t o-I U P A C- n a m e  tr a nsl ati o n  a s  w ell  a s  f or  
I U P A C- n a m e-t o- S MI L E S tr a nsl ati o n r e s p e cti v el y.

D at a

All  m ol e c ul e s  w er e  o bt ai n e d  f r o m  P u b C h e m  [ 1 5 ],  o n e  
of  t h e  o p e nl y  a v ail a bl e  l ar g e  s m all  m ol e c ul e  d at a b a s e s,  
w h er e  t h e  e ntir e  P u b C h e m  d at a b a s e  w a s  d o w nl o a d e d  
f r o m it s F T P sit e i n S D F f or m at. Usi n g t h e C D K, e x pli cit 
h y dr o g e ns  w er e  r e m o v e d  f r o m  t h e  m ol e c ul e s  a n d  t h eir  

t o p ol o gi c al  str u ct ur e s  w er e  c o n v ert e d  t o  c a n o ni c al  
S MI L E S  stri n g s.  e  o bt ai n e d  1 1 1  milli o n  m ol e c ul e s  
w er e  lt er e d  a c c or di n g  t o  t h e  r ul e s et  of  o ur  pr e vi o u s  
D E CI M E R w or k [ 1 6 ], i. e. m ol e c ul e s m u st

• h a v e a m ol e c ul ar w ei g h t of f e w er t h a n 1 5 0 0 D a,
• n ot p oss ess a n y c o u nt er i o ns,
• c o nt ai n o nl y C, H, O, N, P, S, F, Cl, Br, I, S e a n d B,
• n ot c o nt ai n a n y h y dr o g e n is ot o p es ( D, T),
• h a v e b e t w e e n 3 a n d 4 0 b o n ds,
• n ot c o nt ai n a n y c h ar g e d gr o u p,
• c o nt ai n i m pli cit h y dr o g e ns o nl y, e x c e pt i n f u n cti o n al 

gr o u ps,

t o  arri v e  at  a  d at a s et  of  8 1  milli o n  m ol e c ul e s.  e s e  
s el e ct e d  S MI L E S  stri n g s  w er e  c o n v ert e d  i nt o  I U P A C  
n a m e s  u si n g  C h e m a x o n’s  m ol c o n v ert  s oft w ar e,  a  c o m -
m a n d-li n e  pr o g r a m  i n  M ar vi n  S uit e  2 0. 1 5  f r o m  C h e -
m A x o n ( htt p s://  w w w.  c h e m a  x o n.  c o m ).

Usi n g S MI L E S stri n g s dir e ctl y f or tr ai ni n g N e ur al N et -
w or k s  ( N N)  m a y  c a u s e  v ari o u s  pr o bl e ms  d u e  t o  t h eir  
i ntri cat e str u ct ur e w hi c h i s di c ult t o s plit i nt o s e p ar at e 
m e a ni n gf ul t o k e ns n e c e ss ar y f or t h e m a c hi n e i n p ut. T o 
t a c kl e t hi s pr o bl e m, t w o ot h er r e pr e s e nt ati o ns ar e a v ail-
a bl e,  D e e p S MI L E S  [ 1 7 ]  a n d  S E L FI E S  [1 8 ].  F or  a  di s-
c u ssi o n of t h e pr o bl e ms of stri n g t o k e ni z ati o n f or d e e p 
l ear ni n g , w e r ef er o ur r e a d ers t o t h o s e t w o p u bli c ati o ns. 
O ur  r e s ult s  c o n r m  t h e  s u p eri orit y  of  S E L FI E S  f or  t h e  
t a s k di s c u ss e d h er e a n d i n o ur w or k o n O pti c al C h e mi c al 
E ntit y R e c o g niti o n [ 1 6 ]. u s, f or t hi s w or k all S MI L E S 
stri n g s  w er e  c o n v ert e d  i nt o  S E L FI E S  u si n g  a  c u st o m  
p yt h o n s cri pt ( Fi g. 1 ).

T w o  d at a s et s  w er e  c o nstr u ct e d,  a  3 0  milli o n  a n d  6 0  
milli o n  m ol e c ul e  s et  wit h  S E L FI E S  a n d  c orr e s p o n di n g  
I U P A C  n a m e s,  w h er e  t h e  6 0  milli o n  s et s  c o nt ai n e d  all  
3 0 milli o n m ol e c ul e e ntri e s of t h e f or m er. E v er y S E L FI E S 
stri n g  a n d  I U P A C  n a m e  w a s  s plit  i nt o  s e p ar at e  t o k e ns  
u si n g  t h e  s p a c e  c h ar a ct er  a s  a  d eli mit er.  S E L FI E S  w er e  
s plit a c c or di n g t o a cl o s e d s q u ar e br a c k et “]” a n d a n o p e n 
s q u ar e br a c k et “[”. F or I U P A C n a m e s a s m all s et of r ul e s 
w a s a p pli e d t o s plit t h e m u nif or ml y: Aft er e v er y,

• o p e n br a c k et “(”, “{” a n d “[”,
• cl os e br a c k et “)”, “}” a n d “]”,
• d a s h s y m b ol “-”,
• f ull st o p “.”,
• c o m m a “,”

a n d aft er e v er y w or d i n t h e f oll o wi n g li st,

• m o n o, di,tri,t e tr a, p e nt a, h e x a, h e pt a, o ct a, n o n a
• d e c a , o x o, m et h yl, h y dr o x y, b e n z e n e, o x y, c hl or o, c y cl o, a

mi n o, br o m o, h y dr o, Th u or o
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•  m et h a n e, c y a n o, a mi d o, et h e n e, p h os p h o, a mi d e, b ut a n e,
c ar b o n o, h y dr o,s ulf a n e, b ut a n e,s ul Th n o

• i o d o, et h a n e, et h y n e, bi,i mi n o, nitr o, b ut a n,i d e n e,s ulf o, c
ar b o n, pr o p a n e, et h e n, a c et al d e h y d e, b e n z o, o x a, nitr os o,
h y dr a,is o

a  s p a c e  c h ar a ct er  w a s  a d d e d  a s  a  d eli mit er.  Aft er  a d d -
i n g t h e d eli mit er, t h e d at a s et w a s p a d d e d t o t t h e m a xi-
m u m  l e n gt h  of  4 8  c h ar a ct ers  f or  S E L FI E S  stri n g s  a n d  
7 8  c h ar a c t ers  f or  I U P A C  n a m e  stri n g s,  a  “st art”  t o k e n  
w a s a d d e d t o e a c h stri n g t o i n di c at e it s b e gi n ni n g, a n d 
a n “e n d” t o k e n w a s a d d e d at t h e e n d of t h e stri n g. e 
stri n g s  w er e  t o k e ni z e d  a n d  s a v e d  i nt o  s m all  T F R e c or d  
l e s f or tr ai ni n g wit h G P Us or T P Us. Fi n all y, t w o S E L F-

I E S -t o-I U P A C- n a m e d at a s et s a n d t w o I U P A C- n a m e-t o-
S E L FI E S  d at a s et s — wit h  3 0  milli o n  ( e x a ctl y  3 0, 0 0 0, 1 2 8)  
a n d 6 0 milli o n ( e x a ctl y 6 0, 0 0 0, 2 5 6) m ol e c ul e s e a c h - w er e 
g e n er at e d.

N et w or k

e N M T n et w or k f oll o w s t h e i m pl e m e nt ati o n r e p ort e d 
b y G o o gl e f or t h eir l a n g u a g e tr a nsl ati o n m o d el s, w hi c h 
it s elf  i s  b uilt  o n  t h e  n et w or k  d e si g n e d  b y  L u o n g  et al.  
[1 9 ]  f or  n e ur al  m a c hi n e  tr a nsl ati o n,  u si n g  a  s oft  att e n-
ti o n  m e c h a ni s m  d e v el o p e d  b y  B a h d a n a u  et al.  [ 2 0 ].  It  
is  b a s e d  o n  a n  a ut o e n c o d er – d e c o d er  ar c hit e ct ur e  a n d  
i s w ritt e n o n P yt h o n 3 wit h Te ns or o w 2. 3. 0 [ 2 1 ] at t h e 
b a c k e n d. e e n c o d er n et w or k a n d t h e d e c o d er n et w or k 
u s e  R e c urr e nt  N e ur al  N et w or k s  ( R N Ns)  wit h  G at e d  
R e c urr e nt U nit s ( G R U). e i n p ut stri n g s ar e p a ss e d t o 
t h e e n c o d er a n d t h e o ut p ut stri n g s t o t h e d e c o d er. e 
e n c o d er n et w or k g e n er at e s t h e e n c o d er o ut p ut a n d t h e 
e n c o d er hi d d e n st at e. e att e nti o n w ei g ht i s c al c ul at e d 
b y t h e att e nti o n m e c h a ni s m i m pl e m e nt e d i n t h e n et w or k. 
E n c o d er o ut p ut wit h att e nti o n w ei g ht s t h e n cr e at e s t h e 

c o nt e xt v e ct or. M e a n w hil e, t h e d e c o d er o ut p ut i s p a ss e d 
t hr o u g h a n e m b e d di n g l a y er. e o ut p ut g e n er at e d b y t h e 
e m b e d di n g l a y er a n d t h e c o nt e xt v e ct or i s c o n c at e n at e d 
a n d  p a ss e d  o n  t o  t h e  G R Us  of  t h e  d e c o d er.  A n  A d a m  
o pti mi z er  wit h  a  l e ar ni n g  r at e  of  0. 0 0 0 5  i s  a p pli e d  a n d  
s p ars e c at e g ori c al cr o ss- e ntr o p y i s u s e d t o c al c ul at e t h e 
l o ss  wit h  a  m o di e d  l o ss  f u n cti o n.  A  b at c h  si z e  of  2 5 6  
Stri n g s i s u s e d f or a G P U a n d a gl o b al b at c h si z e of 1 0 2 4 
Stri n g s f or a T P U w h er e t h e gl o b al b at c h si z e i s di vi d e d 
b et w e e n t h e n o d e s.

F or  S E L FI E S -t o-I U P A C- n a m e  a n d  I U P A C- n a m e-
t o- S E L FI E S  tr a nsl ati o n  t h e  s a m e  n et w or k  ar c hit e ct ur e  
i s  u s e d  wit h  t h e  i n p ut/ o ut p ut  d at a s et s  si m pl y  b ei n g  
s w a p p e d.  Fi g ur e 2  s h o w s  t h e  S T O U T  ar c hit e ct ur e  f or  
S MI L E S -t o-I U P A C- n a m e tr a nsl ati o n.

M o d el tr ai ni n g

F or  l ar g e  d at a s et s,  tr ai ni n g  a  n e ur al  n et w or k  e ci e ntl y  
i s  a  c h all e n gi n g  t a s k.  A s  a n  i niti al  t e st,  t h e  n et w or k  
w a s tr ai n e d wit h 1 5 milli o n m ol e c ul e s o n a s er v er wit h 
a n  n Vi di a  Te sl a  V 1 0 0  G P U,  3 8 4 G B  of  R A M,  a n d  t w o  
I nt el( R)  X e o n( R)  G ol d  6 2 3 0  pr o c e ss ors.  e  a v er a g e  
tr ai ni n g  e p o c h  w a s  e v al u at e d  t o  b e  a b o ut  2 7  h  s o  t h at  
tr ai ni n g  of  l ar g er  d at a s et s  a p p e ar e d  t o  b e  pr o hi biti v e.  
Wit h m or e t h a n 1 0 0 e p o c hs of tr ai ni n g ti m e u s e d i n o ur 
tr ai ni n g d e s cri b e d b el o w, t h o s e 2 7 h p er e p o c h tr a nsl at e 
i nt o al m o st 4 m o nt hs of tr ai ni n g ti m e, wit h m ulti pl e s of 
t h at f or tr ai ni n g wit h 3 0 milli o n or 6 0 milli o n str u ct ur e s. 

u s,  t h e  tr ai ni n g  s cri pt s  w er e  m o di e d  t o  u s e  Te ns or  
Pr o c e ssi n g U nit s ( T P Us) a v ail a bl e o n t h e G o o gl e cl o u d 
u si n g  t h e  Te ns or o w  di stri b ut e d  tr ai ni n g  A PI.  A  c or -
r e s p o n di n g tr ai ni n g wit h T P U V 3- 8 u nit s ( wit h 8 n o d e s 
e a c h) r e d u c e d t h e a v er a g e tr ai ni n g e p o c h t o a b o ut 2 h.

M o d el t e sti n g

T o e v al u at e t h e m o d el s’ p erf or m a n c e, a t e st s et of 2. 2 Mil -
li o n m ol e c ul e s w a s u s e d, w hi c h w a s n ot pr e s e nt i n t h e 3 0 

Fi g. 1  S MI L E S, D e e p S MI L E S a n d S E L FI E S s plit i nt o t o k e ns w hi c h ar e s e p ar at e d b y a s p a c e c h ar a ct er
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milli o n a n d t h e 6 0 milli o n m ol e c ul e s tr ai ni n g s et s. A u ni -
f or m a n d hi g hl y si mil ar f r e q u e n c y di stri b uti o n of u ni q u e 
S E L FI E S t o k e ns i n tr ai ni n g a n d t e st d at a w er e e ns ur e d b y 
c orr e s p o n di n g t e st m ol e c ul e s el e cti o n. e S E L FI E S -t o-
I U P A C- n a m e tr a nsl ati o n a n d t h e r e v ers e I U P A C- n a m e-
t o- S E L FI E S tr a nsl ati o n w er e t e st e d wit h t h e s a m e s et.

T o  a ss e ss  t h e  pr e di cti v e  a c c ur a c y  B L E U  s c ori n g  [ 2 2 ] 
w a s u s e d (s e e A p p e n di x  f or d et ail s). Al s o, Ta ni m ot o si mi-
l ariti e s  w er e  c al c ul at e d  b et w e e n  ori gi n al  a n d  pr e di ct e d  
str i n gs u si n g P u b C h e m n g er pri nt s. F or t h e pr e di cti o ns 
of I U P A C n a m e s a s a n o ut p ut, t h e I U P A C n a m e s w er e r e-
c o n v ert e d t o S MI L E S u si n g O P SI N 2. 5 [ 2 3 ] a n d c a n o ni-
c ali s e d u si n g t h e C D K, wit h t h e r e s ulti n g S MI L E S b ei n g 
utili z e d f or Ta ni m ot o si mil arit y c al c ul ati o ns.

R e s ult s a n d di s c u s si o n
C o m p ut ati o n al c o n si d er ati o n s

Ta bl e 1  s h o w s  t h e  n u m b er  of  u ni q u e  S E L FI E S/I U P A C-
n a m e t o k e ns f or b ot h d at a s et s. N ot e t h at t h e 3 0 milli o n 
a n d  t h e  l ar g er  6 0  milli o n  m ol e c ul e s  d at a s et s  h a v e  t h e  
s a m e  n u m b er  of  t o k e ns.  T o  k e e p  t h e  s a m e  n u m b er  of  
t o k e ns w e r e m o v e d t h e l e a st o c c urri n g t o k e ns f r o m b ot h 

s et s u si n g a c ut o . I n c o ntr a st, t h e S E L FI E S t o k e n s et si z e 
i s s m all er t h a n t h at of t h e I U P A C n a m e t o k e ns b e c a u s e 
t h e I U P A C n a m e s c o v er a f ar g r e at er l a n g u a g e s p a c e.

We  u s e d  a  1 5  Mi o  tr ai ni n g  d at a s et  t o  c o m p ar e  t h e  
tr ai ni n g  s p e e d  b et w e e n  a  G P U  a n d  T P Us.  Tr ai ni n g  1 5  
Milli o n m ol e c ul e s o n a T P U V 3- 8 r e q uir e s 2 h p er e p o c h 
w hi c h i s 1 3 ti m e s f a st er t h a n u si n g a G P U V 1 0 0. Usi n g 
a T P U V 3- 3 2 all o w s f or a n a d diti o n al 4 ti m e s f a st er p er -
f or m a n c e i n c o m p ari s o n t o a T P U V 3- 8 a n d i s 5 4 ti m e s 
fa st er c o m p ar e d t o a G P U V 1 0 0, s e e Fi g. 3 .

Fi g u r e 4  s h o w s t h e di e r e nt t r ai ni n g ti m e s p e r e p o c h 
of t h e di e r e nt d at a s et s o n T P U V 3- 8 u nit s w h e r e all 

Fi g.  2  S T O U T ar c hit e ct ur e f or S MI L E S-t o-I U P A C- n a m e tr a nsl ati o n

T a bl e  1  N u m b er of u ni q u e S E L FI E S a n d I U P A C- n a m e t o k e ns f or 
e a c h d at as et

D at a s et si z e N u m b er of S E L FI E S t o k e n s  N u m b er 
of I U P A C 
t o k e n s

3 0 Milli o n 2 7 1 1 9 0

6 0 Milli o n 2 7 1 1 9 0
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m o d el s  w e r e  t r ai n e d  f o r  m o r e  t h a n  1 0 0  e p o c h s  u ntil  
c o n v e r g e n c e.  e  di e r e n c e  b et w e e n  t h e  S E L FI E S -t o-
I U P A C- n a m e a n d I U P A C- n a m e-t o- S E L FI E S t r ai ni n g i s 
c a u s e d b y t h e di e r e nt n u m b e r of I/ O t o k e n s of e a c h 
d at a s et:  F o r  t h e  S E L FI E S -t o-I U P A C- n a m e  t r a n sl ati o n,  
t h e o ut p ut t o k e n s a r e d e ri v e d f r o m t h e I U P A C n a m e s 

w h e r e a s  f o r  t h e  I U P A C- n a m e-t o- S E L FI E S  t r a n sl a -
ti o n t h e o ut p ut t o k e n s a r e t a k e n f r o m S E L FI E S st ri n g s. 
Si n c e  S E L FI E S  st ri n g s  a r e  s m all e r  a n d  l e s s  c o m pl e x  
t h a n  I U P A C  n a m e  st ri n g s  t h e  I U P A C- n a m e-t o- S E L F-
I E S t r a n sl ati o n i s f a st e r.

T e st r e s ult s

S E L FI E S-t o-I U P A C- n a m e tr a n sl ati o n

Ta bl e 2  s u m m a ri z e s  t h e  a v e r a g e  a n d  i n di vi d u al  B L E U 
s c o r e s f o r t h e 3 0 milli o n a n d t h e 6 0 milli o n m ol e c ul e s 
d at a s et.  A  p r e di ct e d  st ri n g  wit h  a  B L E U  s c o r e  of  1. 0  
m e a n s  a  s c o r e  of  1. 0  u si n g  t h e  N L T K  s e nt e n c e  B L E U 
s c o ri n g  f u n cti o n[ 2 4 ]  a n d  t h e y  a r e  m o stl y  i d e nti c al  
st ri n g s ( s e e A p p e n di x ).

Fi g.  3  A v er a g e tr ai ni n g ti m e p er e p o c h o n di Th er e nt h ar d w ar e (l o w er is b ett er)

Fi g.  4  A v er a g e tr ai ni n g ti m e p er e p o c h f or di fi er e nt d at as ets usi n g 
T P U V 3- 8

T a bl e  2  B L E U s c or es a n al ysis

Tr ai ni n g d at as et si z e 3 0 Mi o 6 0 Mi o

A v er a g e B L E U s c or e 0. 8 9 0. 9 4

T ot al n u m b er of stri n gs wit h B L E U 1. 0 5 2. 4 8 % 6 6. 6 5 %

B L E U- 1 0. 9 2 0. 9 5

B L E U- 2 0. 9 0 0. 9 4

B L E U- 3 0. 8 8 0. 9 3

B L E U- 4 0. 8 6 0. 9 2
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C o m p ar e d t o t h e 3 0 milli o n m ol e c ul e s d at a s et, a m o d el 
tr ai n e d wit h 6 0 milli o n m ol e c ul e s m a k e s b ett er pr e di c-
ti o ns, a s d e m o nstr at e d b y all B L E U s c or e t y p e s.

T o  a ss e ss  t h e  n et w or k’s  a bilit y  t o  l e ar n  “c h e mi s -
tr y ”  w e  c al c ul at e d  t h e  Ta ni m ot o  si mil ariti e s  b et w e e n  
th e  pr e di c t e d  a n d  t h e  ori gi n al  m ol e c ul e s  b y  tr a nsl at-
i n g  t h e  ori gi n al  a n d  t h e  pr e di ct e d  I U P A C  n a m e s  b a c k  
to  S MI L E S  stri n g s  u si n g  O P SI N  a n d  c a n o ni c ali s e d  t h e  
r etr a nsl at e d S MI L E S u si n g t h e C D K. We u s e d t h e C D K 
wit h  P u b c h e m  n g er pri nt s  t o  c al c ul at e  t h e  Ta ni m ot o  
si mil arit y  i n di c e s.  e  I U P A C  n a m e s  t h at  O P SI N  w a s  
a bl e  t o  tr a nsl at e  b a c k  t o  S MI L E S  stri n g s  w er e  c o u nt e d  
a s v ali d I U P A C n a m e s w hil e t h e ot h ers w er e c o u nt e d a s 
i n v ali d. O nl y t h e v ali d I U P A C- n a m e-t o- S MI L E S tr a nsl a-
ti o ns w er e u s e d f or t h e Ta ni m ot o si mil arit y c al c ul ati o ns. 

e a v er a g e Ta ni m ot o si mil arit y w a s m e a s ur e d o n v ali d 
I U P A C- n a m e-t o- S MI L E S tr a nsl ati o ns. A d diti o n all y, b ot h 
Ta ni m ot o  si mil arit y  c al c ul ati o ns  w er e  r e a dj u st e d  t o  t h e  
n u m b er  of  d at a  p oi nt s  pr e s e nt  o n  t h e  t e st  d at a s et  (s e e  
Ta bl e 3 ).  We  al s o  c o m p ut e d  f ull  i s o m or p hi s m  m at c h e s  
u si n g I n C hIs a n d f o u n d t h at 9 8 % of all Ta ni m ot o si mil ar -
it y 1. 0 c a s e s w er e f ull g r a p h i s o m or p hi s ms.

e  i n v ali d  I U P A C  n a m e s  ar e  t h e  o n e s  t h at  w er e  
r ej e ct e d  b y  O P SI N  a n d  c o ul d  n ot  b e  c o n v ert e d  i nt o  
S MI L E S. i s i n a bilit y i s t h e r e s ult of err ors of t h e I U P A C 
n a m e s b ei n g pr e di ct e d. I n m o st c a s e s, t h e I U P A C- n a m e-
t o- S MI L E S tr a nsl ati o n f ail e d b e c a u s e

• t h e y di d n ot c o nt ai n a c o m m a,

• s o m e of t h e m w er e missi n g a c l os e br a c k et s y m b ol 
c orr es p o n di n g t o t h e o p e n br a c k et s y m b ol,

• t h e v al e n c e of a n at o m w a s wr o n g,
• a c ert ai n bl o c k of t e xt w a s u ni nt er pr et a bl e,
• t h e y f ail ed t o a ssi g n all b o n ds c orr e ctl y,
• of  a  dis a gr e e m e n t  b et w e e n  l e n gt hs  of  bri d g es  a n d  

al k yl c h ai n l e n gt h
• of l o n g n a m es wit h r e p e ati n g w or ds.

Ta bl e 4  pr e s e nt s a f e w e x a m pl e s of I U P A C n a m e s t h at 
c o ul d n ot b e c o n v ert e d t o S MI L E S stri n g s wit h a n e x pl a -
n ati o n of t h e f ail ur e.

e Ta ni m ot o si mil ar it y i n d e x 1. 0 c o u nt wit h 7 2 % ( 6 0 
milli o n m ol e c ul e s s et) of t h e t e st d at a i s alr e a d y r e m ar k -
a bl e b ut t h e a v er a g e Ta ni m ot o si mil arit y of 0. 8 3 ( 6 0 mil -
li o n  m ol e c ul e s  s et)  s u g g e st s  t h at  a n  “ u n d erst a n di n g ”  of  
th e  “l a n g u a g e  of  c h e mi str y ”  e m er g e d.  Al s o,  it  b e c o m e s  
o b vi o u s t h at t h e n u m b er of pr e di cti o ns wit h a Ta ni m ot o 
si mil arit y of 1. 0 i s g r e at er t h a n t h e n u m b er of pr e di cti o ns 
wit h  a  B L E U  s c or e  of  1. 0,  s e e  Ta bl e 5 :  Alt h o u g h  t h er e  
ar e di er e nt I U P A C n a m e s, u si n g O P SI N t o r e-tr a nsl at e 
t h e s e  n a m e s  l e d  t o  S MI L E S  r e pr e s e nt ati o ns  wit h  si mi-
l ar or e v e n i d e nti c al c h e mi c al g r a p hs, s e e Fi g ur e 5 . i s 
al s o ill u str at e s t h e e xt e nt t o w hi c h t h e m o d el i s c a p a bl e 
t o s u c c e ssf ull y g e n er ali s e t h e i nf or m ati o n of t h e tr ai ni n g 
d at a. We f o u n d t h at o nl y v e pr e di cti o ns h a d a Ta ni m ot o 
si mil arit y i n d e x l e ss t h a n 1. 0 b ut a B L E U s c or e of 1. 0, s e e 
Ta bl e 6  a n d Fi g. 6 .

I U P A C- n a m e-t o- S E L FI E S tr a n sl ati o n

e  I U P A C- n a m e-t o- S E L FI E S  tr a nsl ati o n  w a s  t e st e d  
wit h t h e s a m e 2. 2 milli o n t e st m ol e c ul e s a s t h e S E L FI E S -
t o-I U P A C- n a m e  m o d el  b ef or e,  b ut  i n  r e v ers e  or d er.  T o  
u s e O P SI N a s a p erf or m a n c e m e a s ur e, w e a n al y z e d o ur 
t e st  s et  u si n g  O P SI N.  It  w a s  a bl e  t o  c o n v ert  9 8. 3 1 %  of  
I U P A C  n a m e s  g e n er at e d  b y  t h e  m ol c o n v ert  al g orit h m  
b a c k t o S MI L E S a n d 9 6. 2 4 % w er e f o u n d t o s h o w a Ta ni -
m ot o 1. 0 si mil arit y, s e e Ta bl e 7  f or d etail s. Ta bl e 8  s u m-
m ari z e s  t h e  a v er a g e  B L E U  s c or e,  t h e  c al c ul at e d  B L E U  

T a bl e  3  T a ni m ot o si mil ariti es

Tr ai ni n g d at as et si z e 3 0 Mi o 6 0 Mi o

I n v ali d I U P A C n a m es 2 1. 4 1 % 1 4. 5 0 %

V ali d I U P A C n a m es 7 8. 5 9 % 8 5. 5 0 %

T a ni m ot o 1. 0 c o u nt o n t h e t ot al t est d at as et 5 8. 3 6 % 7 2. 3 3 %

T a ni m ot o 1. 0 c o u nt o n v ali d I U P A C n a m es 7 4. 2 6 % 8 4. 5 9 %

A v er a g e T a ni m ot o ( m e as ur e d f or t ot al t est d at as et) 0. 7 5 0. 8 3

A v er a g e T a ni m ot o ( m e as ur e d f or v ali d I U P A C n a m es) 0. 9 6 0. 9 8

T a bl e  4  F ail e d I U P A C- n a m e-t o- S MI L E S tr a nsl ati o ns

I U P A C n a m e s R e a s o n f or f ail ur e ( O P SI N err or m e s s a g e s)

1. N -[ 6-( 2, 3- di a mi n o pr o p yli d e n e)- 1- m et h yl- 1, 2, 4 a, 5, 6, 8 a- h e x a h y dr o q ui n oli n- 6- yl]-
N - m et h yl pr o p a n a mi d e

At o ms ar e i n a n u n p h ysi c al v al e n c y st at e. El e m e nt: C v al e n c y: 5

2. 2-[({[( 3- et h o x y pr o p yl) a mi n o]({[ 2-( 2- Th u or o p h e n yl) et h yl] a mi n o}) m et h yli d e n e}
a mi n o)- N ,N - di m et h yl a c et a mi d e

U n m at c h e d o p e ni n g br a c k et f o u n d

3. 3’-( pr o p a n- 2- yl)- 2’, 3’, 4’, 5’, 6’, 7’, 8’, 8’ a- o ct a h y dr o- 2’ H-s pir o[i mi d a z ol e- 4, 1’-i n d oli zi n]- 2-
a mi n e

T h e f oll o wi n g b ei n g u ni nt er pr et a bl e: 2’, 3’, 4’, 5’, 6’, 7’, 8’, 8’

4. ({ 2’, 6’- di fi u or o- 2’, 6’- di m et h yl-[ 1, 1’- bi p h e n yl]- 4- yl} m et h yl)( pr o p yl) a mi n e F ail e d t o assi g n all d o u bl e b o n ds

5. 1, 4, 5-tri m et h yl- 1-[ 1, 2- di m et h yl pr o p yl)- 2- m et h yl- 1- pr o p yl bi c y cl o[ 1 2. 2. 1]t etr a d e c a-
1, 5- di e n e

Dis a gr e e m e nt b et w e e n l e n gt hs of bri d g es a n d al k yl c h ai n l e n gt h
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Fi g.  5  C h e mi c al str u ct ur es d e pi ct e d wit h t h e C D K d e pi cti o n g e n er at or f or pr e di cti o ns wit h T a ni m ot o si mil arit y 1. 0 b ut l o w B L E U s c or e

T a bl e  6  Pr e di ct e d I U P A C n a m e stri n gs wit h a B L E U s c or e of 1. 0 b ut a l o w T a ni m ot o si mil arit y i n d e x

N o. I U P A C n a m e s B L E U S c or e I U P A C n a m e s tr a n sl at e d i nt o S MI L E S u si n g O P SI N T a ni m ot o 
si mil arit y 
I n d e xOri gi n al Pr e di ct e d Ori gi n al Pr e di ct e d

1 4-[( 4- a mi n o- 2, 3, 6-tri m et h-
yl p h e n yl) m et h yl]- 2, 3, 5-
tri m et h yl a nili n e

4-[( 4- a mi n o- 2, 3, 5-tri m et h-
yl p h e n yl) m et h yl]- 2, 3, 6-
tri m et h yl a nili n e

1. 0  N C 1 C C( C( C( C 1 C) C)
C C 2 C( C C( N) C( C 2 C)
C) C) C

N C 1 C( C C( C( C 1 C) C)
C C 2 C C( C( N) C( C 2 C)
C) C) C

0. 9 7

2 3-[( 3- a mi n o- 2, 6- di et h yl-
p h e n yl) m et h yl]- 2, 4- di-
et h yl a nili n e

3-[( 3- a mi n o- 2, 4- di et h yl-
p h e n yl) m et h yl]- 2, 6- di-
et h yl a nili n e

1. 0  N C 1 C C C( C( C 1 C C)
C C 2 C( C C C( N) C 2 C C)
C C) C C

N C 1 C( C C C( C 1 C C)
C C 2 C C C( C( N) C 2 C C)
C C) C C

0. 9 2

3 2-{ 4-[( di m et h yl a mi n o)
m et h yl]- 6-[( 2, 6- di m et h-
yl p h e n o x y) m et h yl]-
6- h y dr o x y c y cl o h e x a-
2, 4- di e n- 1- yl} a c et o nitril e

2-{ 4-[( 2, 6- di m et h yl-
p h e n o x y) m et h yl]-
6-[( di m et h yl a mi n o)
m et h yl]- 6- h y dr o x y c y-
cl o h e x a- 2, 4- di e n- 1- yl}
a c et o nitril e

1. 0  N # C C C 1 C C C( C C 1( O)
C O C 2 C( C C C C 2 C) C)
C N( C) C

N # C C C 1 C C C( C C 1( O)
C N( C) C)
C O C 2 C( C C C C 2 C) C

0. 9 3

4 4-[ 4-( 3- h y dr o x y c y cl o-
h e pt a- 1, 3, 6-tri e n- 1- yl)
p h e n yl]- N -( 7- m et h yl c y-
cl o h e pt a- 1, 4, 6-tri e n- 1- yl)
b ut a n a mi d e

4-[ 4-( 3- h y dr o x y c y cl o-
h e pt a- 1, 4, 6-tri e n- 1- yl)
p h e n yl]- N -( 7- m et h yl c y-
cl o h e pt a- 1, 3, 6-tri e n- 1- yl)
b ut a n a mi d e

1. 0  O C( N C 1 C C C C C C 1 C)
C C C C 2 C C C( C C 2)
C 3 C C C C C( O) C 3

O C( N C 1 C C C C C C 1 C)
C C C C 2 C C C( C C 2)
C 3 C C C C C( O) C 3

0. 9 5

5 ( b ut- 1- e n- 2- yl)( pr o p- 1- e n-
1- yl) a mi n e

( b ut- 1- e n- 1- yl)( pr o p- 1- e n-
2- yl) a mi n e

1. 0 C C( N C C C) C C C C( N C C C C) C 0. 9 7



P a g e 9 of 1 4R aj a n et al. J C h e mi nf or m           ( 2 0 2 1) 1 3: 3 4  

s c or e s,  a n d  t h e  Ta ni m ot o  si mil ariti e s  t h at  w er e  c arri e d  
o ut o n t h e t e st m ol e c ul e s f or I U P A C- n a m e-t o- S E L FI E S 
tr a nsl ati o n.

e l ar g er 6 0 milli o n m ol e c ul es d at as et a g ai n p erf or ms 
b ett er t h a n t h e 3 0 milli o n m ol e c ul es d at as et. I n v ali d S E L F -
I E S d o n ot o c c ur b e c a us e all t h e pr e di ct e d S E L FI E S w er e 
re tr a nsl at e d i nt o S MI L E S wit h o ut a n y err or. A g ai n, t h e pr e-
di cti o ns wit h Ta ni m ot o si mil arit y i n d e x 1. 0 e x c e e d t h os e  
w ith B L E U s c or es 1. 0. e r e as o n f or t his is t h at B L E U is 

c al c ul at e d b y m a p pi n g w or d t o w or d f or a n ori gi n al a n d  
pr e di ct e d S E L FI E S stri n g w hil e Ta ni m ot o si mil arit y is c al -
c ul at e d a c c or di n g t o t h e c orr es p o n di n g c h e mi c al str u ct ur e, 
se e Ta bl e 9  a n d Fi g ur e 7 . T o i m pr o v e t h es e r es ults, m or e 
m ol e c ul es  wit h  t h e  s a m e  s et  of  u ni q u e  t o k e ns  w o ul d  b e  
n e e d e d. We als o s a w t h at 8 6 0 o ut of 2. 2 milli o n m ol e c ul es 
( 0. 0 0 0 3 %) h a d B L E U 1. 0 b ut a sli g htl y l o w er Ta ni m ot o si m-
il arit y i n d e x b e c a us e of sli g ht di er e n c es i n t h e c h e mi c al 
stru c t ur es.

C o n cl u si o n
Wit h t his w or k, p ur el y d at a- dri v e n d e e p l e ar ni n g m o d els 
f or tr a nsl ati o n b et w e e n di er e nt c h e mi c al e ntit y r e pr es e n -
t ati o ns ar e r e p ort e d. We s h o w t h at d e e p l e ar ni n g m o d els 
ar e a bl e t o c a pt ur e t h e ess e n c e of S MI L E S t o I U P A C n a m e 
stri n g c o n v ersi o n ( a n d vi c e v ers a) wit h r e a c hi n g t h e 9 0 %  
a c c ur a c y  t hr es h ol d.  D es pit e  t his  pr o misi n g  n di n g,  a n y  
l ar g e s c al e a n d u n c ur at e d a p pli c ati o n s h o ul d b e c urr e ntl y 
h a n dl e d wit h c ar e.

Wit h m or e d at a a n d a d diti o n al tr ai ni n g e p o c hs S T O U T 
is e x p e ct e d t o f urt h er i m pr o v e its pr e di cti o n a c c ur a c y i n  
t h e f ut ur e. At b est, it m a y n all y pl a y i n t h e b all p ar k of t h e 
r ul e- b as e d  s yst e ms  w hi c h  f urt h er  o n  d e n e  t h e  p ossi bl e  
t o p p erf or m a n c e. Usi n g t h e T P U pl atf or m will e n a bl e t h e 
m o d els t o b e tr ai n e d i n a n a c c e pt a bl e a m o u nt of ti m e i n t h e 
or d er of a f e w w e e ks. I n a d diti o n, S T O U T m a y b e e xt e n d e d 
t o alt er n ati v e s o p histi c at e d m o d els us e d i n l a n g u a g e tr a ns-
l ati o n a n d u n d erst a n di n g, s u c h as B E R T [2 5 ].

D ur i n g o ur r e visi o ns, t h er e w er e t w o si mil ar pr e pri nts, 
Str u ct 2I U P A C  [ 2 6 ]  a n d  Tr a nsl ati n g  t h e  M ol e c ul es  [2 7 ], 
w hi c h h as b e e n p u blis h e d, r e e cti n g a n i n cr e as e of i nt er est 
i n t h e tr a nsl ati o n of S MI L E S i nt o I U P A C n a m es a n d vi c e 
v ers a.

Fi g.  6  C h e mi c al str u ct ur es d e pi ct e d wit h t h e C D K d e pi cti o n 
g e n er at or f or pr e di cti o ns wit h B L E U s c or e 1. 0 b ut T a ni m ot o si mil arit y 
l ess t h a n 1. 0

T a bl e  7  A n al ysis o n t est s et usi n g O P SI N

O P SI N a n al y si s o n t e st s et V al u e s

I n v ali d I U P A C n a m es 1. 6 9 %

V ali d I U P A C n a m es 9 8. 3 1 %

T a ni m ot o 1. 0 c o u nt o n t h e t ot al t est d at as et 9 7. 8 9 %

T a ni m ot o 1. 0 c o u nt o n v ali d I U P A C n a m es 9 6. 2 4 %

A v er a g e T a ni m ot o ( m e as ur e d f or t ot al t est d at as et) 0. 9 9

A v er a g e T a ni m ot o ( m e as ur e d f or v ali d I U P A C n a m es) 0. 9 8

T a bl e  8  A v er a g e  B L E U  s c or es,  B L E U  S c or es,  a n d  T a ni m ot o  
si mil arit y c al c ul ati o ns

3 0 Mi o 6 0 Mi o

A v er a g e B L E U s c or e 0. 9 0 0. 9 4

T ot al n u m b er of pr e di ct e d stri n gs wit h B L E U 1. 0 4 6. 7 8 % 6 8. 4 7 %

B L E U- 1 0. 9 4 0. 9 7

B L E U- 2 0. 9 1 0. 9 5

B L E U- 3 0. 8 9 0. 9 4

B L E U- 4 0. 8 5 0. 9 2

T a ni m ot o c al c ul ati o ns

 A v er a g e T a ni m ot o si mil arit y i n d e x 0. 8 9 0. 9 4

 N u m b er of pr e di ct e d stri n gs wit h T a ni m ot o 1. 0 5 2. 2 7 % 7 3. 2 6 %
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A p p e n di x
B L E U  s c o ri n g  f o r  m a c hi n e  t r a n sl ati o n s  i s  a  s c o ri n g  
m et ri c i nt r o d u c e d i n 2 0 0 2 u s e d t o c o m p a r e a p r e di ct e d 
s e nt e n c e  wit h  t h e  o ri gi n al  s e nt e n c e.  E a c h  p r e di ct e d  
w o r d i s c o m p a r e d wit h t h e o ri gi n al, a n d e a c h w o r d i s 
c all e d a n u ni g r a m o r a 1- g r a m. I n l o n g e r s e nt e n c e s w e 
c a n al s o c o m p a r e w o r d p ai r s o r bi g r a m s. H e r e, w e c al -
c ul at e d  B L E U- 1  f o r  u ni g r a m  c o m p a ri s o n,  B L E U- 2  f o r  
th e  bi g r a m  c o m p a ri s o n,  B L E U- 3  f o r  3- g r a m  c o m p a ri -
s o n a n d B L E U- 4 f o r 4- g r a m c o m p a ri s o n.

I n o rd e r t o c o m p a r e t h e p r e di ct e d I U P A C n a m e wit h 
t h e o ri gi n al I U P A C n a m e a s e nt e n c e t o s e nt e n c e c o m-
p a ri s o n s h o ul d b e d o n e, s o w e u s e d t h e s e nt e n c e B L E U 
s c o ri n g  f u n cti o n  i n b uilt  i n  P yt h o n  N at u r al  L a n g u a g e  
T o ol kit  [ 2 8 ].  W e  u s e  t h e  o ri gi n al  I U P A C  n a m e  a s  t h e 
r ef e r e n c e st ri n g a n d t h e p r e di ct e d I U P A C n a m e a s t h e 
c a n di d at e st ri n g t o c al c ul at e t h e B L E U s c o r e s.

F o r all B L E U c al c ul ati o n s w e u s e d t h e N L T K s e nt e n c e 
B L E U s c o ri n g f u n cti o n [ 2 4 ].

W ei g ht di st ri b uti o n s f o r di e r e nt B L E U s c o r e s,

• B L E U- 1: w ei g h t s   ( 1. 0, 0, 0, 0)
• B L E U- 2: w ei g h t s   ( 0. 5, 0. 5, 0, 0)
• B L E U- 3: w ei g h t s   ( 0. 3, 0. 3, 0. 3, 0)
• B L E U- 4: w ei g h t s   ( 0. 2 5, 0. 2 5, 0. 2 5, 0. 2 5).

B L E U s c or e c a n r e d u c e a c c or di n g t o t h e f oll o wi n g,

–  e a c h wr o n g w or d m at c h
–  e a c h wr o n g n- gr a m m at c h es
–  l e n gth of t h e c a n di d at e stri n g is l o n g er/s h ort er t h a n 

r ef er e n c e stri n g
–  or d er of t h e pr e di ct e d w or ds ar e wr o n g.

F or t h e s e a p e n alt y will b e a w ar d e d s o t h e o v er all s c or e 
will d e cr e a s e. A f e w e x a m pl e s ar e gi v e n b el o w.

R ef er e n c e: 1, 3, 7-tri m et h yl p uri n e- 2, 6- di o n e
C a n di d at e: 1, 3, 7-tri m et h yl p uri n e- 2, 6- di o n e
B L E U s c or e: 1. 0
B L E U- 1: 1. 0 0

Fi g.  7  C h e mi c al str u ct ur es d e pi ct e d wit h t h e C D K d e pi cti o n g e n er at or f or pr e di cti o ns wit h T a ni m ot o si mil arit y 1. 0 a n d l o w B L E U s c or e
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B L E U- 2: 1. 0 0
B L E U- 3: 1. 0 0
B L E U- 4: 1. 0 0

Wr o n g w or d

R ef er e n c e: 1, 3, 7-tri m et h yl p uri n e- 2, 6- di o n e
C a n di d at e: 1, 3, 7-tri m et h yl p uri n e- 2, 6-tri o n e
B L E U s c or e: 0. 8 7
B L E U- 1: 0. 9 4
B L E U- 2: 0. 9 0
B L E U- 3: 0. 9 0
B L E U- 4: 0. 8 8

Wr o n g w or d p air

R ef er e n c e: 1, 3, 7-tri m et h yl p uri n e- 2, 6- di o n e
C a n di d at e: 1, 3, 7-tri m et h yl p uri n e- 2, 6,tri o n e
B L E U s c or e: 0. 8 1
B L E U- 1: 0. 8 8
B L E U- 2: 0. 8 4
B L E U- 3: 0. 8 4
B L E U- 4: 0. 8 1

S h ort er pr e di cti o n

R ef er e n c e: 1, 3, 7-tri m et h yl p uri n e- 2, 6- di o n e
C a n di d at e: 1, 3, 7-tri m et h yl p uri n e- 2
B L E U s c or e: 0. 6 3
B L E U- 1: 0. 6 3
B L E U- 2: 0. 6 3
B L E U- 3: 0. 6 3
B L E U- 4: 0. 6 3

L o n g er pr e di cti o n

R ef er e n c e: 1, 3, 7-tri m et h yl p uri n e- 2, 6- di o n e
C a n di d at e: 1, 3, 7-tri m et h yl p uri n e- 2, 6- di o n e, 6- di o n e, 

6- di o n e
B L E U s c or e: 0. 5 2
B L E U- 1: 0. 6 3
B L E U- 2: 0. 5 9
B L E U- 3: 0. 5 9
B L E U- 4: 0. 5 2

Wr o n g or d er of pr e di cti o n s

R ef er e n c e: 1, 3, 7-tri m et h yl p uri n e- 2, 6- di o n e
C a n di d at e: 1, 3, 7-tri m et h yl p uri n e- 6, 2- di o n e
B L E U s c or e: 0. 7 1
B L E U- 1: 1. 0 0
B L E U- 2: 0. 8 6
B L E U- 3: 0. 8 0
B L E U- 4: 0. 7 1
F or t h e B L E U s c or e c al c ul ati o n, w e ar e u si n g t h e d ef a ult 

s etti n g s  of  s e nt e n c e  B L E U.  i s  c orr e s p o n d s  t o  a  f o ur-
g r a m  c o m p ari s o n.  e  w ei g ht s  ar e  di stri b ut e d  e v e nl y.  
I n v er y f e w c a s e s a s r e p ort e d i n t h e R e s ult s s e cti o n, w e 

e n c o u nt er e d  t h e  pr e di cti o ns  wit h  B L E U  1. 0  w h er e  t h e  
stri n g s w er e n ot i d e nti c al. e pr o bl e m c a n b e r e cti e d 
u si n g  m or e  N- g r a m  c o m p ari s o ns  wit h  di er e nt  w ei g ht  
di stri b uti o ns. I n o ur r e s ult s t h e s e c a s e s w er e v er y l o w i n 
n u m b er s o w e u s e d t h e d ef a ult s etti n g s.

R ef e r e n c e:  4-[( 4- a mi n o- 2, 3, 6 -t ri  m et h yl  p h e n yl)  
m et h yl]- 2, 3, 5 -t ri m et h yl a nili n e

C a n di d at e:  4-[( 4- a mi n o- 2, 3, 5 -t ri  m et h yl  p h e n yl)
m et h yl]- 2, 3, 6 -t ri m et h yl a nili n e

Wit h  s e nt e n c e  B L E U,  4- g r a m  ( w ei g ht s   
( 0. 2 5, 0. 2 5, 0. 2 5, 0. 2 5))

B L E U s c o r e: 1. 0 0
Wit h  s e nt e n c e  B L E U,  5- g r a m  ( w ei g ht s   

( 0. 2, 0. 2, 0. 2, 0. 2, 0. 2))
B L E U s c o r e: 0. 9 8
Wit h s e nt e n c e B L E U, 8- g r a m ( w ei g ht s   ( 0. 1 2 5, 0. 1 2 5,

0. 1 2 5, 0. 1 2 5, 0. 1 2 5, 0. 1 2 5, 0. 1 2 5, 0. 1 2 5))
B L E U s c o r e: 0. 8 8.

A b br e vi ati o n s
B L E U: Bili n g u a L E v al u ati o n U n d erst u d y; B E R T: Bi dir e cti o n al e n c o d er r e pr es e n-
t ati o ns fr o m tr a nsf or m ers; C D K: C h e mistr y d e v el o p m e nt kit; D E CI M E R: D e e p 
l E ar ni n g f or C h e mi c al I m a g e R e c o g niti o n; F T P: Fil e tr a nsf er pr ot o c ol; G P U: 
Gr a p hi cs pr o c essi n g u nit; I U P A C: I nt er n ati o n al U ni o n of P ur e a n d A p pli e d 
C h e mistr y; I n C hI: I nt er n ati o n al c h e mi c al i d e nti Th er; N M T: N e ur al m a c hi n e 
tr a nsl ati o n; O P SI N: O p e n p ars er f or s yst e m ati c I U P A C n o m e n cl at ur e; R A M: R a n-
d o m a c c ess m e m or y; R N N: R e c urr e nt n e ur al n et w or k; S D F: Str u ct ur e d at a fil e; 
S E L FI E S: S elf-r ef er e n ci n g e m b e d d e d stri n gs; S M A R T S: S MI L E S ar bitr ar y t ar g et 
s p e ci Th c ati o n; S MI L E S: Si m pli ffi e d m ol e c ul ar-i n p ut li n e- e ntr y s yst e m; S T O U T: 
S mil es T O i U p a c Tr a nsl at or; T P U: T e ns or pr o c essi n g u nits; T F R e c or d: T e ns or Fl o w 
R e c or d fil e; V R A M: Vi d e o r a n d o m a c c ess m e m or y.

A c k n o wl e d g e m e nt s
W e c or di all y a c k n o wl e d g e t h e c o m p a n y C h e m A x o n f or m a ki n g t h eir 
d et er mi nisti c I U P A C n a m e g e n er at or a v ail a bl e f or fr e e f or a c a d e mi c p ur p os es, 
wit h o ut w hi c h t his pr oj e ct w o ul d n ot h a v e b e e n p ossi bl e. W e ar e als o gr at ef ul 
f or t h e c o m p a n y G o o gl e m a ki n g fr e e c o m p uti n g ti m e o n t h eir T e ns or fi o w 
R es e ar c h Cl o u d i nfr astr u ct ur e a v ail a bl e t o us.

A ut h or s’ c o ntri b uti o n s
K R d e v el o p e d t h e s oft w ar e a n d p erf or m e d t h e d at a a n al ysis. C S a n d A Z 
c o n c ei v e d t h e pr oj e ct a n d s u p er vis e d t h e w or k. All a ut h ors c o ntri b ut e d t o t h e 
m a n us cri pt. All a ut h ors r e a d a n d a p pr o v e d t h e Th n al m a n us cri pt.

F u n di n g
O p e n A c c ess f u n di n g e n a bl e d a n d or g a ni z e d b y Pr oj e kt D E A L. T h e a ut h ors 
a c k n o wl e d g e f u n di n g b y t h e C arl- Z eiss- F o u n d ati o n.
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Introduction 
 
Scientists build on the results of their peers. Knowledge and data arising from previous research 
is shared through scientific publications and increasingly through the deposition of data in 
repositories. To enable progress in core areas of chemistry, the availability of open data has a 
beneficial impact [1]. Most of the chemical data is published in the form of text and images in 
scientific publications [2]. Retrieving and storing published information into open-access 
databases will facilitate the reuse as well as the development of new methods and products [3]. 
But most of the data published is non-machine readable and manual curation is still the standard. 
This manual work is tedious and error-prone [4]. The increase of publications with valuable 
chemical information [5] does encourage the developments of tools for automated data retrieval. 
Information retrieval with corresponding database storage is an ongoing task and multiple projects 
are working towards this. The CHEMDNER [6] challenge is one good example of it. 
 
There has been a significant amount of development in the field of chemical data mining [5] with 
a couple of open source solutions including ChemDataExtracter [4] and ChemSchematicResolver 
(CSR) [7], building upon each other. CSR can't process scanned pages of the publications and 
doesn't work on all types of publications. Although most publishers offer documents in markup 
format, many of the older publications are stored in scanned PDF files. For example, the Journal 
of Natural Products did publish scientific articles since 1978, one of their issues even dates back 
to 1949; however, these publications were not formatted in markup format. So, retrieving this 
information is a difficult process. 
 
Image mining methods for chemical structure depictions and their conversion into a machine-
readable file format is a comparatively small research area [8]. The automatic recognition of 
chemical structure depictions and their conversion into machine-readable formats such as 
SMILES [9] or InChI [10], however, is an important task for creating corresponding databases. 
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The publications include chemical structure depictions along with other information in textual 
format and contain some information presented as tables, graphs, spectra, etc. 
 
Optical Chemical Structure Recognition (OCSR) software was built to parse chemical structure 
depictions. However, most of these softwares\tools are unable to handle whole page articles or 
scanned ones. In order to use these tools, it is necessary to segment the chemical structure 
depictions into separate images from printed literature and then use these segmented images as 
inputs. Also, the user should ensure that the image does not contain any other elements or 
artefacts other than a representation of a chemical structure in a segmented image. All of the 
available systems vary in their accuracy, OSRA [11] and MolVec [11, 12] can resolve a chemical 
structure with 80-90% accuracy [8].  
 
With the advancements in computer vision, a few deep learning-based OCSR tools have been 
developed, e.g., by Staker et al. [13], the first machine learning-based system for segmentation 
of images and resolution into a computer-readable format. Another deep learning-based work is 
Chemgrapher [14], where multiple neural networks are combined for the recognition of molecules. 
Recently, there was a new publication called ChemPix [15], a deep learning-based method that 
was developed to recognize hand drawn hydrocarbon chemical structures. Another recent 
publication describes SMILES generation from images [16] where an encoder-decoder method 
with a pre-trained decoder is used from previous work [17]. These contributions demonstrate an 
increasing interest in this field of research. Even though they all claim to provide enhanced 
accuracy, none of them is accessible to the general public to date. 
 
The DECIMER (Deep lEarning for Chemical IMagE Recognition) project [18] is an end-to-end 
open-source system that can perform chemical structure segmentation on scanned scientific 
literature and use the segmented structure depictions to convert them into a computer-readable 
molecular file format.  
 
In our work on DECIMER-Segmentation [19], the segmentation workflow was specifically 
addressed. Here we now present a transformer-based algorithm that converts the bitmap of a 
chemical structure depiction into a computer-readable format. The system does not inherit any 
rules or make any assumptions; thus, it solely relies on the chemical structure depiction to perform 
its task. 
 
The DECIMER algorithm was primarily inspired by the successful AlphaGo Zero algorithm [20] 
developed by Google’s DeepMind. The success of AlphaGo Zero allowed us to realize that very 
challenging problems could be adequately tackled by having a sufficient amount of data and using 
an adequate neural network architecture. With dozens of millions of molecules available in the 
databases like PubChem [21], Zinc20 [22], and GDB-17 [23], we have shown in our preliminary 
communication that our goal to have a system that can work with about 90% accuracy, could be 
achieved by training the network on a dataset of 50-100 million molecules. 
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Materials and Methods 
DECIMER is a completely data-driven solution to chemical image recognition. Recent impressive 
applications of deep learning, such as the AlphaGo Zero example, all relied on the availability of 
very large to unlimited amounts of training data. In our case, one of the largest chemical 
databases on the planet, PubChem [21], was used. 

Data Preparation 
The latest version of PubChem was downloaded from their FTP site. All explicit hydrogens were 
removed using the CDK [24] and isomeric SMILES [9] were generated, which inherit the 
canonicalisation and retain the stereochemistry information. After generating the SMILES, the 
following set of rules were used to filter the dataset for a balanced dataset. The molecules in both 
training and test set should, 
 

● have a molecular weight of fewer than 1500 Daltons, 
● not possess counter ions, 
● only contain the elements C, H, O, N, P, S, F, Cl, Br, I, Se and B, 
● not contain isotopes of Hydrogens (D, T), 
● have 3 - 40 bonds,  
● not contain any charged groups,  
● only contain implicit hydrogens, except in functional groups, 
● have less than 40 SMILES characters, 
● no stereochemistry is allowed.  

 
The resulting main dataset contains 39 million molecules. The same rule set was used to generate 
a second dataset, but the molecules with charged groups and stereochemistry were retained. 
Furthermore, the molecules containing tokens that were rare in the dataset were removed (see 
section on tokenization), resulting in a dataset that contains approximately 37 million molecules. 
 
Molecular bitmap images were generated using the CDK Structure Diagram Generator (SDG). 
The CDK depiction generator enables the generation of production-quality 2D images. In this 
work, every molecule was randomly rotated and depicted as 8 Bit PNG images with a 299x299 
resolution. It was made sure that each image contains only one structure. 
 
Using the set of images from the second dataset and introducing image augmentations the third 
dataset was generated. The image augmentations were applied using the imgaug [25] python 
package. One of the following augmentations were randomly applied to the images. 
 

● Gaussian Blur 
● Average Blur 
● Additive Gaussian Noise 
● Salt And Pepper 
● Salt 
● Pepper 
● Coarse Dropout 
● Gamma Contrast 
● Sharpen 
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● Enhance Brightness 
 
Often, deep learning in chemistry is using SMILES as a textual representation of structures. 
Training Neural Networks (NNs) directly with SMILES, however, has pitfalls: In order to generate 
tokens, a set of rules has to be set up on how and where to split long strings of SMILES into 
smaller words. After training, invalid SMILES are often encountered in the predictions, which 
results in overall significantly reduced accuracy. To tackle this problem there are two new text 
representations named DeepSMILES [26] and SELFIES [27]. DeepSMILES exhibited better 
results in comparison to standard SMILES, but again invalid DeepSMILES cause similar 
problems. In the end, SELFIES were used, since they can be split easily into tokens and they 
translate into a SMILES string without any errors. All SMILES strings in our 3 datasets were 
converted into SELFIES using Python. 
 

 
Figure 1: SMILES, DeepSMILES and SELFIES represented as tokens with a space character as 
a delimiter. 
 
To summarize, the datasets used in this work are: 
 

1. Dataset 1: PNG images of chemical structure depictions plus corresponding canonical 
SMILES converted into SELFIES, without stereochemical information and charged 
groups. 

2. Dataset 2: PNG images of chemical structure depictions plus corresponding canonical 
SMILES converted into SELFIES, with stereochemical information and charged groups. 

3. Dataset 3: Augmented PNG images of chemical structure depictions plus corresponding 
canonical SMILES converted into SELFIES, with stereochemical information and charged 
groups. 
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Image feature extraction 
 
A Convolutional Neural Network (CNN) is used to parse the images, where the second last layer 
retains the features to be extracted for calculations. For training our model, we evaluated  
InceptionV3 [28] and EfficientNet-B3 [29], see Figure 2. The EfficientNet base model for an image 
size of 299 x 299 outperforms InceptionV3 in our task at hand [29].  
 
Every image was scaled to a resolution of 299x299 pixels, and the pixel values were normalized 
to interval -1 to 1, which corresponds to the format used on InceptionV3 and EfficientNet-B3. Then 
the features were extracted into a vector format using the pre-trained weights of ImageNet [30] 
on InceptionV3 and pre-trained weights of Noisy-student [31] training on EfficientNet-B3.  
 
For Inception V3 a feature vector size of 8x8x2048 was used and for EfficientNet-B3 a feature 
vector size of 10x10x1536 was obtained. These extracted feature vectors can be saved into 
NumPy arrays. 

Tokenization 
SELFIES were tokenized into a unique set of tokens and padded to fit the maximum length of 
SELFIES strings. Here the Keras [32] tokenizer in Tensorflow 2.3 [33] was used. Table 1 
summarizes the details regarding the tokens present in each dataset. 
 
Table 1: SELFIES tokens and maximum length found on each dataset. 
 

Datasets Number of SELFIES Tokens The maximum length of the 
SELFIES strings 

Dataset 1 27 47 

Dataset 2 61 47 

Dataset 3 61 47 
 
Tokens in Dataset 1: [C], [=C], [Branch1_1], [N], [Ring1], [O], [Branch1_2], [Expl=Ring1], [=N], 
[Branch2_1], [Branch1_3], [Ring2], [S], [F], [=O], [Branch2_2], [Cl], [Branch2_3], [#C], [Br], [P], 
[=S], [I], [=P], [Expl=Ring2], [B], [#N] 
 
Tokens in Dataset 2 & 3: [C], [=C], [Branch1_1], [Branch1_2], [Ring1], [N], [O], [=O], [=N], [Ring2], 
[Branch2_1], [S], [Branch1_3], [F], [Branch2_2], [Cl], [Branch2_3], [Br], [#C], [/C], [#N], [P], 
[C@Hexpl], [C@@Hexpl], [=N+expl], [=S], [=N-expl], [I], [O-expl], [N+expl], [\C], [/N], [/O], 
[C@expl], [B], [C@@expl], [\N], [Expl/Ring1], [\O], [NH+expl], [I-expl], [Expl\Ring1], [P+expl], 
[NH2+expl], [/Cl], [/S], [NH3+expl], [Cl-expl], [/F], [#N+expl], [C-expl], [\S], [N-expl], [=NH+expl], 
[=I], [S-expl], [\Cl], [S+expl], [#C-expl], [B-expl], [/Br]  
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Generating TFRecords 
Extracted feature vectors and tokenized data must be converted into TFRecords before training 
the models on Tensor Processing Units (TPU) [34]. TFRecords stores the data in binary format 
which allows training the models faster using GPUs and TPUs. The TPUs are currently available 
through the Google Cloud Platform. TFRecords are stored in a Google cloud bucket for training. 
This reduces the training time significantly and reduces the overhead of loading the data and 
performing the calculations on a TPU. 
 
Using a custom python script all the datasets were converted into 75 MB chunks of TFRecords. 
Each TFRecord contains 128 Datapoints (128 image vectors + 128 tokenized strings). 
After generating the TFRecords locally, they were moved to a Google cloud storage bucket. 

Networks 
In this work, two different types of networks were evaluated. Initially, an encoder-decoder model 
was tested, which is based on the work by Google on their Show, Attend and Tell  [35] publication. 
The network eventually selected is a transformer-based model based on the Attention is all you 
need [36] publication by Google. The models are written using Python and Tensorflow 2.3 as a 
backend.  

Encoder-decoder network 
The encoder-decoder network used is an unaltered implementation by the TensorFlow team [37]. 
The model uses a CNN-based encoder with a ReLU activation function, a soft attention 
mechanism introduced by Bahdanau et al. [38] and the RNN based decoder uses Gated 
Recurrent Units (GRU) and two fully connected layers. The decoder consists of 1024 units and 
an embedding size of 512. 
 
The network is trained using an Adam optimizer [39] with a learning rate of 0.0005 throughout all 
learning epochs. The loss is calculated using sparse categorical cross-entropy between real and 
predicted SELFIES.  
 

 1 
 2 
 3 
 4 
 5 
 6 
 7 
 8 
 9 
10 
11 
12 
13 
14 
15 
16 
17 
18 
19 
20 
21 
22 
23 
24 
25 
26 
27 
28 
29 
30 
31 
32 
33 
34 
35 
36 
37 
38 
39 
40 
41 
42 
43 
44 
45 
46 
47 
48 
49 
50 
51 
52 
53 
54 
55 
56 
57 
58 
59 
60 
61 
62 
63 
64 
65 



 
Figure 2: Schema of the Encoder-Decoder network used in DECIMER for training. 

Transformer network 
The transformer model (Figure 3) used in this work is the model from the 2017 publication 
Attention is all you need.  It uses four encoder-decoder layers and eight parallel attention heads. 
The attention has a dimension size of 512 and the feed-forward networks have a dimension size 
of 2048. Here the number of rows and columns corresponds to our image feature vectors, so for 
the InceptionV3, the feature vector size is eight and for the EfficientNet-B3 it is ten. A drop out of 
0.1 is used to avoid overfitting.  
 
The network is trained using an Adam optimizer with a custom learning rate scheduler according 
to [36]. The loss is calculated using sparse categorical cross-entropy between real and predicted 
SELFIES. 
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Figure 3: Schema of the Transformer network used in DECIMER for training. 

Training the models 
Initially, all the models were trained using an in-house server equipped with an Nvidia V100 Tesla 
with 32GB GPU, 384 GB of RAM and two Intel(R) Xeon(R) Gold 6230 CPUs. The details 
regarding the scaling & performance were explained in our previous publication [18]. For this 
work, a model with a dataset of one million molecules is initially trained using the same GPU 
equipped server. A batch size of 512 images is used to train the model, resulting in an epoch time 
of 29 minutes and 48 seconds, on average. For a complete convergence of the model, it took 
about 1 day, 5 hours and 48 minutes on the hardware mentioned above.  
 
On a TPU v3-8 (TPU version 3 with 8 nodes) the same model was trained with a batch size of 
1024 which is distributed between 8 nodes, and it took on average 8 minutes and 41 seconds per 
epoch and for a complete convergence of the model, it took 8 hours 41 minutes and 4 seconds. 
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This is a reduction of 71.9% in computation time and we, therefore, decided to train all models 
with the TensorFlow distributed training API using the Tensor Processing Units v3-8. 
 

Testing the models 
All the models were trained until their training loss converged, then each model was tested with 
a test data size of 10% of the training data. Throughout the process of selecting molecules for the 
test dataset, the RDKit [40] MaxMin algorithm is used to select a diverse test dataset covering the 
same chemical space as the training dataset. 
 
Test dataset evaluations were performed on the GPUs. Predicted SELFIES were decoded back 
to SMILES and then the Tanimoto Similarity Index was calculated for the original and predicted 
SMILES using PubChem fingerprints, included in the CDK.  
 
For the predictions with the Tanimoto similarity index of 1.0, we additionally generated InChIs 
using the CDK to perform an isomorphism check and determined, whether Tanimoto 1.0 
predictions are a good proxy for structure identity.  
 
Models trained with augmentations were tested with augmented images and with images without 
any augmentation. 

Results and Discussion 

Computational considerations 
Training large datasets such as the ones used here on deep neural networks take months even 
on GPUs, let alone regular CPUs. For performance measure, a dataset with one million molecules 
was trained for 50 epochs on an Nvidia Tesla V100 GPU and the same model was also trained 
on a TPU V3-8 (version 3 TPU with 8 nodes) and TPU V3-32 (version 3 TPU with 32 nodes). 
 
Training a model on a V3-8 TPU helped by increasing training speed up to 4 times compared to 
a V100 GPU and by using a V3-32 TPU a 16 times faster training speed was achieved, see figure 
4. Concerning these results and considering the costs of V3-32 TPUs, it was decided to train all 
the models on a V3-8 TPU. 
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Figure 4: Training time comparison between a GPU and TPUs (lower is better)

To evaluate if testing accuracy could be improved by increasing the training dataset size, different 

subsets generated using dataset 1 were trained on TPU V3-8. The maximum length of SELFIES 

strings stayed the same throughout the training. As shown in Figure 5, training time increases 

with the increase in datasets. 

Figure 5: Average training time per epoch with increasing training dataset size.
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It would take a considerable amount of time to examine the performance of the network using a 
bigger dataset. For the initial tests, a subset of 1 million was used, which was derived from Dataset 
1. We split the dataset into 90% training data (921600) and 10% test data (102400) using the 
RDKIT MaxMin algorithm to ensure that the test data picked are diverse and resemble the training 
dataset. 

Image feature extraction test  
Correct extraction of the image features will result in an improved overall model at the end. In our 
previous work, the InceptionV3 model was used for image feature extraction. InceptionV3 is a 
state-of-the-art image classification network. A newer network, called EfficientNet, was created to 
enable better classification accuracy, and the results of noisy-student training using EfficientNet 
[31] were better than the InceptionV3 network. The EfficientNet-B3 model was then compared to 
InceptionV3 while still using the same image size (299x299) to test whether EfficientNet-based 
image feature extraction would improve our models' accuracy. 
 
To compare the InceptionV3 feature extraction with EfficientNet-B3 feature extraction a subset of 
1 million molecules was used. Using these models, the features were extracted and then used to 
train encoder-decoder based networks for 60 epochs until the training loss converged. The 
training time for the network that uses the features extracted using the InceptionV3 model was 
found to be shorter than the network which uses the EfficientNet-B3 model.  
 
After training, the models were tested with a test dataset. The predicted SELFIES were 
retranslated into SMILES strings and the Tanimoto similarity index was calculated between 
original SMILES and the retranslated SMILES. Here, no errors have occurred in translating 
SELFIES to SMILES. Table 2 summarizes the evaluation. 
 
 
Table 2: 1 million molecules model testing results for comparing InceptionV3 and EfficientNet-B3 
feature extraction. 
 

Metrics InceptionV3 EfficientNet-B3 

Average Training time per epoch 7mins 34secs 8mins 57Secs 

Tanimoto 0.5459 0.6345 

Tanimoto 1.0 1.41% 7.03% 

 
The Tanimoto 1.0 count indicated that the EfficientNet-B3 model led to a remarkable overall 
performance increase, so it was used for the entire work. 
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Encoder-Decoder Model vs. Transformer Model 
In our previous work [18], the encoder-decoder network was extensively explored. Meanwhile, 
great progress was made in transformer-based networks and the results seemed promising, so 
we decided to implement a transformer-based network in this work as well. 
 
First, the transformer network was tested with InceptionV3 based image feature extraction, then 
it was tested using the EfficientNet-B3 based image feature extraction. The extracted image 
features with tokenized SELFIES were used as inputs for the transformer. For this work, the same 
1 million molecules subset was used with a 90:10 split for training and testing. 
 
The models were trained on TPU V3-8 until the training loss converged. The average time for 
transformer-based models was higher than the other, and the highest average training time was 
recorded for the EfficientNet-B3 Transformer network. Once the training was completed, the 
models were tested using the same test set. Table 3 summarizes the final evaluation. 
 
Table 3: Comparing the encoder-decoder- and transformer-based approach with a 1 million 
images test dataset 
 

Metrics 

encoder-decoder Transformer 

InceptionV3 EfficientNet-B3 InceptionV3 EfficientNet-B3 
Average Training time per 
epoch 7mins 34secs 8mins 57Secs 8mins 33secs 9Mins 27 secs 

Tanimoto 0.5459 0.6345 0.8764 0.9318 

Tanimoto 1.0 1.41% 7.03% 55.29% 72.29% 

 
 
By comparing the Tanimoto 1.0 count, the transformer-based models clearly outperformed the 
encoder-decoder based models. 
 
With these results, it was decided to train all the other datasets using transformers with image 
features extracted using EfficientNet-B3 based image feature extraction. 
 

Image feature extraction comparison using EfficientNet-B3 and B7  
The work described in [29] indicated that EfficientNet-B7 outperforms EfficientNet-B3 marginally 
by 2.7%. We, therefore, implemented EfficientNet-B7 image feature extraction and training on the 
extracted features. The number of parameters to train using EfficientNet-B7 (66 million 
parameters) compared to B3 (12 million parameters) is almost 5.5 times larger, however, which 
makes the network rather big and complex. Furthermore, images had to be rescaled to 600x600 
for B7, in which the chemical structure depictions had to be magnified twice the normal scale. For 
B3, it is easy to use the images with a scale of 299x299 without any alterations.  
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To test these two image feature extraction methods and to see how well this helps us to achieve 
our main goal, a 1 million molecules image subset was used to train the transformer networks 
and the final models were evaluated using respective Images generated using the same test set. 
Table 4 summarizes the results. 
 
 
Table 4: Comparison of evaluation of using EfficientNet-B3 and B7 for image feature extraction. 
 

Metrics EfficientNet-B3 EfficientNet-B7 

Train Data Size 921,600 921,600 

Test Data Size 102,400 102,400 

Train Data size 0.46 TB 2.8 TB 

Average training 
time 9Mins 27 secs 11mins 42secs 

Tanimoto 0.9371 0.9669 

Tanimoto 1.0 74.57% 84.82% 

 
 
It is evident that the Image feature extraction using EfficientNet-B7 outperforms B3. We found, 
however, that most of the chemical structure depictions found on printed literature can easily fit 
the scale of 299x299, so to use the 600x600 scale the images should be upscaled. Upscaling will 
result in losing information which will be a major downside for this approach since the models 
majorly rely on the image features.  
 
Chemical structure depictions larger than 299x299 square pixels can be downscaled easily to be 
used in our models without losing any pixel information. Thus, the size of the image was decided 
to be 299x299 and the feature extraction performed using EfficientNet-B3. 
 
In future for chemical image depictions with higher resolutions using the EfficientNet-B7 image 
feature extraction could be applied. 

The performance measure with increasing dataset size 
The performance measure with increasing dataset size was done initially using the 1 million 
molecules subset. The data was split into different sizes (see Table 5) of train and test sets using 
RDKit MaxMin algorithm, and then each model was trained separately and evaluated. Table 5 
summarizes the results. 
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Table 5: Results of training the 1 million molecules dataset with different train and test dataset 
sizes. 
 
 

 No 
Train Data 

Size 
Test Data 

Size Split 
Average Time per 

epoch 
Average 
Tanimoto Tanimoto 1.0 

1 102,400 921,600 10|90 42.22 0.86 45.05% 

2 204,800 819,200 20|80 69.95 0.91 63.59% 

3 307,200 716,800 30|70 199.52 0.93 71.63% 

4 409,600 614,400 40|60 276.09 0.94 73.93% 

5 512,000 512,000 50|50 320.25 0.95 77.37% 

 
 
 

 
 
Figure 6: Average Tanimoto similarity indices and Tanimoto similarity 1.0 count with dataset 
number. 
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Figure 6 shows that model performance increases with training dataset size. To see how well the 
transformer performs with an increased number of data another subset of 10 million molecules 
images which was derived from the Dataset 1 was utilized. The image features were extracted 
using the InceptionV3 based network and the EfficientNet-B3 based network. Every dataset was 
converted into TFRecords and moved to the Google cloud. Two different models based on these 
two different image feature extractions were trained. After the model completed the training, they 
were tested using a test dataset size of 1 million molecule images of chemical structure depictions. 
Table 6 summarizes the results. 
 
Table 6: Testing results of the models trained on 10 million molecule images of chemical structure 
depictions 
 

Metrics InceptionV3 EfficientNet-B3 

Train Data Size 10,240,000 10,240,000 

Test Data Size 1,024,000 1,024,000 

Tanimoto 0.9310 0.9695 

Tanimoto 1.0 74.52% 87.85% 

 
Looking at the Tanimoto similarity average and the Tanimoto 1.0 count one can see that the 
dataset trained with EfficientNet-B3 based image feature extraction method outperforms the 
InceptionV3 based method. This also was evident in the previous training with 1 million molecule 
images. With these results, the next set of training included only the EfficientNet-B3 based image 
feature extraction. 
 
A total of four subsets were now extracted from Dataset 1, the train and test datasets were created 
using the RDKit MaxMin algorithm. All four datasets included the same number of tokens. All four 
datasets were converted into TFRecords and stored on Google Cloud Storage Buckets and used 
to train the models. Table 7 summarizes the overall results for different subsets. 
 

1. Dataset 1 : 0.9 Mio training images + 102400 test images. 
2. Dataset 2: 10 Mio training images + 1 Mio test images. 
3. Dataset 3: 15 Mio training images + 1.5 Mio test images. 
4. Dataset 4: 35 Mio training images + 3.9 Mio test images. 
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    Table 7: Test data results for subsets. 

Metrics Dataset 1 Dataset 2 Dataset 3 Dataset 4 

Train Data Size 921,600 1,024,0000 15,360,000 35,002,240 

Test Data Size 102,400 1,024,000 1,536,000 3,929,093 

Tanimoto 0.9311 0.9691 0.9779 0.9923 

Tanimoto 1.0 72.44% 87.88% 91.02% 96.47% 

 
 
These results demonstrate an increasing trend of accurate predictions due to increasing data in 
the training datasets. In addition, with 35 million molecules training, we reached an average 
Tanimoto similarity of 0.99, along with a 96.47% Tanimoto 1.0 count. Because of using SELFIES 
as the input textual data, all of the predictions were successfully retranslated into valid molecules. 
An isomorphism check using InChIs was carried out in order to find out how many molecules in 
Tanimoto 1.0 are full isomorphic. 
 
InChI strings were generated using the CDK for all the predictions with a Tanimoto similarity index 
of 1.0 and then checked whether they are isomorphic or not by string matching. 
 
 
Table 8: Results of isomorphism calculations for the subsets of Dataset 1 

Metrics Subset 1 Subset 2 Subset 3 Subset 4 

Train Data Size 921,600 10,240,000 15,360,000 35,002,240 

Test Data Size 102,400 1,024,000 1,536,000 3,929,093 

Predictions with Tanimoto 1.0 74,176 899,941 1,398,028 3,790,273 

Isomorphic Predictions 98.63% 99.45% 99.59% 99.75% 

Non-Isomorphic Predictions 1.37% 0.55% 0.41% 0.25% 

 
Table 8 shows that 99% of all predictions which have Tanimoto 1.0 are structurally identical to 
the depicted molecule. Also with the increasing Training dataset size, the isomorphic structure 
count kept increasing slightly.  
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Analysis of the predictions with low Tanimoto similarity indices. 
The model trained with the largest dataset 4 extract machine-readable representations of 
molecules depicted in the test dataset with near 100% accuracy. In order to understand why 
predictions with low Tanimoto scores were not predicted correctly, the following analysis was 
performed. 
 
Table 9: Predicted SMILEs with lower Tanimoto similarity indices compared with the Original 
SMILES.  

No Original SMILES Predicted SMILES 

Tanimoto 
Similarity 
Index 

1 
P#CP=PP=PP=PP=PP=PP=PP=PP=PP=PP
=PP=P 

N#CC=NSSSSSSSSSSSSSSSSC
=N 0 

2 N1=NOO1 C=1=NOC1 0.14 

3 OC1OC(C=2C(F)=C(F)C(F)=C(F)C21)C)C 
O=C(OCOCCC(F)=C(F)C(F)=C(F)
C)NC 0.35 

4 OCC(C)(CO)C12CCC(C1)C3SSSC32 OCC(C)(CO)C1C=2SSSC2CCC1C 0.59 

5 O=C1N=CC2=CC(=O)C=CC2=N1 O=C1N=CC2=NC(=O)C=CC2=N1 0.81 
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Figure 7: Depictions of chemical structures with lower Tanimoto similarity indices. 
 
In most cases the network was able to interpret the skeleton of the chemical structure well. 
Semantically small errors such as the miss of a ring closure will lead to seemingly large errors in 
the eyes of a chemist, as can be seen in case 3.  
 
In the majority of cases, the Tanimoto similarity was low due to the predicted SMILES, 

● having one or more wrong atoms. 
● missing a bond. 
● having a wrong bond. 
● missing an aromatic ring. 

 
A strategy to overcome such issues could be to use multiple depictions of the same chemical 
structure in the training set with different rotations so that the network sees more examples of the 
same set of input data. Also implementing different and more image augmentation methods and 
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training the augmented images along with the non-augmented images might enable the network 
to see the chemical structures clearer. 

 

Performance of the network with training data using 
stereochemistry information - Dataset 2 
 
To assess the performance of the transformer network on chemical structure depictions with 
stereochemistry and ions, the same dataset was used but stereochemistry and ion information 
were included. By including this information, the unique number of tokens increased, and the 
molecules with the least number of tokens were removed after the calculation of the token 
distribution. A new dataset with 37 Mio molecules was created and split into training and test 
datasets using the RDKit MaxMin algorithm. This whole dataset is called Dataset-2 from now on. 
 
By adding stereochemical information and ions, the number of unique SELFIES tokens increased 
from 27 to 61, almost twice the number of the tokens found on Dataset 1. From Table 10 one 
could see the same molecule with and without stereochemistry and how it affects the number of 
tokens present in the SELFIES and the depicted structure. 
 
Table 10: Analysis of a molecule for with and without stereochemical information 
 

  Molecules with stereochemical 
information 

Molecules without stereochemical 
information 

01. SMILES 
(Canonical/Is
omeric) 

C1=CC2=C(C=C1C=O)C(C(O2)
Br)Br 

C1=CC2=C(C=C1C=O)[C@@H]([
C@H](O2)Br)Br 

SELFIES [C][=C][C][=C][Branch1_1][Branc
h1_3][C][=C][Ring1][Branch1_2][
C][=O][C][Branch1_1][Branch2_
1][C][Branch1_1][Ring2][O][Ring
1][Branch2_2][Br][Br] 

[C][=C][C][=C][Branch1_1][Branch
1_3][C][=C][Ring1][Branch1_2][C][
=O][C@@Hexpl][Branch1_1][Bran
ch2_1][C@Hexpl][Branch1_1][Rin
g2][O][Ring1][Branch2_2][Br][Br] 

Number of 
Unique 
SELFIES 
tokens 

12 14 
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Depicted 

Structure

02. SMILES

(Canonical/Is

omeric)

CC1C(=C(N(N1)C)OC2CCC=

CC2)C=NO

CC1C(=C(N(N1)C)OC2CCC=C

C2)/C=N/O

SELFIES [C][C][C][Branch2_2][Ring1][Rin

g2][=C][Branch1_1][Branch2_1][

N][Branch1_1][Ring2][N][Ring1][

Branch1_1][C][O][C][C][C][C][=C

][C][Ring1][Branch1_2][C][=N][O]

[C][C][C][Branch2_2][Ring1][Ring2

][=C][Branch1_1][Branch2_1][N][B

ranch1_1][Ring2][N][Ring1][Branc

h1_1][C][O][C][C][C][C][=C][C][Rin

g1][Branch1_2][/C][=N][/O]

Number of 

Unique 

SELFIES 

tokens

11 13

Depicted 

Structure
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Inclusion of stereochemistry increased the number of tokens, but also introduced new artifacts in 
chemical structure depictions such as wedged and dashed bonds. Including the cis/trans 
information reduced the amount of curly bonds in the new dataset. 
 
Including the information about the ions also increased the number of tokens, also this introduced 
new artifacts to the chemical structure depictions such as the “+,-” signs and arrows, see figure 
8. 
 

 
Figure 8: Chemical structure depictions with ions 
  
 
Two subsets of Data Set 2 were generated, one with the 15 million training molecules plus 1.5 
million test molecules and another with 33 million training molecules plus 3.7 million test 
molecules. TFRecords were generated from the chemical structure depictions using these 
datasets and moved into Google cloud storage buckets. Finally, two models were trained using 
these two datasets. Table 11 summarizes the results. 
 
 

Table 11: Results on for the subsets of Dataset 2. 
 

Metrics Subset 1 Subset 2 

Train Data Size 15,360,000 33,304,320 

Test Data Size 1,536,000 3,700,480 

Tanimoto 0.9372 0.9761 

Tanimoto 1.0 75.23% 89.87% 

 
It can be seen from the results shown in Table 11 that the average Tanimoto is lower compared 
to Dataset 1 that was seen in Table 7. The Tanimoto 1.0 count is also lower. This is mainly due 
to the new artefacts included in the new dataset and now the number of tokens in use also 
doubled. Increasing the data for the newly introduced tokens can improve the results significantly. 
To check how many of the predicted structures are isomorphic the InChIs were generated for the 
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original and predicted structures and a string matching was performed as explained before, see 
Table 12.  
 

Table 12: Results of isomorphism calculations for the subsets of Dataset 2. 

Metrics Subset 1 Subset 2 

Train Data Size 15,360,000 33,304,320 

Test Data Size 1,536,000 3,700,480 

Predictions with Tanimoto 1.0 1,155,483 3,325,656 

Isomorphic Predictions 96.42% 98.50% 

Non-Isomorphic Predictions 3.58% 1.50% 

 
Table 12 shows that more than 96% of the predicted SMILES are isomorphic. By increasing the 
training dataset, the number of isomorphic structures did increase, which is similar to the results 
for dataset 1.  
 
Increasing the training data points will likely increase isomorphic structure predictions in general. 
Due to the applied ruleset, only a limited amount of data is available to work with. Therefore, the 
next step will be to train these models on augmented images to assess whether or not they 
improve overall accuracy. 
 
 

Performance of the network with training data using 
stereochemistry and image augmentation - Dataset 3 
 
By applying image augmentation to Dataset-2 we generated Dataset-3. The resulting images look 
similar to Figure 9. 
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Figure 9: Images augmented with parameters within a given range. 
 
The parameters were restricted to reflect the real-world images, not to add extreme 
augmentations. The parameter is shown in Table 13 during augmentations. Here the list of 
parameters provided is the ones that were implemented to augment the images, for more details 
about the parameters and how they are implemented, we refer our readers to the imgaug 
documentation [41]. 
 
 

Table 13: Image augmentations and their parameters. 
 

Image augmentations  Parameters (imgaug) 

Gaussian Blur 0-1.8 

Average Blur k=0-3 

Additive Gaussian Noise scale=(0, 0.1*255) 

Salt and Pepper 0-0.05 
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Salt 0-0.05 

Pepper 0-0.05 

Coarse Dropout 0-0.01, size percent = 0.9 

Gamma Contrast 0.5-2.0 

Sharpen alpha=(0.0, 1.0), lightness=1.0 

Enhance Brightness factor=(0.95, 1.5) 

 
 
The generated dataset was then used to train two models. One model was trained from scratch 
using augmented images and another model was trained with dataset 2 and refitted with the 
augmented images. Both of them were tested on a dataset size of 4 million images, which includes 
2 million images with augmentations and 2 million images without any augmentations. Table 14 
summarizes the results. 
 
The first two columns of the table explain the performance of the model trained only on augmented 
images and tested on augmented and non-augmented images. The last two columns summarize 
the evaluation of the model which was previously trained on non-augmented images and refitted 
with dataset 2.  
 
In refitting, we used weights from the best model previously trained on non-augmented images 
instead of random weights as a starting point for training. This was done to see whether using the 
weights from a previously trained model would improve the performance of the newly trained 
model trained using a similar type of data. 
 
 
Table 14: Results on Dataset 3 and Dataset 2+3 
 

  Augmented Dataset (3) 
Non-augmented + Augmented Dataset 

(2+3) 

Metrics 

Non 
augmented 

test set 
Augmented 

test set 
Non augmented 

test set Augmented test set 

Train Data Size 33,304,320 33,304,320 33,304,320 33,304,320 

Test Data Size 2,000,000 2,000,000 2,000,000 2,000,000 

Tanimoto 0.9663 0.9501  0.9708 0.9521 
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Tanimoto 1.0 86.43% 80.26%  88.04% 80.87% 

Isomorphic 
Predictions 97.89% 97.46% 98.15% 97.61% 

Non-Isomorphic 
Predictions 2.11% 2.54% 1.85% 2.39% 

 
The above results clearly show that our models were able to retain the Tanimoto average of above 
0.95 and Tanimoto 1.0 of above 80%. Also, the isomorphic results are high in all cases, and this 
was similar to the earlier results. The overall accuracy of these models could be improved by 
increasing the number of Augmented and Non-Augmented training images.  
Very likely, training with more data will improve the outcome.  

Conclusion and Future work 
In our preliminary communication [18], we claimed that with data around 50-100 million molecule 
images will help us obtain a model that can predict SMILES with about 90% accuracy. Here, we 
have now presented a solution based on a transformer network that delivers this promise.  
 
Using the improved EfficientNet-B3 method rather than Inception-V3 for image feature extraction 
helped in extracting relevant features required for network training. Through the implementation 
of the new transformer-based models, we've been able to improve the accuracy of our Image-to-
SMILES models overall.  
 
We have achieved an accuracy level of about 96% for chemical structure depictions using 
DECIMER's new algorithm without stereochemistry training the network using 30-35 Million 
molecules.  
 
When the models were extended to include stereochemical information and ions, a near 90% 
accuracy was achieved, despite increasing the number of tokens twofold. This can be further 
improved by increasing the data on stereochemical information and ions. This also applies to the 
models trained using image augmentations. In order to improve these models, more data should 
be incorporated into training.  
 
With TPUs, the models could be trained within days, and the largest model took less than 14 days 
to train. That means even bigger models could be trained within a month using TPUs rather than 
training on GPUs, which may take several months to complete. It is also cost-effective as well as 
energy-efficient to implement the TPU solution on the Google cloud platform rather than relying 
on the local hardware setup.  
 
Our results showed that DECIMER was achieving the intended objective with synthetic data. 
Further steps in future will include training with more data, refining models using a variety of real-
world examples and image datasets with more augmentations. Additionally, training images 
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created by using a variety of tools will contribute to the model's improved accuracy. Ultimately, 
the DECIMER project aims to provide an open-source tool that is capable of performing optical 
chemical structure recognition (OCSR) reliably on segmented images from the scanned literature. 
 
The DECIMER software is fully open-source and hosted on GitHub. All data and trained models 
are openly available. 
 
 

Availability of data and materials 
The code for DECIMER and the trained models are available at 
https://github.com/Kohulan/DECIMER-TPU 
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4. Discussion 
The last three decades have shown a growing interest in Optical Chemical Structure 

Recognition (OCSR) methods (Publication A) for mining data published in the printed 

literature. The number of articles in this domain has increased over time [14], making the 

manual extraction of information much more challenging (Publication A). Even though many 

natural products databases are available, the information they hold about specific compounds 

is often insufficient [145] (Publication E). Some of the published databases are not accessible 

as well [145]. The availability of an open-access database for natural products (Publication 

E) and its continued expansion with more information and data will have a significant impact 

on natural product research. 

In recent years, interest has grown in natural products [146] as potential drug leads [147], 

resulting in a greater need to mine data about already known chemical compounds. A renewed 

interest in the development of OCSR methods resulted from this. 

4.1 Disadvantages of traditional tools and the need for a deep 

learning-based method 

Most of the existing OCSR methods are rule-based approaches, and only three of them are 

open-source (Publication A). A user needs to know how to compile Optical Structure 

Recognition Application (OSRA) in their system in order to use it. MolVec is available as a 

command-line application deployed as an executable JAR file, while Imago is available as a 

GUI application and command-line application (Publication A). Moreover, most tools do not 

have the capability to extract a chemical structure depiction automatically from a printed 

document. OSRA and Imago can do this manually, but MolVec does not contain a component 

for image segmentation. 

In most cases, the chemical structure depictions must be segmented separately before being 

given to the OCSR methods. The recently published open-source tool 

ChemSchematicResolver (CSR) can segment images containing labels and chemical 

structure depictions if the publication used as input is in a markup format. It cannot handle 

scanned pages or images containing other objects than labels and structure depictions [148]. 

To use the other existing OCSR methods, the chemical structure depictions from printed 

literature need to be segmented into individual images and then fed to the tools individually to 

get a computer-readable file. 
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To assess the performance of the open-source OCSR methods OSRA, Imago, and MolVec 

on a given set of images of chemical structures, a benchmark study was conducted 

(Publication A). As a result, it was found that all three tools performed relatively well on a 

given image of a chemical structure. Most of the time, MolVec worked faster than OSRA and 

Imago. In most cases comparing the accuracy, MolVec and OSRA seem to be on par with 

each other, Imago being second to them. In a recent publication, Clevert et. al [149] reported 

that when slight distortions are introduced to the images in the same datasets used for our 

benchmark, the performance of the rule-based tools drops significantly. The tools have 

embedded rules which are not adapted to handle the distorted images. These tools may fail 

on a chemical structure depiction taken out of an old book for testing real-world scenarios due 

to different depiction styles. Furthermore, adapting these rule-based systems for the before-

mentioned applications would be a complex task. Here, deep learning-based methods would 

be a far better option since they could be trained on a large corpus of images with various 

depiction styles and with various levels of augmentations to enable them to handle even 

distorted images.  

The process of segmenting certain objects from high-resolution images using deep learning 

has been applied in many other areas [150], and these systems perform much better than 

conventional approaches. Hence, the application of a deep learning-based segmentation 

algorithm for the recognition and segmentation of chemical structure depictions from scanned 

pages led to convincing results (Publication D). The DECIMER-Segmentation tool lifts the 

restriction of the segmentation algorithm to a particular file format and allows the automated 

extraction of chemical structures from the printed literature.  

Additionally, an OCSR method based on deep learning is beneficial because there is no need 

to implement any rules for image pre-processing. The neural network here is trained to 

recognize chemical structures based only on pixel-wise information from images 

(Publications B and G). During the training, the introduction of distortions and augmentations 

to the training images increased the model's overall accuracy. Consequently, the model can 

understand and interpret chemical structures from an image, even if they have slight 

distortions. Also, the network can be trained with images similar to the images found in 

publications by introducing image augmentations so that the model's overall accuracy can be 

increased. Whenever a new set of images is received, a deep learning-based model does not 

have to be retrained from scratch; it can be fine-tuned with a new dataset for better 

performance [151]. Having a model that performs with a higher accuracy is possible in the 

near future with the ongoing developments of deep learning methods in computer vision. 
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4.2 Increasing interest in the field 

The need for mining information regarding chemical compounds is increasing with the 

increasing demand for new compounds in computer-assisted drug design. Even though there 

are databases [127, 152] populated with chemical compounds, most of them lack information 

[145]. With an increased need for data in natural product-based drug discovery, mining 

information on existing chemical compounds already published in printed literature has 

become necessary. 

The existing rule-based methods perform reasonably well, but the chemical structure 

recognition is unsatisfactory in many cases. Improving them using rules systematically is a 

challenging task (Publication A). Here deep learning based OCSR methods provide a 

promising alternative. OCSR methods are most useful on publications that were printed 

originally but then scanned and stored as PDF files by the publisher. The most convenient tool 

to work on these publications is one that can handle all types of publications. 

There have been some deep learning-based methods [25, 149, 153–155] published recently. 

This indicates a renewed interest in this field. The major problem in all of these tools is that 

most are proprietary and not open-source. Therefore, it was decided to build an open-source 

deep learning-based tool to perform OCSR tasks. It is mentioned in the preliminary 

communication of this work (Publication B) that it is possible to obtain near-perfect OCSR 

results on synthetic datasets by using a complete data-driven, deep learning approach. After 

this publication, more research groups came up with somewhat similar neural network 

approaches to solve this OCSR problem. They announced that their code would soon become 

open-source, which is much appreciable.  

In recent years, the pharmaceutical industry has been using machine learning-based tools to 

mine the proprietary databases and literature to identify candidate molecules effective on 

specific drug targets [156]. Bristol-Myers Squibb, a pharmaceutical company, launched a 

Kaggle competition [157] recently, which indicates that the drug industry is highly keen on 

mining chemical compounds and is searching for an accurate tool for this application.  

4.3 DECIMER and STOUT: Implementation and Applications 

The primary goal of the DECIMER project was to create an end-to-end method for segmenting 

chemical structure depictions from a printed publication and translating them into a computer-

readable format, such as SMILES.  
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As interest in deep learning-based OCSR methods continues to grow, this project aspired to 

develop a deep learning-based tool that would be useful and future-proof. It was decided to 

work on separate tools to solve the segmentation and translation problems and then combine 

them in the end. The DECIMER project includes DECIMER-segmentation (Publication D) for 

segmentation and DECIMER-image transformer (Publication G) for translation.  

4.3.1 DECIMER - Segmentation 

The DECIMER-Segmentation tool works exclusively on images. This was a conscious choice 

due to the convertibility of other formats into high-resolution images using Python packages, 

such as pdf2image [158]. It is much easier to train a network that can recognise a chemical 

structure in a high-resolution image and segment it out. With the development in semantic 

segmentation using deep learning, it is possible to segment an object out of an image with 

near-perfect accuracy [150]. Additionally, this project was focused on segmenting chemical 

structure depictions from printed publications, which are available as PDF files of the scanned 

images of every page in the respective publication (Publication D). Hence, DECIMER-

Segmentation provides an open-source method for segmenting chemical structures from any 

publication.  

One challenge was the lack of freely available datasets for training the image segmentation 

algorithm. To create a dataset, the chemical structures depicted in printed literature had to be 

annotated manually. The Mask-RCNN model was trained on these images. Despite being 

trained on a very small dataset, the model was able to generalise and detect chemical 

structure depictions in multiple publisher formats. However, it can potentially be improved by 

training on more data in the future. Any time new data becomes available, the best model at 

this point can be fine-tuned on the new data to improve its accuracy. This does not affect the 

performance, and the computational requirements are also manageable. 

Furthermore, the tool was made available as a web application so that anyone with no 

programming knowledge can take advantage of it. The source code can be found on GitHub, 

and an easy-to-implement Jupyter notebook is available for those who want to do 

segmentation on a much larger scale. By making this open-source, a contribution to further 

progress in this field of research has been made. 

4.3.2 DECIMER - Image Transformer 

The main achievement of this thesis is the DECIMER-Image Transformer. Multiple neural 

network architectures were experimented with to arrive at the currently implemented 

architecture.  
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The initial idea was to create a deep neural network that would learn to read a chemical 

structure from a picture and translate it into chemical descriptors. This would have been 

followed by using a separate algorithm to generate the molecule using the descriptor 

information. Initially, both the regular feed-forward networks and the more complex 

convolutional neural networks were trained on pixel values of an image to learn how to 

interpret atom counts. However, it was observed that these networks could not interpret the 

atom counts of the test data successfully. With more complex CNN setups, better results were 

achieved on a small number of descriptors, but overall, these approaches failed.   

During this time, the idea of using image captioning methods was considered, in which one 

can train the encoder-decoder network to look at an image and attempt to describe it by 

recognizing the objects in the image and generating a meaningful sentence based on the ones 

identified by the network [51]. The same methodology was applied to create the DECIMER 

image-to-SMILES network, which was trained on images of chemical structures to translate 

them into meaningful SMILES strings (Publication B).  

During the work, it was observed that training with more data would lead to an increased 

overall accuracy; it was estimated that using 50-100 Million images would lead to an accuracy 

of nearly 90%. Increased amounts of data were necessary to achieve this goal, but there was 

also a necessity to re-think image feature extraction and SMILES representation. For a start, 

the network needed to be trained to learn the exact SMILES representation of a chemical 

structure. One reason for the poor accuracy was due to many invalid SMILES strings 

generated by the network, which cannot be parsed by any chemistry toolkits [128, 159, 160]. 

To solve this, DeepSMILES [110] was used in the initial work (Publication B), a first-ever 

SMILES-like syntax explicitly intended for deep learning tasks. This method produced better 

results than using SMILES. Still, it had similar problems, resulting in some DeepSMILES 

strings generated by the network, which could not be decoded back into SMILES (invalid 

DeepSMILES). Some of the SMILES decoded back from DeepSMILES were also invalid. So 

finally, it was decided to work with another string representation, SELFIES (Self-Referencing 

Embedded Strings) [111]. Utilizing SELFIES for training resulted in the network producing 

exclusively valid SELFIES, which can be decoded to valid SMILES strings. By solving the 

invalid SMILES problem, the overall accuracy improved, and the overall error rate was 

minimized (Publications B and G). 

In the next step, the focus was on extracting the relevant image features. This is crucial 

because the overall network relies on the extracted image features to learn the depicted 

chemical structure. Training a CNN from scratch to extract features from images can be time-

consuming and might not result in a model capable of extracting only the valuable image 
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features. Therefore, the state-of-the-art image recognition network, Inception-V3 [122], was 

used for image feature extraction at first. However, EfficientNet [59] has recently surpassed 

Inception-V3 in terms of overall accuracy, so the EfficientNet-B3 model for image feature 

extraction was implemented, which was originally trained using the 'Noisy-Student' [161] 

method (Publication G). However, the EfficientNet-B7 model performs better than the 

EfficientNet-B3. Despite that, the EfficientNet-B3 model was used in this work because the 

scale of input images (300x300) utilized by this model is more similar to the scale of images 

seen in the printed literature than the input image scale (600x600) of the EfficientNet-B7 

model. Performance-wise a 6-fold performance increase was seen in the DECIMER image-

to-SMILES network using the EfficientNet-B3 model for image feature extraction (Publication 
G). 

The final aspect that needed to be improved was the encoding and decoding architecture of 

the entire network. With the advent of transformer-based neural networks, recent language 

translation models gained an exceptional level of accuracy. In the light of this, changes to the 

DECIMER image-to-SMILES network were made by replacing the encoder-decoder network 

with a transformer-based network, and the DECIMER-image transformer network was 

created. Utilizing the newly created DECIMER-image transformer network, the testing resulted 

in a 10-fold improvement in overall accuracy.  

After implementing all these new components, training a model using 1 Million images and 

testing it on 100 thousand images, the average Tanimoto similarity index based on PubChem 

fingerprints [162] between the true and the predicted SMILES representations increased from 

0.55 to 0.93. Nevertheless, this new model was more interesting because it resulted in almost 

70 times more molecule pairs (original & predicted) with Tanimoto 1.0 (Publication G). 
The new DECIMER-image transformer models trained on more than 30 Million images can 

predict canonical SMILES with 96% accuracy, isomeric SMILES (including ions) with 89% 

accuracy (Publication G). Models and code from this project are available on GitHub and are 

open-source, encouraging further research in the field. 

Compared to the other open-source OCSR tools, DECIMER does not require any handwritten 

rules. The model is entirely data driven. The more different types of chemical structure 

depictions generated by different toolkits incorporated in the training images, the higher the 

overall accuracy will be. Therefore, the tool will always keep improving to fit different types of 

depiction formats. Since the tool solely relies on image features, the model can improve by 

improving image feature extraction. Like for Chemgrapher [153], chemical structures do not 

need to be segmented into smaller parts to train the models. The models are trained on 

complete chemical structures (Publication A, B, and G). Similar to the work by Staker et al. 
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[25], DECIMER can also work on images with stereochemistry with higher accuracy of 89% 

(Publication G). DECIMER models will be trained in future with different depiction styles using 

various other toolkits, similar to the work done by Clevert et al [149].  

DECIMER is trained exclusively on a v3-8 TPU. This enables computations to be performed 

much faster, allowing big models to use more data to be trained in the future. Training 

DECIMER with a bigger training data set is feasible in a limited amount of time since TPUs 

are also available as TPU pods. Their cost is lower than when using multiple GPUs. So, 

scaling up DECIMER to fit a larger training corpus is feasible. 

4.3.3 COCONUT database and STOUT 

When developing COCONUT, the largest open-access databases for natural products today, 

retrieving information from other open-access databases such as PubChem [127], ChEMBL 

[108], and ChEBI [10] and generating useful information such as IUPAC names [163–165] 

were important steps (Publication E).  

It was discovered that there were no open-source methods for generating IUPAC names from 

SMILES representations. However, converting an IUPAC name to SMILES can be done using 

Open Parser for Systematic IUPAC Nomenclature (OPSIN) [166], a rule-based open-source 

Java program. So, a neural machine translation method, STOUT, was developed that takes 

advantage of deep learning to solve this problem (Publication F). Based on Google's paper 

'Effective Approaches to Attention-based Neural Machine Translation' from 2015 [52], STOUT 

uses a TensorFlow implementation of the model presented in the paper. While STOUT is the 

first open-source implementation that solves the problem of generating IUPAC names from 

SMILES, several rule-based proprietary options are available. All of them are commercial. 

During the review process of STOUT, a transformer-based implementation of SMILES to 

IUPAC was published, which is called STRUCT2IUPAC [167], built using Pytorch [168], which 

is available as open-source software. Simultaneously, a similar transformer-based approach 

[169] using OpenNMT [170] has also been published, which attempts to translate IUPAC 

names from InChIs. Both of these publications demonstrate a growing interest in solving 

problematic chemical translations with deep learning. Evidently, such complex tasks can be 

addressed with deep learning rather than using algorithms constructed based on handwritten 

rules.  

Compared to the transformer-based approaches, even with an encoder-decoder network, 

STOUT can handle more than 90% of SMILES to IUPAC name translations correctly on 

average. Like DECIMER, STOUT was also trained on TPUs, so training a bigger model using 

more data will take relatively less time. The OpenNMT-based method uses InChIs, and the 
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STRUCT2IUPAC tools use SMILES in their training data. Due to the tokenization difficulty, 

specific rules had to be devised for how these representations should be split into meaningful 

tokens. Both systems can generate invalid SMILES strings and invalid InChIs that do not 

correspond to a valid chemical structure during predictions. In STOUT, this problem is non-

existent due to the use of SELFIES. Also, these can be split into meaningful tokens, and the 

predicted SELFIES [111] converts back to a valid chemical structure. In the future, a 

benchmark study involving these chemical representations and the comparison of the 

available tools should be conducted to determine which performs better overall.  

With an average BLEU score greater than 90% and a Tanimoto score greater than 0.9, 

STOUT can translate SMILES strings to IUPAC names and the other way around 

(Publication F). STOUT is a straightforward implementation of the existing encoder-decoder 

models and has plenty of room for improvement. The next stage in STOUT development would 

be to incorporate transformers instead of encoder-decoder networks. Furthermore, large 

language models such as BERT [75] and GPT-3 [76] greatly impacted the improvement of 

natural language processing. The next possible step could be to make STOUT use these 

models.   

4.4 Future developments in software, hardware, and DECIMER 

One of the reasons why the currently used software might fail or not work in the future is 

backward compatibility. At the same time, the open-source community and Linux-based open-

source operating systems try to assure and standardize backward compatibility [171, 172].  

When libraries used in the systems are no longer supported, there will be difficulties with 

backward compatibility. Additionally, using the tools on a more recent operating system can 

result in problems, too. Most rule-based systems and deep learning-based methods are 

susceptible to these problems. Therefore, these systems should be actively developed to 

support the newer version of the programming languages as well as to be able to use more 

recent libraries. 

The new libraries usually have backward compatibility with the older versions, but sometimes 

there may be slight changes in the code that could break a system. This is especially true 

when it comes to rule-based systems, which need to be re-optimized to work with the newer 

updates. In deep learning-based methods, the already trained models do not have to undergo 

any changes to work on a more recent version of the programming language or utilize the 

newly developed libraries. Only a few code changes need to be made on networks previously 

developed with an older version of deep learning libraries is necessary (before TensorFlow 
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2.0). These changes can also be carried out automatically with the TensorFlow automatic 

conversion script [173].  

Keeping this in mind, when DECIMER and STOUT were developed, the newest versions of 

Python (3.0<) and TensorFlow (2.0<) were used. Even though the programming language and 

libraries have undergone minor revisions, the overall code did not change. Also, DECIMER 

was designed in a modular fashion from the beginning, meaning that the networks and 

functions could be replaced if necessary. There might be the possibility to develop new 

implementations for image feature extraction or implement newer network architectures in the 

future. At that time, these new features could be added to DECIMER. Also, modifications to 

existing training scripts are not required for training purposes. As the training becomes more 

large-scale with more training data, the current training scripts can still be used. The scripts 

developed in this work currently work perfectly on the latest TensorFlow version 2.4.0.  

The models are trained with the TPU strategy for distributed training on TPUs. To increase 

the training speed of the models, TPU pods [174] can be used (Publications F and G). 

Changes to the code are not required for this, except for adjusting the batch size, which is 

also done automatically by the current training scripts. However, one can optimize the 

hyperparameters according to their needs. For the DECIMER training, people who wish to use 

TPUs but do not have access to them can get free TPUs on Kaggle [175] or apply for TPUs 

through Google's TPU Research Cloud infrastructure [176]. 

There is no need to train models exclusively using TPUs. The models can also be trained 

using GPUs with the mirrored strategy in TensorFlow distributed learning4. This only involves 

changing a few lines of code related to the strategies. Evaluating the results can be done on 

both CPUs and GPUs.  

In many fields where deep-learning approaches are widely adopted, the need for better 

hardware for deep learning is also increasing for training models faster without losing 

performance. Several companies, such as Nvidia [177], Google [178], and Apple [179], are 

investing in hardware development that can enable training the models faster.   

In recent years, accessing hardware for machine learning projects has become much easier 

thanks to the development of cloud infrastructures, such as Google Cloud Platform, Amazon 

Web Services, and Microsoft Azure cloud. Users can access Virtual Machines (VMs) on these 

platforms to work on their machine learning projects. These VMs are much less expensive 

and easier to access because of the large competition in these markets. Many cloud 

companies also offer their services through regional servers due to data protection concerns.  

 
4 https://www.tensorflow.org/guide/distributed_training 
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These improvements will make the task of retraining or implementing deep learning-based 

methods much more straightforward. Each time new datasets are obtained, the DECIMER 

pre-trained weights can be used to fine-tune the model on those datasets. This will help in 

getting a better overall model. By making the code and models open-source, a contribution to 

both the ongoing research on this subject and the larger research community is intended. The 

models can be retrained by users so that they can apply them to their data. 

To improve the prediction accuracy of DECIMER in future, the successive steps would be 

implementing and testing different image feature extraction methods and different text 

representation methods. Considering that using EfficientNet-B3 rather than Inception-V3 for 

image feature extraction resulted in a significant improvement in accuracy, the next step will 

be to apply the EfficientNet-V2 [180] models and see how much better the overall accuracy 

becomes. Additionally, the new and improved vision-based transformers for image captioning 

could be tested, such as the Meshed Memory Transformer [181], to see whether it improves 

overall performance. 

The DECIMER network can be trained with more datasets in the next phase. The dataset 

filtering rules can be eliminated one by one and analysed how they affect the accuracy. 

Eliminating all the filters and having a model that works with more than 90% would be a 

significant advance. When this threshold is reached, the DECIMER network could be trained 

with real-world images (or images generated using image augmentations). The next big step 

of the DECIMER project would be to have a single model that can complete the OCSR task 

with more than 90% accuracy on real-world images. Next is incorporating this developed 

model to the existing decimer.ai web application. Thus, one can upload a printed publication 

to the web application, use DECIMER-Segmentation to segment out the chemical structure 

depictions, and then use DECIMER-image transformer to generate SMILES. Our ultimate goal 

is to have an AI solution that automatically mines data and adds it to open-access databases. 
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