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Background and Aims of This Study

With the advent of artificial intelligence (AI) in recent years, drug discovery has
witnessed a transformative shift (Fleming, 2018). Al significantly abbreviates the
conventional drug development timeline from 4-5 years for drug candidate screening
to amere 8 months (Savage, 2021). Al algorithms are now extensively utilized across
the spectrum of drug discovery, spanning from target identification (Schenone, et al.,
2013), to lead compound discovery (Zhavoronkov, et al., 2019) , optimization(Tan, et
al., 2021), and clinical trials (Patton, et al., 2021). However, these Al methodologies
heavily reply on vast volumes of high-quality data for model training (Holzinger, et
al., 2019). Therefore, efficient data acquisition has emerged as a critical challenge and

a focal research topic in the Al pharmaceutical arena.

A central idea of small-molecular drug design is the understanding of the nexus between
a molecule’s structural attributes and its biological activities, facilitating the proposal
of potential candidates (Savage, 2021). The vast reservoir of high-quality data have
been archived in public and industry databases over the past decades (Gaulton, et al.,
2012), which facilitate the development of diverse prediction models to elucidate the
physiochemical mechanisms underlying small molecule behaviors, including the Al
driven models for quantitative structure-activity relationship(QSAR) (Ghasemi, et al.,
2018), molecular generation model (Jin, et al., 2018), and compound protein interaction
(Tsubaki, et al., 2019). A salient feature rendering small molecules amendable to Al
techniques is their structured molecular representation, typically via MOL-file (Dalby,
et al., 1992), SMILES (simplified molecular input line entry specification) (Weininger,
1988), InChl (international chemical identifier) (Heller, et al., 2015).

A substantial corpus of small molecule data exists in the scanned or printed formats as
chemical structures or [UPAC names, and cannot be easily accessible to the Al model
training. Several optical chemical structure recognition (OCSR) tools have been
developed to automate the extraction of chemical structures from images in the
literature  (Rajan, et al., 2020) (Yoo, et al., 2022) (Oldenhof, et al., 2020). However,
the task of IUPAC name recognition and its translation into structural formats remains
relatively untapped. Usié, et al. introduced a linear conditional random field (CRF)
(Lafferty, et al., 2001) for pinpointing IUPAC entities in the texts as of 2008 (Usié, et
al., 2014). ChemSpot employed a similar approach using CRF combined with a
dictionary (Rocktéschel, et al., 2012). A pivotal assumption underlying these tools is



the flawless character recognitions in images. However, the imperfect character
recognition in real-world scenarios often leads to many false negatives in the [UPAC
name recognition. The recent advances in name entity recognition (NER)
methodologies have seen considerable enhancements (Li, et al., 2020), which may help

improve the [UPAC name recognitions.

In light of these challenges and technological advancements, this study present
ChemDT, a deep learning framework tailored for the detection of ITUPAC chemical
mentions in scanned or printed texts, and further translation of these names into
molecular structures. We conducted a study on the disease target genes with the most
citations in 2021 and downloaded the patent documents related to small molecule drugs
associated with these targets. Subsequently, we employed the presented ChemDT
software to extract the [IUPAC names from these patent documents and converted them
into molecular structural formulas. This data was then compiled to create the
ChemDTD database. Both ChemDT and ChemDTD are open-source and freely
accessible for non-commercial endeavors. ChemDTD further offers a streamlined
graphical user interface, with regular updates on relevant targets and annotations. Our
aspiration is for ChemDT and ChemDTD to empower researchers with accelerated data

accumulation, and to ultimately expedite the drug discovery trajectory.



Materials and Methods

Optical Character Recognition
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Supplementary Figure S1: Workflow of Optical Character Recognition Pipeline.
The figure illustrates the end-to-end process, beginning with scanned or printed images
containing text as input and culminating in the extraction of text strings as output. The
text detection phase employs the Differentiable Binarization (DB) algorithm, while the
Sequence-to-Sequence Visual Text Recognition (SVTR) algorithm is utilized for the

text recognition phase.

The initial step in our workflow involves the identification of relevant text from scanned
or printed images, a task commonly referred to as Optical Character Recognition (OCR).
While various established OCR tools like Tesseract (Smith, 2007) and PaddleOCR (Du,
et al., 2020) exist, they are generally ill-suited for recognizing [IUPAC names with high
accuracy. Conventional OCR systems struggle with the unique challenges presented by
IUPAC strings, which can vary in length from tens to hundreds of characters. A single
character misrecognition can invalidate the subsequent conversion to molecular
structures, and this challenge underscores the need for an OCR model specifically

optimized for IUPAC name recognition.

Typically, an OCR system is composed of two main components: text detection and
text recognition. We employed the Differentiable Binarization (DB) technique (Liao, et
al., 2020) for the text detection task and the Sequence-to-Sequence Visual Text
Recognition (SVTR) algorithm (Du, et al., 2022) for the text recognition task. We fine-



tuned the pre-trained DB model using the manually-annotated dataset comprising 1,500

images sourced from patents and scientific literature.

We exploited the inherent structural dependencies within [UPAC nomenclature to
enhance the accuracy of text recognition specifically for [IUPAC strings. We generated
a comprehensive dataset containing approximately 3.5 million images with [TUPAC
names embedded amidst random, redundant text, along with their ground truth labels.
This dataset enables the model to discern the underlying structural relationships for a
better character recognition performance. The IUPAC strings for this dataset were
generated using 1.9 million SMILIES codes extracted from ChEMBL (Gaulton, et al.,
2012). These SMILES codes were subsequently converted into [IUPAC names using
ChemDraw (Brown, 2014).

A detailed illustration of the complete OCR pipeline is provided in Supplementary
Figure S1.

Named Entity Recognition
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Supplementary Figure S2. Workflow of Chemical Named Entity Recognition. The

figure delineates the complete process of chemical named entity recognition,



commencing with the pre-training of a BERT model on a corpus of 1.9 million [IUPAC
strings and culminating in a fine-tuned model designed for the task. The specialized

tokenizer and output layer are integral elements of the fine-tuning stage.

Recent advancements in natural language processing (NLP) have spotlighted the
efficacy of pre-training large-scale language models as a precursor to task-specific fine-
tuning (Beltagy, et al., 2019). In alignment with this paradigm, we initially pre-trained
a BERT (Devlin, et al., 2018) model on the in-house collected dataset comprising 1.9
million [UPAC strings. The pre-trained model was further fine-tuned by introducing an

output layer specifically designed for chemical name entity recognition (NER).

The TUPAC nomenclature differs from the general text in both restricted lexicon and
frequently recurred terms. Therefore, we eschewed the conventional WordPiece
tokenizer found in the original BERT architecture. We developed a customized
tokenizer tailored to the unique characteristics of the ITUPAC nomenclature. The
tokenizer was constructed on the principle of balancing a compact dictionary size with
the capability for comprehensive encoding and decoding of ITUPAC strings. This
specialized approach effectively amplifies the accuracy of our [IUPAC NER model. The
resulting dictionary encapsulates a total of 1,500 distinct tokens, as shown in the

Supplementary Table S3.

A schematic representation detailing the entire named entity recognition workflow is

depicted in Supplementary Figure S2.

Error Correction Mechanism

Recognizing the sensitivity of [IUPAC name conversion to OCR accuracy, we employ
a dual-strategy error correction mechanism to improve recognition results. These

strategies consist of a rule-based approach and a model-based technique.

The rule-based system constructs a corpus of tuples representing commonly-occurred
OCR errors alongside with their accurate counterparts, as depicted in Supplementary
Table S1. The system scans the IUPAC strings via regular expressions to identify and

replace erroneous substrings with their correct equivalents.



However, the stochastic nature of OCR errors makes it impractical to rely solely on
predefined rules. The neural machine translation (NMT) technique (Wu, et al., 2016)
has been successfully employed to fix OCR errors in various tasks (Mokhtar, et al.,
2018) (Nastase and Hitschler, 2018). Inspired by the NMT strategy, this study
incorporates a Transformer-based sequence-to-sequence model (Vaswani, et al., 2017)
to rectify inaccuracies. While this approach significantly reduces the likelihood of
version failures, it is essential to note the residual risk of incorrect or ambiguous

transformation.

Chemical Structure Translator

The translation of the identified IUPAC names to chemical structures can be
accomplished by several existing tools. STOUT is a deep-learning algorithm capable
of bidirectional translation between SMILES strings and [UPAC names (Rajan, et al.,
2021). Another tool molconvert is a command-line utility within the Marvin suite by
ChemAxon (ChemAxon, 2016) to convert between various molecular file formats.
After extensive comparison, we selected OPSIN (Lowe, et al., 2011), which provides
superior accuracy in translating chemical names to structures while maintaining

efficient inference speed.
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Supplementary Figure S3: Comprehensive Workflow of ChemDT. The figure



elucidates the end-to-end architecture of ChemDT, beginning with the conversion of
scientific literature in PDF format to image data. It progresses through OCR, NER,

error correction, and ultimately chemical structure translation using OPSIN.

The complete workflow of ChemDT is illustrated in Supplementary Figure S3. Given
a scientific literature source in PDF format, we first convert it into a series of images.
Each image undergoes text recognition via our OCR system and subsequently feeds
into the NER model to identify IUPAC names across multiple text lines. These names
then pass through the error correction mechanism for refinement before being converted
into chemical structures (e.g., SMILES) using OPSIN. ChemDT is packed as a Docker

image file and is freely available for non-commercial use.

Database Architecture
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Significant strides were made in the identification of novel therapeutic targets across a
broad range of diseases in 2021. Milestone discoveries include anti-cancer targets like
METTL3 (Yankova, et al., 2021), CD161 (Mathewson, et al., 2021), NSD3 (Yuan, et
al., 2021), DDR1 (Sun, et al., 2021), ELA2 (Cui, et al., 2021), COP1 (Wang, et al.,
2021), among others. Advances were also noted in other fields such as obesity, with
newly identified targets like IL-27 (Wang, et al., 2021) and GPR75 (Akbari, et al., 2021).
2021 also saw the progress in diseases such as Alzheimer’s disease, cardiovascular
disorders, diabetes, and more. We conducted a survey of the most cited targets released
in 2021. A curated list of 76 targets (Supplementary Table S4), corresponding to 942
patents and over 36,000 unique molecules. The distribution of these targets, along with

their patent counts, is presented in Supplementary Figure S4.

We employed ChemDT to analyze all relevant patent documents and constructed the
ChemDTD database. We first searched for the relevant target names in Google Patents,
and then downloaded the corresponding PDF files. The architecture of ChemDTD is
outlined in Supplementary Table S2. The current version of ChemDTD focuses on the
high-impact targets in 2021, and is designed for scalability, allowing users to expand it
via the ChemDT APL



Supplementary Table S1

Error-Truth Tuple Set for OCR Correction. The table lists examples of incorrectly
recognized (OCRed) IUPAC substrings and their correct (Truth) counterparts.

OCRed Truth OCRed Truth
methy! methyl aimethyl dimethyl
pynido pyrido butyi butyl
pyeazin pyrazin telt tert
earbamoyl | carbamoyl IH 1H
telyl tolyl pyram pyran
methanene | methanone cthyl ethyl
sulfony sulfonyl henzyl benzyl
Supplementary Table S2

Schema of ChemDTD Database Fields. This table describes the various data fields

available in the ChemDTD database, ranging from target names to molecular properties.

Field Description

target target name

patent patent id

page the page number of the recognized [UPAC

IUPAC the recognized [IUPAC name

smiles SMILES of the recognized IUPAC name

Mol Wt The average molecular weight of the
molecule

NumHAcceptors Number of Hydrogen Bond Acceptors

NumHDonors Number of Hydrogen Bond Donors

MolLogP Wildman-Crippen LogP value

NumRotatableBonds | Number of Rotatable Bonds




Supplementary Table S3

The dictionary obtained in the ChemDT NER module encapsulates a total of 1,500

distinct tokens.
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[SEP]
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Supplementary Table S4

The curated list of 76 disease targets with the most citations in 2021.

GPR171
PUS7
TRAPPC4
CHMP7
ABCBI10
CEACAM7
DNPH1
Neuraminidase 1 NEUI
VPS39
RSK4
ALYREF
HRH1
HULC
MOTSc
CNNM4
FGD5
MCAD
SerpinB13
Copl
TGFbeta2 AND TGFbeta3
BTN1A1
STC1
FAK1

Tim4
GPR75
KAT7
USP47
TNK1
ANLN
IL17RB
NSD3
PACIR
SETDBI
microRNA21
MC3R
YTHDEF2




MTHFD2

RIOK2

Jaggedl

B4GALTI1

CD93

IGF2BP3

BAP1

SAMHDI1

Prosaposin

CDl61

CRY1

DAXX

SOCSI1

RBM39

ELA2

GLS1

METTL3

NEK2

MCT1

LRP1

MEF2

Flil

CSE

SIRT6

SLC7A11

DNMT3A

KDM5B

CD39

Lipocalin_2

IL11

IL27

PIKfyve

IL3

HDACS

NIK

SHP2

Smoothened

PPIA

DDRI1

PLA2
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