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A Framework for Extraction of Structured Organic
Synthesis Procedures from the Literature

Kojiro Machi

Abstract

Organic synthesis procedures in the scientific literature are typically shared in prose (i.e.,
as unstructured data), which is not suitable for data-driven research applications. To rep-
resent such procedures, there is a well-structured language, named chemical description
language (yDL). While automated conversion methods from text to yDL using either a
rule-based approach or a generative large language model (GLLM) have been proposed,
they sometimes produce errors. Therefore, human review following an automated conver-
sion is essential to obtain an accurate yDL. The aim of this work is to visualize embedded
information in the original text with a structured format to support the understanding of
human reviewers. In this paper, we propose a novel framework for editing automatically
converted xDLs from the literature with annotated text. As the annotation schema and
the training data for the automated annotation system, we propose a corpus named Or-
ganic Synthesis Procedures with Argument Roles (OSPAR) that is annotated with rolesets
to consider the semantic relation between the verb and argument. We also provide role-
sets for chemical reactions, especially for organic synthesis, which represents the argument
roles of actions in the corpus. For the automated conversion from text to xyDL, we pro-
pose a rule-based conversion method. To improve the quality of automated conversions,
a method of using two candidate yDLs with different characteristics was proposed: one
generated by the proposed rule-based method and the other by an existing GLLM-based
method. In an experiment involving six organic synthesis procedures, we confirmed that
showing the outputs of both systems to the user improved recall compared with showing

one output individually.
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Chapter 1

Introduction

1.1 Background

Organic synthesis procedures in the scientific literature are typically shared in prose (i.e., as
unstructured data). Reproducing these procedures is sometimes challenging because these
texts can be ambiguous and require interpretation by human experts. While recent ma-
chine learning techniques and laboratory automation can accelerate chemical research [1].
the absence of machine-readable procedures hinders the application of these efforts.
Because manual information extraction from the chemical literature is a labor-intensive
task for domain experts, natural language processing (NLP) tools have been developed
to support this work. From an early stage, rule-based methods have been developed
for the extraction of information, such as compound names, reaction parameters, and
actions [2, 3, 4, 5|. Because the extraction is done by rules, domain experts can see
the alignment of raw text and the output if it is visualized. However, rule-based methods
sometimes suffer from scalability and flexibility issues against a wide variety of texts. In the
past decade, deep learning-based methods have also been developed [6, 7]. These methods
are generally more flexible and robust to data variations and show higher performance than
rule-based methods but require large amounts of task-specific data for the training of a
model. To enable the training of deep learning models with smaller datasets, bidirectional
encoder representations from transformers (BERT) [8] were proposed. BERT employed
self-supervised pretraining to obtain general natural language patterns and supervised

fine-tuning for solving a specific task. In the past few years, generative large language
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models (GLLMs), which have shown high performance when trained only with zero or a
few training examples, have constituted a trend in NLP tasks [9, 10, 11]. However, several
challenges, including consistency of the output format and unclear text alignment, hinder
the wide application of these models.

There are several schemes for representing organic synthesis procedures and these can
be classified into two levels: (a) a general description that cannot be executable on the
platforms [5, 12, 13, 14, 15, 16] and (b) a detailed description that can be executable
on robotic platforms [17, 18]. At the detailed level, Mehr et al. proposed the chemical
description language (xDL) [18]. xDL was designed as a universal chemical programming
language that could be executed on any automated platform by translating into platform-
specific low-level actions if the actions were feasible on the platforms. Their research group
demonstrated the capability of yDL by executing chemical reactions on their robotic
platform. Furthermore, several examples that use yDL to execute automated chemical
reactions on other platforms have been reported [19, 20]. An integrated development
environment for YDL named ChemIDE [21] and a rule-based natural language processing
(NLP) tool named SynthReader for the conversion of organic synthesis procedures from
text to yDL have also been proposed.

For the automated conversion from text to DL, Yoshikawa et al. proposed a GLLM-
based method named CLAIRIify [19] and compared the performance of CLAIRify with a
rule-based SynthReader. CLAIRify employed an iteration cycle of generation by a GLLM
and the validation of generated code to obtain a syntactically correct output. The outputs
of organic synthesis procedures generated by SynthReader and CLAIRify were compared
by expert chemists, and the experts often preferred the outputs of CLAIRify over those
from SynthReader. In addition, CLAIRify tends to obtain higher recall and lower precision
than SynthReader.

While the focus of these studies was on improving the performance of automatic ex-
traction, the aspect of manually correcting the automatically extracted results was not
systematically investigated. However, a human review process is essential to make appro-
priate xDLs from the literature because these methods did not have 100% accuracy. In

the review step, human reviewers need to read the original text.
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1.2 Proposed approach

Along these lines, the aim of this work is to visualize embedded information in the original
text with a structured format to support the understanding of human reviewers. We
propose a novel framework for editing automatically converted yDLs from the literature

with annotated text. Figure 1.1 shows the overview of our framework. Our framework

Existing approach

Text xDL
1. Conversion by single system
(e.g. rule-based or GLLM-based system) <Add -->
<Heat -->|
<Stir -->

Our approach
Text xDL by GLLM

1-A. Conversion (GLLM) <Add -->
<Heat -->

<Stir -->

(1) Annotated text helps

1-B1. Conversion reviewer visually (2) Reviewer can refer to
(BERT) multiple yDLs
A 4
A TA | [[] verb
<Add -->
1-B2. XA O entity <Heat -->
Modification | » 2 m ) * |<stir >
(Human; Optional) ST 4TS 1-B3. Conversion (Rules)
Annotated Text xDL by rules

Figure 1.1: Overview of our approach

has two main points. First, to make actions described in plain text easier to understand
visually, our framework provides reviewers with annotated text; it annotates action verbs
with related entities and parameters. We also propose the organic synthesis procedures
with argument roles (OSPAR) format [16] as the annotation format and constructed the
OSPAR corpus to train a BERT-based system for the automated annotation. Second,
to improve automated conversion quality, we propose a method to use two candidate
xDLs with different characteristics. One is the GLLM-based method [19] and the other
is a rule-based system that was developed in this study. Although CLAIRify achieved

higher recall than the rule-based system, there are several cases where only the rule-based
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systems can find appropriate information. Therefore, it is useful for the user to refer to
both results to select appropriate parts from them. By using this framework, the user
can recognize the action in the text with annotation and select appropriate action parts
from the candidate xyDLs. Even if the appropriate actions are not included in either of the
converted yDLs, the user can easily identify the lack of action information in the yDLs

by seeing the annotation.

1.3 Overview of the dissertation

Chapter 2 introduces related works on the automated extraction of chemical information
from literature. Chapter 3 describes our BERT-based method developed to solve ChEMU
2022 tasks for the chemical information extraction tasks [22]. Chapter 4 describes the
construction of the OSPAR corpus for the automated annotation system [16], which em-
ploys a similar method described in Chapter 3. Chapter 5 describes the framework for
extraction of yDL from literature [23]. Chapter 6 summarizes the dissertation and discuss

future works of this study.



Chapter 2

Related works

This chapter introduces related works on the automated extraction of chemical information

from literature. The contents are the following:

ChEMU tasks that inspired our annotation schema.

Semantic roles for expanding ChEMU’s annotation schema.

xDL, a language for representing reproducible organic synthesis procedures.

Methods related to automated information extraction.

2.1 ChEMU

The automated extraction of the chemical-reaction information in patents plays an im-
portant role in collecting chemical reaction information in reaction databases for use by
synthetic chemists. Chemical patents contain important information about new chemical
discoveries because any new chemical compounds are usually published via patents [24].
With the number of patents increasing rapidly, manually collecting the information written
in patents not only takes time and cost but also requires expertise in the subject matter
of the patents.

Since 2020, the ChEMU shared tasks have been held for extracting chemical reaction
information from patent documents. In ChEMU 2020 [25], two tasks to identify reaction
information at a level of chemical equation with core parameters and relations between the

information and actions were proposed. In ChEMU 2021 [26], an anaphora resolution task
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was proposed to identify the relation among chemical entities in a document. In ChEMU
2022 [27]), the above three tasks were rerun with new evaluation data. In this section, we
describe two tasks from ChEMU 2020 that inspired our annotation schema.

ChEMU 2020 consists of two tasks [13]: named entity recognition (NER task!) and
entity extraction (EE task). Here, focused on identifying and classifying entities mentioned

in a text into predefined categories.

2.1.1 Task 1: NER task

Task 1 is a task to identify the boundary of entities in text and their label. The set of
labels consists of the 10 labels. EXAMPLE_ LABEL represents a label to specify a re-
action. STARTING MATERIAL, REAGENT_CATALYST, REACTION_PRODUCT,
SOLVENT and OTHER_ COMPOUND represent chemical substances with their role in a
reaction. TIME and TEMPERATURE represent the parameters related to the reaction.
YIELD_PERCENT and YIELD__OTHER represent information related to the yield of

the product.

2.1.2 Task 2: EE task

Task 2 is a task that involves both mention detection and relation extraction. The men-
tion detection task identifies event trigger words (e.g. “added”, “heated”) that have a
relationship with entities in NER tasks and identifies relations between the event trig-
ger words and the entities. Almost all event trigger words involve a label that is either
REACTION_STEP or WORK_UP? and some event trigger words involve both labels.
The relation extraction task identifies relations between the event trigger words and com-
pounds, which are annotated with ARG1, and relations between the event trigger words
and parameters or yields are annotated with ARGM. While they referred PropBank [28] to

define relation labels, they did not consider detailed semantic relation that is described in

The abbreviation “NER” is also used as the general meaning of named entity recognition, which is
a task to identify and classify entities in text into predefined labels. Therefore, we use “NER task” or
“ChEMU’s NER task” to refer ChEMU’s NER task in this dissertation.

2To perform chemical reaction, two steps are usually required: synthesis (represented by REAC-
TION_STEP) to convert materials to a product, and work-up (represented by WORK__UP) to isolate
and purify the product.
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Section 2.2. This is because they are interested in the reaction information at the level of
the reaction database. For example, their corpus did not distinguish the order of addition
in the following phrase: “A is added to B” because they just needed a chemical reaction

formula derived as A + B.

2.2 Semantic roles and PropBank

Semantic roles express the relation between a predicate (verb) and its arguments. Prop-
Bank [28] is one of the data sets annotated with semantic roles by using The Wall Street
Journal. PropBank defines the semantic roles of verb senses individually and assigns a set
of roles with numbers (Arg0, Argl, Arg2, ...) to each verb sense (this is called roleset).
ARGO generally represents the agent of the predicate, and Argl represents the patient.
Other arguments more than Arg2 do not have consistent usage.

This is an example of roleset.
e add.02

— ARGO: adder
— ARGT1: thing being added
— ARG2: thing being added to
If we apply this roleset to the sentence “A is added to B”, A is ARG1 and B is ARG2.

Because one verb can have multiple rolesets, the number after the verb shows the index

number of the roleset.

2.3 Tools for chemical reaction information extraction

2.3.1 ChemicalTagger

ChemicalTagger is a rule-based text-mining tool for the extraction of chemical reaction
information from the chemical literature [5]. ChemicalTagger extracts information such
as compounds, their quantities, roles in a reaction, and units, as well as action phrases
that represent the steps carried out during a reaction. Figure 2.1 shows an example

of the output of ChemicalTagger. The compound information “acetonitrile (100 mL)”
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Input text: To the flask is added acetonitrile (100 mL).

Tagged text

<?xml version="1.0" encoding="UTF-8"?>
<Document>
<Sentence>
<ActionPhrase type="Add">
<PrepPhrase>
<TO>To</TO>
<NounPhrase>
<DT-THE>the</DT-THE>
<APPARATUS>
<NN-APPARATUS>flask</NN-APPARATUS>
</APPARATUS>
</NounPhrase>
</PrepPhrase>
<VerbPhrase>
<\/BZ>is</VBZ>
<VB-ADD>added</VB-ADD>
</VerbPhrase>
<NounPhrase>
<MOLECULE>
<OSCARCM>
<OSCAR-CM>acetonitrile</OSCAR-CM>
</OSCARCM>
<QUANTITY>
<_-LRB->(</ -LRB->
<VOLUME>
<CD>100</CD>
<NN-VOL>mL</NN-VOL>
</VOLUME>
<_-RRB->)</_-RRB->
</QUANTITY>
</MOLECULE>
</NounPhrase>
</ActionPhrase>
<STOP>.</STOP>
</Sentence>
</Document>

Figure 2.1: An example of the output of ChemicalTagger
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in the input text can be extracted by the <MOLECULE> tag. To see the child elements
of <MOLECULE>, the compound name can be extracted by <OSCARCM>. Additionally, the
quantity of the compound can be extracted by <QUANTITY> and the type of quantity is
also extracted by <VOLUME>. ChemicalTagger can recognize other quantities by using tags

such as <MASS> <AMOUNT> if they are written in input text.

2.3.2 ChemBERT

ChemBERT [29] is a BERT model for information tasks on chemistry. BERT employed
self-supervised pretraining to obtain general natural language patterns and supervised
fine-tuning for solving a specific task such as text classification tasks.

As an example of the fine-tuning task, sequential tagging task such as NER can be

learned. Figure 2.2 shows an example of the prediction by BERT in an NER task. The

Reac (Reactant)

Output text: Acetic acid (10 mL) is added to the mixture.

f Detokenize

B-Reac|-Reacl-Reac O O O O O O (0] O O O O

[CLS] Ace ##ttic acid ( 10 m ##L ) is added to the mixture . [SEP]

fTokenize

Input text: | Acetic acid (10 mL) is added to the mixture.

Figure 2.2: An example of the prediction by BERT in an NER (sequential tagging) task
*Tokens that start with ## indicate separated tokens from a single word.

input text is tokenized into subwords [30] and special tokens such as [CLS] for classifica-
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tion) are inserted. Then, BERT outputs the labels of subword tokens that indicate the
boundary of entities by IOB2 labels. Finally, the annotated text is obtained by detokenize
the subwords with their label.

Another example is text classification such as sentiment classification. Figure 2.3 shows

an example of the prediction by BERT in a sentiment classification task. The input text

POSITIVE

[CLS] love this movie . [SEP]
f Tokenized
Input text: | love this movie.

Figure 2.3: An example of the prediction by BERT in a sentiment classification (text
classification) task

is tokenized as well as the example of NER. Then, the label of the text is predicted by
using the output embedding of the [CLS] token.

To obtain higher performance in domain-specific text, several domain-specific BERTs

have been introduced [31, 32, 33, 29, 34].

2.4 yDL

xDL is a universal programming language for representing chemical reaction procedures
proposed by Mehr et al. [18]. Table 2.4 shows the structure of yDL. yDL uses the
same syntax as extensible markup language (XML) and consists of three mandatory sec-
tions (Hardware, Reagents and Procedure) and two optional sections (Metadata and

Parameters) which are enclosed in Synthesis section.
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<?xdl version="2.0.0" ?>
<XDL>
<Synthesis>

<Hardware>
<Component
id="reactor"
type="reactor" />

</Hardware>
<Reagents>
<Reagent
name="acetonitrile" />
</Reagents>
<Procedure>
<Add
vessel="reactor"
reagent="acetonitrile"
volume="100 ml" />

</Procedure>

</Synthesis>
</XDL>

Figure 2.4: Structure of xDL



2.5 Tools for the automated extraction of yDL from the literature

Hardware The Hardware section consists of the Component tags that represent the
equipment and devices used in the Procedure section. The id and type attributes are
mandatory for Component tags. The type attributes define the type of the Component

such as flask and reactor.

Reagents The Reagents section consists of the Reagent tags that represent the reagents
used in the Procedure section. The name attribute is mandatory for Reagent tags. At-
tributes for representing the substance’s information such as international chemical identi-
fier (InChI) and simplified molecular input line entry system (SMILES) are also acceptable.

To represent the role of the Reagent in a reaction, role attribute (optional) can be used.

Procedure The Procedure section consists of the tags that represent actions for per-
forming a reaction. Table 5.1 shows the xDL actions that used in this work and their
categories. Here, the actions enclosed in parentheses did not appear in the evaluation

data in the experiment in Section 5.3. The vessel attribute is mandatory in the actions

Table 2.1: xDL actions that used in this work and their categories

Liquid handling | Stirring | Temperature control | Inert gas Special
Add StartStir | HeatChill EvacuateAndRefill | Wait
Separate Stir HeatChillToTemp Purge (Repeat)
Transfer StopStir | StartHeatChill (StartPurge)

StopHeatChill (StopPurge)

except for the Wait action. The other attributes depend on each action. For example,

time and temperature.
2.5 Tools for the automated extraction of yDL from the

literature

2.5.1 SynthReader

In 2020, Mehr et al. proposed a rule-based method named SynthReader for the automated
extraction of xDL from the literature [18]. While deep learning-based methods such as

Transformer [35] and BERT had already exist as powerful information extraction models,
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there was no labeled dataset for the conversion of DL from text. Therefore, they employed
a rule-based method for SynthReader. However, it is difficult to maintain a set of rules

used in SynthReader against a wide variety of sentences.

2.5.2 CLAIRify

In 2023, Yoshikawa et al. proposed a GLLM-based method named CLAIRify [19] and
compared the performance of CLAIRify with a rule-based SynthReader. They used gen-
erative pretrained transformer (GPT) [9] as a GLLM (GPT3.5). CLAIRify employed an
iteration cycle of generation by GPT and the validation of generated code to obtain a
syntactically correct output. The outputs of organic synthesis procedures generated by
SynthReader and CLAIRify were compared by expert chemists, and the experts often
preferred the outputs of CLAIRify over those from SynthReader. In addition, CLAIRify
tends to obtain higher recall and lower precision than SynthReader. The experts men-
tioned that the effects of missing actions are more severe than ambiguous or wrong actions

when they determine preferred outputs.

13—






Chapter 3

BERT-based method for ChEMU
2022 tasks

This Chapter 3 describes our BERT-based method developed to solve ChEMU 2022 tasks

for the chemical information extraction tasks [22].

3.1 Introduction

In recent years, deep learning has been recognized as a promising approach to informa-
tion extraction from chemical literature. For example, pretrained language models such
as BioBERT [32] and ChemBERT [29] have shown high performance in information ex-
traction tasks. Moreover, the best systems in ChEMU 2020 and 2021 tasks all employed
deep learning-based approaches, together with a small amount of rule-based postprocess-
ing [25, 26]. In addition, both of these systems used a pipeline approach for relation

extraction tasks [36, 37], such as the event extraction and anaphora resolution tasks.

This chapter describes our system and results for the two tasks at ChEMU 2022: Task
la! and Task 1b%. We employed hybrid approaches that used deep learning models and a

small set of postprocessing rules.

!Task 1 in ChEMU 2020 (Section 2.1.1)
2Task 2 in ChEMU 2020 (Section 2.1.2)

15



3.2 Methods

3.2 Methods

We developed systems for mention detection and relation classification tasks that used
ChemBERT, a pretrained language model for chemistry-related documents. This approach
was similar to those of the best systems adopted in previous tasks [36, 37]. Figure 3.1 shows
our pipeline method. First, we split a snippet into sentences by using ChemDataExtrac-
tor [12]. Then, ChemBERT predicted the labels for mentions/relations. postprocessing
methods were adopted for mention detection in Task la and relation detection in Task 1c,

with the aim of addressing the document-level context.

Optional

sentence sentence prediction document-level
segmentation (ChemBERT) postprocessing post-
— — snippet — processed

sentence

snippet

snippet

Figure 3.1: Overview of our pipeline method

We fine-tuned ChemBERT for Task la. In addition, we fine-tuned multiple Chem-
BERTs for Task 1b because the task was more complex than Task la. Table 3.1 shows the

set of target labels for the two tasks involving mention detection and relation classification.

Table 3.1: Set of target labels for the two tasks involving mention detection and relation
classification

Mention detection Relation classification
Task la | Named entity -
Named entity (Task la) | ARG1

Event trigger word ARGM

Task 1b

3.2.1 Mention detection

For Task la, we trained a ChemBERT model and constructed a set of postprocess-
ing rules. First, ChemBERT was fine-tuned on the training set, excluding snippets

that had overlapping mentions. A snippet was split into sentences by using Chem-
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DataExtractor [12] and the sentences were split by a simple regex rule that used a
particular tool [38] by default. Then, IOB2 labels were assigned to the tokens. We
used a linear classifier to predict the label of each tokens and the input for it was
the output of the first sub-token [8]. Second, two postprocessing methods were ap-
plied. Because compounds in a heading section, which contains the product of the
snippet (REACTION_PRODUCT) and/or the final product of the multistep reaction
(OTHER_COMPOUND), cannot be distinguished without context, a postprocessing
method is required. The rule adopted is that if EXAMPLE LABEL exists in a snip-
pet, then the REACTION__PRODUCT that appears before the last EXAMPLE_LABEL
is annotated with OTHER__COMPOUND. Then, if OTHER__COMPOUND appears in
a heading and the same string appears as a REACTION_PRODUCT after the last
source compound (STARTING_MATERIAL, REAGENT_CATALYST, or SOLVENT),
then the entity is labeled as a REACTION__PRODUCT.

For Task 1b, we used the method in Task la for named entity recognition and trained
a ChemBERT model for the detection of event trigger words in the same manner as for

Task 1a.

3.2.2 Relation classification

For Task 1b, we trained a one ChemBERT model for ARG1 relations and a second for
ARGM relations. The input to the relation classification was a sentence with the candi-
date pair for a relation between an event trigger word enclosed by [E1] and [/E1] tokens
and a target enclosed by [E2] and [/E2] tokens. The output was a binary classification
result indicating whether the pair has a relation or not. All candidate pairs in a sentence
were classified and positive relations were annotated by the system. For example, if two
event trigger words and three targets are included in a sentence, the number of candidate
pairs would be six. This approach is similar to the Melax Tech’s system [36], which per-
formed best in the ChREMU 2020 task [25]. This approach was also discussed in a general
framework [39]. In the training stage, we used not only gold-standard entities but also
predicted event trigger words that were generated by five systems trained on 80% of the

training set, similarly to five-fold cross-validation.
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3.2 Methods

In addition to the above methods, we used a postprocessing tool distributed by the task
organizer?, which generates a coreference between A and C when coreferences between A

and B and between B and C already exist.

3.2.3 Experimental settings

We used ChemBERT v3.0 [29] for the mention detection and relation classification models.
ChemBERT was implemented by using AllenNLP [40] and HuggingFace Transformers [41].
We used the AdamW optimizer [42] and cross entropy loss for optimization. The models
were trained on the training set for the task and evaluated on the development set and
private test sets. Hyperparameter values were set as follows: max sequence length=384
(covering all sequences contained in the training and development sets), batch size=16,
learning rate=1e-5, and patience=7. Because the relation classification in Task 1c accepts
a pair of sentences as its input, a maximum sequence length of 512 was used for this task.
The validation metric for early stopping of mention detection in the development set was

the F-score. For relation classification, it was the validation loss.

3.2.4 Evaluation metrics

For the evaluation of the system, Precision, Recall, and F-score were used.

Precision — TP
recision = TP+ FP
TP
Recall = TPLEN TN

2 - Precision - Recall
F-score =

Precision + Recall
where TP is the number of true positives, which are correctly predicted by the system, FP
is the number of false positives, which are incorrectly predicted by the system, and FN is
the number of false negatives, which are not found by the system but exist in the corpus.
To evaluate close failures, relaxed match for the evaluation of NER in addition to an
exact match were used. The relaxed match means that the span of the entity is partially

matched TP and the label is correct.

3https:/ /raw.githubusercontent.com /yuan-li/chemu2021/master /apply-transitive-closure.py
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3.3 Results

We submitted a system with postprocessing for Task 1a before the deadline of the ChEMU
2022 competition and a system without postprocessing after the deadline. Table 3.2 shows

our results for Task 1a on the private set. Our system obtained an exact match F-score of

Table 3.2: Results for Task la on the private set

Systems Exact Relaxed

P R F P R F
ChemBERT 0.9327 0.9349 0.9338 | 0.9481 0.9503 0.9492
ChemBERT + PP | 0.9401 0.9422 0.9412 | 0.9561 0.9583 0.9572

*P represents precision, R represents recall, and F represents F-score. The scores

0.9412 and a relaxed match F-score of 0.9572. Table 3.3 shows our results for the private
set in detail.

Table 3.3: Detailed results for Task 1a on the private set, as predicted by the postprocess-
ing version of the system

. Exact Relaxed
Entity p R F p R F
EXAMPLE LABEL 0.9714 0.9913 0.9812 | 0.9714 0.9913 0.9812

OTHER COMPOUND 0.9498 0.9486 0.9492 | 0.9637 0.9625 0.9631
REACTION_ PRODUCT | 0.9112 0.9034 0.9073 | 0.9433 0.9352 0.9392
REAGENT CATALYST | 0.8529 0.9050 0.8782 | 0.8721 0.9253 0.8979

SOLVENT 0.9284 0.9666 0.9471 | 0.9284 0.9666 0.9471
STARTING _MATERIAL | 0.8997 0.8594 0.8791 | 0.9353 0.8934 0.9138
TEMPERATURE 0.9802 0.9770 0.9786 | 0.9901 0.9869 0.9885
TIME 0.9673 0.9741 0.9707 | 0.9883 0.9953 0.9918
YIELD_OTHER 0.9853 0.9711 0.9782 | 0.9902 0.9759 0.9830
YIELD_PERCENT 0.9750 0.9943 0.9846 | 0.9778 0.9972 0.9874
All 0.9401 0.9422 0.9412 | 0.9561 0.9583 0.9572

We submitted one system for Task 1b before the deadline of the competition. We also
submitted a corrected version after the deadline, having found an error related to the
sequence length of the input to the system. Table 3.4 shows our results for Task 1b on
the private set. The corrected system obtained an exact match F-score of 0.8865 and a

relaxed match F-score of 0.9027.
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3.4 Discussion

Table 3.4: Results for Task 1b on the private set

Relation Exact Relaxed

P R F P R F
ChemBERT 0.9058 0.8685 0.8868 | 0.9222 0.8842 0.9028
ChemBERT (Corrected) | 0.9054 0.8684 0.8865 | 0.9220 0.8842 0.9027

Table 3.5 shows our results for the private set in detail.

Table 3.5: Detailed results for Task 1b on the private set, as predicted by the corrected
system.

Relation Exact Relaxed
P R F P R F

ARG1|/REACTION_STEP|OTHER_ COMPOUND 0.4756  0.5342  0.5032 | 0.5000 0.5616 0.5290
ARG1|/REACTION_STEP|REACTION_PRODUCT | 0.8731 0.8561 0.8645 | 0.9179 0.9000  0.9089
ARG1|/REACTION_STEP|REAGENT_CATALYST 0.8399 0.8744 0.8568 | 0.8590 0.8904 0.8744
ARG1|REACTION_STEP|SOLVENT 0.8929 0.8883 0.8906 | 0.8596 0.8950  0.8770
ARG1|/REACTION_STEP|STARTING_MATERIAL | 0.8832 0.8043 0.8419 | 0.9036 0.8228 0.8613
ARG1|WORKUP|OTHER_ COMPOUND 0.9455 0.9052 0.9249 | 0.9627 0.9217 0.9418
*ARG1|WORKUP|REACTION_PRODUCT 0.0000  0.0000 0.0000 | 0.0000 0.0000 0.0000
*ARG1|WORKUP|REAGENT__CATALYST 0.0000 0.0000 0.0000 | 0.0000 0.0000 0.0000
*ARG1|WORKUP|SOLVENT 0.0000  0.0000 0.0000 | 0.0000 0.0000 0.0000
*ARG1|[WORKUP|STARTING__MATERIAL 0.0000 0.0000 0.0000 | 0.0000 0.0000 0.0000
ARGM|REACTION_STEP|TEMPERATURE 0.9262 0.8750 0.8999 | 0.9328 0.8811  0.9062
ARGM|REACTION_STEP|TIME 0.8976  0.9024 0.9000 | 0.9213 0.9261 0.9237
ARGM|REACTION_STEP|YIELD_OTHER 0.9845 0.9315 0.9573 | 0.9871 0.9340 0.9598
ARGM|REACTION_STEP|YIELD PERCENT 0.9671  0.9229 0.9444 | 0.9701 0.9257 0.9474
ARGM|WORKUP|TEMPERATURE 0.9063 0.6541 0.7598 | 0.9271 0.6692 0.7773
ARGM|WORKUP|TIME 0.7895 0.4054 0.5357 | 0.7895 0.4054 0.5357
*ARGM|WORKUP|YIELD__OTHER 0.0000 0.0000 0.0000 | 0.0000 0.0000 0.0000
*ARGM|WORKUP|YIELD PERCENT 0.0000  0.0000 0.0000 | 0.0000 0.0000 0.0000
All 0.9054 0.8684 0.8865 | 0.9220 0.8842  0.9027

* represents relations that had fewer than five gold-standard examples on the private set.

3.4 Discussion

Selecting “the best model” of the various models in training was difficult. Table 3.6 shows
the F-scores on the development and private sets. We used models that showed the best F-
score on the development set for mention detection and the best validation loss for relation
classification; therefore, it is not surprising that F-scores on the development sets were
better than those for the private sets. Therefore, we must reconsider training methods
when seeking a better model.

In Task 1b, all relations whose recalls were zero had fewer than five gold-standard
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Table 3.6: Comparison of F-scores between development and private sets

Task Exact Relaxed
Development Private | Development Private

Task 1a 0.9548 0.9412 0.9677 0.9535

Task 1b 0.9179 0.8865 0.9294 0.9027

examples (Table 3.5). It is quite difficult for our machine learning framework to identify
such relations with a small amount of examples.

We found errors caused by a lack of document-level information. Figure 3.2 shows a
confusion matrix for compounds in Task la. Examples included errors among START-
ING_MATERIAL, REAGENT_CATALYST, and SOLVENT and errors between REAC-
TION_PRODUCT and OTHER_ COMPOUND. In addition, errors between a solvent for
a reaction (SOLVENT) and one for a work-up (OTHER__ COMPOUND) were found be-
cause distinguishing between them from just one sentence was sometimes difficult. Errors
between REACTION STEP and WORK UP for Task 1b were also found to be caused
by the same difficulty.

With the aim of improving our systems, we tried to consider the relationships between
the tasks in some preliminary experiments. For example, we tried to construct postpro-
cessing rules for named entity mentions in Task la by on the results for Task 1b. However,
these rules did not improve the results because it was difficult to determine which predic-
tion (named entity or event) was correct.

Several errors were caused by failures in sentence splitting. For example, START-
ING_MATERIAL “Ex. 18A” caused a split into two sentences by the ChemDataExtrac-
tor sentence splitter because of the “” in “Ex. 18A”. A solution to this problem would

involve applying a set of rules involving dependency parsing and trigger words.

3.5 Comparison with other systems

The baseline system employed a vanilla BERT-based system (not a domain specific model
such as ChemBERT'). The baseline for Task la obtained an exact match F-score of 0.9367,
which is 0.0045 lower than ChemBERT with post-processing. The baseline for Task 1b
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Figure 3.2: Confusion matrix for compounds in Task la

obtained an exact match F-score of 0.9088, which is 0.0223 higher than ChemBERT-based
method.

There are three teams joined Task la and 1b: our team, LG AI research (LG) and
Virginia Commonwealth University (VCU). LG achieved the best scores in both Task 1a
and 1b, an exact match F-score of 0.9673 and an exact match F-score of 0.9199. They
employed domain specific BERT-based system (BioLinkBERT [43]) with additional pre-
training on various chemical corpora. In addition, they used ensemble approach and rule-
based post-processing. The higher scores they achieved compared to ours were considered
to result from these efforts.

To consider information extraction system for our research (information extraction
tasks in Chapter 4 and Chapter 5), our system can serve as the baseline model. To
compare our system with ChEMU’s BERT-based baseline, there were not large difference
in Task la and Task 1b. Although LG showed higher f-scores than our system, they
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employed complicated methods and their model has not been made publicly available.

Therefore, we decided to use ChemBERT as the baseline.

3.6 Summary

This chapter described our results for Task la and 1b at ChEMU 2022. We proposed
hybrid methods that used ChemBERT and a small set of postprocessing rules for these
tasks. We employed a pipeline approach for Task 1b that combined mention detection
and relation classification. Because we used only one or two sentences as the input to
ChemBERT, this lack of document-level information suppressed the performance of the
system. Although we confirmed that adopting a set of postprocessing rules was effective
in considering document-level information, we also confirmed that the set of rules we used
was insufficient. In addition, although we tried to use relationships between the tasks to

improve performance, it was difficult to construct rules that did achieve improvements.
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Chapter 4

Construction of the OSPAR
corpus

This chapter describes the construction of the organic synthesis procedure with argument

roles (OSPAR) corpus and rolesets for the automated annotation.

4.1 Introduction

The number of chemical reactions reported in scientific documents has rapidly increased.
New chemical reactions have been collected in chemical reaction databases, such as
Reaxys [44] and Scifinder™ [45]; however, this has been done by human experts and taken
much time as well as high costs. To reduce this burden, the development of automated in-
formation extraction methods has been studied [46, 47, 48, 49, 12, 50, 13, 51, 29, 52]. While
most of them are focused on core information, such as chemical entities and parameters,
a few works attempted to extract actions in a reaction from documents.

For example, as mentioned in Section 2.1, ChEMU campaign aimed to extract such
chemical reaction data from patent documents. Because they are interested in the reaction
information at the level of the reaction database, they did not consider detailed action
information. For example, their corpus did not distinguish the semantic roles of A and B
in the following phrase: “A is added to B” because they just needed a chemical reaction
formula derived as A + B. However, the order of addition, namely, A to B or B to A,
is usually regarded as important information that is required to reliably reproduce the

chemical reaction.
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4.1 Introduction

There were two works in the literature for extracting more detailed procedures in
organic chemistry. The first one is proposed by Mehr et al. [18] (described in Section 2.4
and 2.5.1).

Vaucher et al. [14] proposed a text-generation task that generated an action sequence
from an experimental procedure. While their machine learning-based system trained on
a large pseudo-corpus and a small human-annotated corpus was more flexible and robust
than rule-based systems, the users of their system have to read an original text to vali-
date the generated procedure from various perspectives, such as safety and completeness.
Therefore, we emphasize that not only are the structured data important, but also the
annotated text, which is aligned with the structured data.

To address these issues, we propose a corpus for procedure extraction named OSPAR
that has more detailed information with annotated text than ChEMU’s corpus. ChEMU
used semantic role labels based on PropBank [28] that represented relations between verbs
and related terms. Although ChEMU simplified the semantic labels, the PropBank and
the simplified labels were not sufficient enough to describe the detailed procedure. Under
this perspective, in this work, we systematically review the semantic role labels of the
original PropBank and propose new semantic rolesets that are suitable for representing
chemical reactions and especially organic synthesis. Our annotation schema using the
augmented semantic role labels is more general than the one used in the specific platform,
but it is easy to convert the information to the specific format. The overview of OSPAR
and rolesets is shown in Figure 4.1 (the procedure text is from [53]). We annotated actions
and related entities in the organic synthesis procedure, as well as the semantic roles of the
entities using rolesets. The rolesets were selected from PropBank if there were appropriate
ones for the examples in the corpus. Otherwise, we defined the new rolesets. Because the
texts in our corpus are aligned to the output of the action sequence, the users can validate
the action sequence easier than the text-generation approaches.

In addition, we train a deep learning-based system using the corpus to evaluate the
practical use of the corpus and conduct more detailed analyses. To elaborate on the
generality and application possibility of our framework, we compare the output sequence

of our corpus with a yDL example.
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Construction of the OSPAR corpus

-

Organic synthesis procedure

To the flask is added potassium
hydroxide (30.2 g, 85%, 0.45
mol, 5.0 equiv) and acetonitrile
(300 mL).The solution is cooled
to 5 °C with an ice/water bath
and then dimethyl malonate
(11.9 g, 90.0 mmol, 1.00 equiv)
is added via a weighed 20-mL
syringe over 5 min, forming a
viscous slurry. PhI(OAc)2 (32.0
g, 99.3 mmol, 1.10 equiv) is
added in one portion. The
viscous heterogeneous mixture
is stirred vigorously for 2 h at 0
to 5 °C and gradually becomes a
viscous creamy suspension.

OSPAR (112-annotated procedures)

Annotated text

v [ v
To the flask is added potassium hydroxide (30.2 g, 85%, 0.45 mol, 5.0

equiv) and acetonitrile (300 mL).

ooy
The solution is cooled to 5 “C with an ice/water bath and then ...

I v

T'he viscous heterogeneous mixture is stirred for 2'h at

0 to'5 °C and gradually becomes a viscous creamy suspension.

Action sequence with rolesets

1. Add: potassium hydroxide (30.2 g, 85%, 0.45 mol, 5.0 equiv),
acetonitrile (300 mL)
to the flask

2. Cool: The solution with an ice/water bath, 5 °C

~

Rolesets

PropBank: 29

48 rolesets {new: 19

ARG1, ARG2: Argument roles

Add
ARGI: thing added
ARG?2: thing added to

Cool
ARG thing cooled
ARG2: instrument

ARG : thing charged

\ J ARG?2: thing charged with

5. Stir: The viscous heterogeneous mixture, 2h, 0to 5 °C,

Figure 4.1: Overview of OSPAR and rolesets (verbs with argument roles).

4.2 Expansion of PropBank and corpus construction

4.2.1 Semantic roles and PropBank

As mentioned in Section 2.2, ARGO generally represents the agent of the predicate, and
Argl represents the patient. Other arguments more than Arg2 do not have consistent
usage. While ARGO shows the agent, we basically ignored this label in this work because
the agent of action is obviously the experimenter. If rolesets are appropriately defined,
the roles could be mapped to any schema for representing chemical actions similar to the
arguments of functions in computer programming.

Because The Wall Street Journal articles take news related to business and economics,
the rolesets in PropBank cannot cover actions in chemistry. Therefore, we need to add

new rolesets for chemistry concurrently with constructing our corpus.

4.2.2 Task definition

In this work, we focus on chemical reaction procedures in organic synthesis at the level
of rolesets. While the procedures usually consist of synthesis and work-up parts, we only
used the synthesis part of the procedures. There were two reasons for this. (1) We focus on
whether the product can be reproduced or not from the described procedure. Therefore,

the method of work-up, which affects the yield of the products, is not important. (2)
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1A
2| Di-tert-butylurea (1).

R
R

RG.
ENTITY) ARGy REACI‘IDN_STEPZ ARGy ENTITY

3 A 5-LErIenmeyer flask equipped with a mechanical stirrer and an internal thermometer is éharged with ign-butylamine (BFEmI:, 791 mmol, 6.6 equiV),

ARG,

ARG,
ENTITY ENTITY

triethylamine (127 mL, 900 mmol, 7.5 equiv), and toluene (2000 mL).

R
ARGM ARGM ———>
ENTIY " ReacTion step) "M [TEMP_TARGET) TARGET MPERATURE ENTITY. ENTITY) ARGy “REACTION, STEP]/ ARGHM >
4/ The mixture is cooled to an internal temperature of 52C in an ice bath and triphosgene (36.3 g, 120 mmol, 1.0 equiv) is added
" MopiFIER)

in small Eortions over a period of 20 min.

"
]
ARG. ARGM. ARGM.
MIV T REACTION_STEP) TEMPERATURE] \REACTION_STEP}” “mME)

5/ The mixture  is warmed  to room temperature and  stirred for 24h.

Figure 4.2: An example of annotated text.
*The procedure text is from [55].

Annotating work-up parts requires considerably more cost than the synthesis parts because
the vocabulary in the work-up was much wider than synthesis. The preparation methods
of instruments before starting a reaction (e.g., drying the instruments) are also out of scope
in this work. This is because experimenters do not necessarily follow the methods as long
as the state of the instruments is satisfied. Figure 4.2 shows an example of annotated text
visualized by brat annotation tool [54]. The brat annotation tool is used for visualization of
annotation after this. Our corpus consists of two tasks: named entity recognition (NER)?
for finding spans of entities, actions, parameters, and relation extraction (RE) for finding

relations between the action and entity /parameter.

4.2.3 Rolesets for actions in chemistry

As we discussed, rolesets defined in PropBank are not sufficient for describing the action
in chemistry. Therefore, we propose new rolesets for actions in chemistry, based on Prop-
Bank. We checked the existence of appropriate entries in PropBank for all actions in the
corpus. If we could find appropriate entries, these entries were included in our rolesets.
However, there are several cases in the textual explanation about arguments that were
not appropriate for describing chemical reactions. In such cases, we modified the text to

reduce the ambiguity to interpret the meaning of the argument. While the rolesets in

The term “NER” here does not refer to the ChEMU’s NER task but rather originates from the general
concept of NER as an information extraction task.
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PropBank sometimes contained more than three n of ARGn, the rolesets in our corpus
had up to two, which was enough to represent examples in the corpus. We ordered them
to smaller numbers because labels with fewer examples harm the performance of machine
learning-based systems. As a result, the rolesets in our corpus only contained ARG1 and

ARG2 as ARGn. When there were no appropriate rolesets, we defined new rolesets.

4.2.4 Annotation schema

We used six labels for NER and four labels for RE. While there were four NER labels
(REACTION_STEP, ENTITY, TIME, TEMPERATURE), which had the same name as
labels in ChEMU tasks [13, 56|, the definitions and target entities of the four labels were
different from ChEMU’s labels.

Annotation labels for NER are the following;:

e REACTION_STEP: actions to transform the reactant to a product except for the
actions for the preparation of instruments before starting a reaction, and work-
up. When there were parallel actions, such as “added with stirring”, added
was annotated as REACTION__STEP but stirring was annotated as MODIFIER

because the relation between actions is out of scope in this corpus for simplification.

o ENTITY: entities that have a semantic relation with a REACTION STEP. The

entities include chemical substances, gas, flasks, and other instruments.

o TIME: time that is related to REACTION STEP. This contains the exact time and

duration, such as 14-15h. Expression in words, such as overnight is also annotated.

« TEMPERATURE: the temperature that is related to REACTION__STEP. This con-
tains not only exact temperature but also range, such as between 0°C and 5°C.
Expression in words, such as room temperature is also annotated. In addition, if
a specific temperature is not described, but there is a word that indirectly represents

temperature, such as ice/water, the word is annotated with this label.

« TEMP_TARGET: place to maintain TEMPERATURE. For example, internal

temperature (inside the reactor) and bath temperature.
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« MODIFIER: other information that is important to perform actions including at-
mosphere, way to add compounds, stirring rate, parallel actions, and others. For

example, under nitrogen, added in one portion, added dropwise.

In addition to each label’s definition, there are two policies for the annotation. The first one
is if the same parameter was mentioned multiple times, only the first appeared parameter
was annotated because the repetition was confusing in conversion to the action sequence.
For example, the second “12h” in “.. was stirred 12h. After 12h, ..” was not annotated.
The second is the same entities and parameters, such as coreference and the amount of
entities are annotated as one span. For example, “12-aminododecanolactam (1) (9.00
g, 45.6 mmol, 1.00 equiv)”, (1 is coreference of 12-aminododecanolactam) and “room
temperature (23°C)”.

Annotation labels for RE are the following;:

e ARGI1, ARG2: semantic relation between REACTION__STEP and ENTITY. The
semantic relation depends on each roleset but these labels are shared among the

rolesets.

o ARGM: semantic relation between REACTION_STEP and parameters (TIME,
TEMPERATURE, TEMP_TARGET, MODIFIER). We annotated the relation as
ARGM even if the parameters were defined as ARGn in PropBank.

e (ARGO): semantic relation between REACTION STEP and ENTITY. This repre-
sents the agent of an action. We basically did not use this label because most of the
actions’ agents are experimenters. However, we used only one case, ENTITY A of
“A contain B”, because ARGO should be required to represent the container of the

action.

4.2.5 Data curation and preprocessing

Organic syntheses reported in scientific journals should be reproducible from the descrip-
tion of the experimental procedure. If the description does not provide enough information
to perform the reaction, experimenters cannot obtain the same result. Organic Synthe-

ses [57] is one of the most reliable journals in organic synthesis because each procedure is
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checked carefully for reproducibility in the laboratory of a member of the Board of Edi-
tors. The editors or their colleagues check carefully the reproducibility of each reaction
by performing the reaction in their laboratory. Therefore, we decided to construct our
corpus using procedures in this journal.

We collected articles, which had a “Procedure” section that described organic synthesis
procedures, from annual volumes 81 (2005) to 97 (2020). While some articles contain
multiple reactions to obtain the final product, we used only the procedure of the first
reaction of each article for the corpus. This is because coreference resolutions were required
if we handled procedures after the first reaction. In addition, we excluded procedures that
have multiple boundaries of synthesis and work-up. Finally, we obtained 112 procedures
(Table A.1). See Appendix A for article selection details.

We applied one preprocessing for the texts that were distinctive in Organic Syntheses.
Here is an example phrase: “anhydrous CHyCly (150 mL) (Note 11) (Figure 1)”. As
shown in this example, additional information, such as Notes and Figures, was written
down in raw texts. This is not common in other journals; thus, we removed these strings

by using regular expressions.

4.2.6 Roleset expansion and corpus annotation

We constructed OSPAR and developed rolesets against actions in the corpus. The corpus
was annotated by using the brat annotation tool [54]. This was done by three authors, two
organic chemists (associate and assistant professor), and one information scientist (Ph.D.
student).

First, we randomly selected 30 procedures to stabilize the annotation guideline. To
reduce annotation cost, we used our system for ChEMU 2022 tasks as pre-annotation
because several entities of our corpus had similar characteristics to ChEMU tasks. Then,
we repeatedly annotated them and revised the guidelines. Next, we trained our system
mentioned in the below section by using 30 procedures and deployed the system for the re-
maining 82 procedures as pre-annotation. Finally, we annotated the remaining procedures
with the stabilized guideline.

The rolesets were added or modified for REACTION__STEP verbs concurrently with
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Table 4.1: Number of procedures and sentences in each data set

Data set Procedure Sentence
Train 90 664
Development 11 86
Test 11 68
Total 112 818

the annotation process. The modification included simple textual modification and edition
of the roles, which were affected by the change of the definition of arguments in our corpus
from PropBank. For example, “ingredient one” (ARG1) and “ingredient two” (ARG2)
from “mix.01” in PropBank were aggregated as “ingredient” (ARG1) in our corpus because
the difference of ingredients in PropBank came from a syntactic perspective, but it was
not important in terms of chemistry. When we searched rolesets in PropBank, we used the
natural language toolkit (NLTK) [58]. To distinguish verbs regardless of the tense, we used
Wordnet lemmatizer [59] via NLTK. However, several REACTION _STEP could not be
lemmatized when the verbs were not registered in Wordnet lemmatizer or written in noun
form, such as addition. Therefore, we constructed a dictionary for these words. Finally,
all REACTION_STEP in the corpus was given any roleset. While verbs in PropBank
can have multiple rolesets, there was no verb that has multiple roleset in the corpus. All
rolesets used in the corpus were given independent suffix numbers from PropBank and
numbered as 01.

To separate the synthesis and the work-up parts, we defined the boundary as the end
of the chemical transformation from the reactant to the product. In general, operations

after the chemical transformation can be regarded as work-up operations.

4.2.7 Corpus statistics

The annotated procedures were split into training set, development set, and test set at
the ratio of 8:1:1. Table 4.1 shows the number of procedures and sentences in each data
set. Here, the number of sentences included only the synthesis part of a procedure.
Table 4.2 shows the number of NER labels in each data set. While REACTION STEP
and ENTITY had many examples, the parameters had fewer examples, especially
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Table 4.2: Number of NER labels in each data set

Label Train Development Test
REACTION_STEP 590 66 59
ENTITY 900 108 100
TEMPERATURE 225 27 21
TEMP_TARGET 48 10 4
TIME 218 31 24
MODIFIER 161 17 15
Total 2142 259 223

Table 4.3: Number of RE labels in each data set

Label Train Development test

ARG1 611 68 61
ARG2 361 48 44
ARGM 648 81 63
ARGO 1 0 0
Total 1621 197 168

TEMP_TARGET.

Table 4.3 shows the number of RE labels in each data set. ARG2 had fewer examples
than the others because some rolesets did not have ARG2, and ARG2 sometimes was not
used by REACTION_STEP even if ARG2 was included in the roleset. ARGO was only

used for contain.O1.

4.2.8 Roleset analysis

We obtained 48 rolesets from the corpus (Table 4.4). To evaluate the effectiveness of

roleset expansion, we classified them into four types:

(A). Same as original PropBank or slightly modified string surface, or reduced and ordered

arguments of the existing roleset in PropBank.
(B). Affected by the change in the definition of arguments from PropBank.
(C). New roleset but the verb existed in PropBank.

(D). New roleset and the verb did not exist in PropBank.
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Table 4.4: List of rolesets

Roleset ARG1 ARG2 ARGO Type PropBank
activate thing activated A activate.01
add thing added thing added to A add.02
contain contents container A contain.01
dissolve thing dissolved liquid A dissolve.01
distill thing distilled A distill.01
fill thing filled thing filled with A fill.01
heat thing heated instrument A heat.01
hold thing held A hold.11
immerse thing immersed thing immersed in A immerse.01
inject thing injected place injected into A inject.01
introduce | thing introduced place introduced into A introduce.01
keep thing kept A keep.01
maintain | thing maintained A maintain.01
melt thing melted A melt.01
open thing opened A open.01
place thing put where put A place.01
pour thing poured thing poured into A pour.01
protect thing protected thing protected from A protect.01
remove thing removed thing removed from A remove.01
replace old thing new thing A replace.01
stir thing stirred A stir.01
transfer thing transferred thing transferred to A transfer.01
use thing used A use.01
wash thing washed liquid A wash.01
wrap thing wrapped thing wrapped in A wrap.01
combine thing combined B combine.01
increase thing increased B increase.01
mix thing mixed B mix.01
raise thing raised B raise.01
change thing changed thing changed to C
charge thing charged thing charged with C
chill thing chilled instrument C
collect thing collected thing collected in C
cool thing cooled instrument C
dilute thing diluted thing diluted with C
flush target liquid or gas C
load thing loaded thing loaded with C
prepare thing prepared thing prepared in C
purge thing purged thing purged with C
warm thing warmed instrument C
backfill thing backfilled  thing backfilled with D
degas thing degassed D
pour off thing poured off D
reflux thing refluxed D
rinse thing rinsed thing rinsed with D
swirl thing swirled D
re-cool thing recooled instrument D
re-charge thing recharged thing recharged with D
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Table 4.5: Distribution of the types of rolesets
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Figure 4.3: Distribution of rolesets in the corpus (most frequent 15).

Table 4.5 shows the distribution of types for the top 15 frequent rolesets and all rolesets.
There were 52 % of (A) rolesets and 40 % of newly defined (C + D) rolesets. Therefore, the
vocabulary of PropBank was insufficient for chemistry, and we confirmed the importance

of expanding rolesets for chemistry.

Figure 4.3 shows the distribution of rolesets in the corpus. Here, the verbs in black
indicate Type A, blue indicate Type C and red indicate Type D. We confirmed that the
distribution of verbs was unbalanced as shown in related works [18, 14]. This is because
the actions in organic synthesis are limited. It is worth noting that charge and cool,

which were the third and fourth frequent rolesets, were categorized into Type C.

4.3 Experiment

We constructed an information extraction system by using the OSPAR to verify the prac-

tical use of the corpus and conduct a more detailed analysis.
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sentence NER RC
segmentation (ChemBERT) (ChemBERT)

Figure 4.4: Overview of the pipeline system

document

4.3.1 System description

Recent deep learning models with pretraining have shown remarkable performances in
natural language processing tasks [35, 8, 60]. We developed a pipeline system for NER
and RE tasks that used ChemBERT v3.0 [29], a pretrained language model for chemistry,
similar to our work for ChEMU 2022 task (Chapter 3). Figure 4.4 shows the pipeline
method. First, we split a document into sentences by using ChemDataExtractor [12].
Then, we used ChemBERT models for NER and another ChemBERT model for RE. We
used AllenNLP [40] and Hugging Face Transformers [41] for implementing ChemBERT.

For NER, we trained three ChemBERT models for: ENTITY, REACTION_STEP,
and parameters. This is because each label can be overlapped and a simple ChemBERT
model cannot take the overlapped entities. The input was tokens in a sentence that was
split by simple regex rules [38]. The output was IOB2 labels with a class of each token. The
labels were predicted in the same method as the original BERT [8]. For the optimization
in training, AdamW optimizer [42] and cross—entropy loss were used. The hyperparameter
values for the training are the same as our previous work [22]: max sequence length=384
(this value is enough to cover all sequences contained in the training and development
sets), batch size=16, learning rate=1e-5. We applied early stopping at the training with
patience=7 and used the best F-score model on the development set for evaluation.

For RE, we trained one ChemBERT model. The model solved the RE task as a
classification problem of the relation of two entities [61]. ChemBERT predicted the labels
of all candidate pairs in a sentence. The input of ChemBERT was a sentence with special
tokens; a REACTION STEP was [E1] and [/E1] tokens and an ENTITY or a parameter
enclosed by [E2] and [/E2] tokens. The output was a relation label or the label to show

there was no relation. In the training stage, we used gold-standard entities of the corpus.
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Table 4.6: NER results on the test set

Label Exact match Relaxed match Examples
Precision Recall F-score | Precision Recall F-score

REACTION_STEP 0.9474 0.9153  0.9310 0.9474 0.9153 0.9310 59
ENTITY 0.8447 0.8700 0.8571 0.8932 0.9200 0.9064 100
TEMPERATURE 0.6786 0.9048 0.7755 0.7500 1.0000 0.8571 21
TEMP_TARGET 0.5000 0.7500  0.6000 0.6667 1.0000  0.8000 4
TIME 0.9231 1.0000  0.9600 0.9231 1.0000  0.9600 24
MODIFIER 0.8571 0.8000 0.8276 0.9286 0.8667 0.8966 15

all 0.8504 0.8924  0.8709 0.8889 0.9327 0.9103 223

End of synthesis

TARGM

REACTION_STEP

— “"GM
(TEMPERATURE |

G O| d ENTITY TEMPEBATI{RE

The mixture is refluxed for 48 h,|allowed to cool to room temperature, and filtered through a pad of silica in a
sintered glass filter funnel, directly into a round-bottomed flask (250 mL) with the aid of water suction (ca. 300 mmHg).

ARG,

REACTION_STEP,
ey (TEMPERATORE ) ) \@/’W

Prediction The mixture  is refluxed for 48 h,|allowed to cool to room terﬁberatu@, and filtered through a pad of silica in a

5

ENTITY
sintered glass filter funnel, directly into 2  round-bottomed flask (250 mL) with the aid of water suction (ca. 300 mmHg).

Figure 4.5: Incorrect prediction due to the boundary of synthesis and work-up

Other settings were the same as NER.

4.3.2 Evaluation metrics

We used Precision, Recall, and F-score described in Section 3.2.4 for the evaluation of the

system. To evaluate close failures, we used a relaxed match in addition to an exact match.

4.3.3 Results and discussion

Table 4.6 shows NER results on the test set. While our corpus was not large, the NER

model obtained an F-score of 0.8709 in an exact match. The model obtained an F-score

of 0.9103 in a relaxed match, which was 0.04 greater than the exact match. This means

the existence of some errors in the detection of entities’ spans.

The precision was relatively lower than the recall. One of the reasons was that there

were a few sentences that contained both synthesis and work-up actions. In such cases, the

model incorrectly predicts work-up actions and related entities, even though the actions

for the work-up are not annotated in the corpus (Figure 4.5).
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Table 4.7: Relation classification results on the test set

Entity Precision Recall F-score
Predicted 0.8393  0.8393 0.8393
Gold standard | 0.9408  0.9464 0.9436

Table 4.8: Recalls of each verb (REACTION_STEP) on the test set

Verb Recall #test F#train Fdevelopment
add 1.0 18 168 18
stir 1.0 12 119 12
charge 1.0 8 86 12
cool 1.0 4 57 4
heat 1.0 3 31 2
remove 1.0 1 16 0
backfill 1.0 1 9 1
place 1.0 2 9 1
reflux 1.0 1 4 3
transfer 0.0 1 3 0
dissolve 0.0 1 3 0
fill 1.0 1 1 0
wrap 1.0 1 1 0
wash 0.0 1 1 0
hold 1.0 1 0 0
mix 1.0 1 0 0
open 0.0 1 0 0
activate 0.0 1 0 0

*#test, #train and #development are the number of occurrence in each data set

Table 4.7 shows RE results on the test set. The model with predicted entities obtained
an F-score of 0.8393 in an exact match. On the other hand, the model with gold-standard
entities obtained an F-score of 0.9436 in an exact match. We recognized the importance
of NER performance from this difference (approximately 0.1) was not small. On the other
hand, the results of NER and RE suggest the consistency of the annotation of the corpus

and the usefulness of the corpus.

As expected, our system tends to fail in extracting entities that are seen zero or a
few times during training. On the other hand, we found interesting cases in that our
system succeeded in finding such entities. Table 4.8 shows recalls of each verb (REAC-
TION_STEP) on the test. All verbs that existed more than three times on the train set
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were found in the test set. In fewer verbs, “fill” and “wrap” were found even though the
system saw them only once in the training phase. Although “hold” and “mix” were not
seen in the training phase, they were found by the system. Figure 4.6 shows the prediction

results for the unseen verbs. “hold” was exactly matched in both NER and RE. This could

RGM
ENTITY ARGy REACTION_STEP ARGM [TEMPERATURE TIME
Gold/Prediction __=—— = MPLRATL R
The resulting reaction mixture is held at -78°C for 5h.
(a)
FARGM
Gold Ty . Sascrovsree) O mmm oo oo g
(ﬁphenylphosphinic chloride (40.4 mL, 50.0 g, 211 mmol, 1 equi\7) is mixed in dichloromethane (50 mL} under 'ni(rugen‘ using gentle shaking for about 1 min.
- ARGM
Prediction . m—ﬁgéfmim
triphenylphosphinic chloride (40.4 mL, 50.0 g, 211 mmol, 1 equﬁ) is mixed in dichloromethane (50 mLS under nitrogen using gentle éhaking for about 1 min.

Figure 4.6: Prediction results for the unseen verbs (a) hold (b) mix

be explained because similar cases were included in the train set, for example, “keep” and
“maintain”. Although the roleset “mix.01” consists of only ARG1 (“thing mixed”), ARG2
was predicted for “dichloromethane (50 mL)” (we did not distinguish ingredients one and
two in the roleset “mix.01” because the differences were not important in the context of
conducting the synthesis procedure). This may be caused by similar examples, such as “A
was heated in B” and “A was cooled in B”. In these cases, A is ARG1 (thing heated/thing
cooled) and B is ARG2 (instrument). Regardless of the predicted labels, the prediction

can be corrected by referring to the arguments of the roleset.

Comparison with yDL

To investigate the completeness of our schema, we selected one example from the extracted
sequence by our system and compared it with yDL generated by using SynthReader via
ChemIDE [21]. SynthReader is an information extraction system for yDL and showed
high performance for articles in Organic Syntheses [57]. Figure 4.7 shows a comparison

2

between our method and xDL generated by SynthReader.” Here, the numbers over the

REACTION_ STEP were manually drawn by us, and some detailed explanation for robotic

2The procedure text is from [55].
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Ours XDL (SynthReader)

1. Charge: A 500-mL one-necked round-bottomed flask

with 3,4-dimethoxyphenol (8.32 g, 54.0 mmol),

potassium carbonate (8.29 g, 60.0 mmol, 1.11 equiv)

2.Add:  MeCN (95 mL) to the reaction flask
3.Stir:  ambient temperature, 10 min
4.Add:  benzyl bromide (6.54 mL, 55.0 mmol, 1.02 equiv)
(5). Wash: The reflux condenser with MeCN (5 mL) *Failed to extract
6. Stir: the resulting mixture, 20 min
7. Heat: the reaction mixture, reflux, 2 h

1A
2| 4-Benzyloxy-1,2-dimethoxybenzene (1).

1{1. Add 3,4-dimethoxyphenol ( 8.32 g ) to reactor.
2. Add potassium carbonate ( 8.29 g ) to reactor.
2 3. Add MeCN ( 95 mL ) directly to reactor
2 4. Heat/Chill reactor to 25 °C .
Temperature control is continued *5. is error
. Add benzyl bromide ( 6.54 mL) directly to reactor .... —— (puplication )

. Stir reactor for 10 min
. Stop heating/chilling reactor.
. Add benzyl bromide ( 6.54 mL ) directly to reactor ... .

. Wash contents of reactor with MeCN (1 x5 mL).

A wwhs
[N T

@

6 10. Stir reactor for 20 min
7 11. Heat/Chill reactor to 81.65 °“C for2 h

(a)

ARG,

Gold [ENTITY " REACTION sTEPY A% ERTITY)
o 4|MeCN (95 mL) is added to the reaction flask.

3 ARGM:
WN_smwmw

1
& ~REACTION STEP/ e

3| A500-mL one-necked round-bottomed flask equipped with a Teflon-coated magnetic stir bar (3.5 x 1.0 cm), with an argon gas inletis  charged  with 3,4-dimethoxyphenol (8.32 g, 54.0 mmol),

potassium carbonate (8.29 g, 60.0 mmol, 1.11 equiv), and is fitted with a reflux condenser with an argon gas inlet.

. ~REACTI

5| After stiming  for 10 min at ambient temperature, benzyl bromide (6.54

Enmy AT

GM.
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Eg ™~ Ao sTep /- — PR

7| Then, the reaction mixture is heated to reflux  for 2h.

mL, 55.0 mmol, 1.02 equiv) is

6
@y "% ReacTion stepy " g

6 The reflux condenseris ~ washed  with MeCN (5 mL) and the resulting mixture is  stired for 20 min.

1A
7| 4-Benzyloxy-1,2-dimethoxybenzene (1).
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3/ A500-mL one-necked round-bottomed flask equipped with a Teflon-coated magnetic stir bar (3.5 x 1.0 cm), with an argon gas inletis  charged  with 3,4-dimethoxyphenol (8.32 g, 54.0 mmol),

botassium?arhona(e (8.29 g, 60.0 mmol, 1.11 equiv), and is fitted with a reflux condenser with an argon gas inlet.

3 ARGM 4
[TIvE (TEmPERATUR By T ReACTIoN STep)
5 After  stirring for 10 min at ambient temperature, benzyl bromide (6.54 mL, 55.0 mmol, 1.02 equiv) is  added.

6| The reflux condenser is washed with MeCN (5 mL) and the resulting mixture is
M
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Figure 4.7: Comparison between our method and yDL generated by SynthReader. (a) ac-
tion sequence for both methods (b) gold standard and prediction by our system visualized

by using brat
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synthesis in DL was omitted for simplicity of comparison. We aligned the corresponding
steps from ours and DL (Figure 4.7a). Here, our system failed to extract the fifth action
“Wash”, and SynthReader wrongly generated duplicated actions (the 5th and 8th action
“Add”. the 5th one was incorrect). By assuming that both systems could correct the
action sequence, ours can be basically mapped to the actions in the yDL sequence. This
implies that our schema with argument roles has the potential to represent general and
enough information for organic synthesis.

It is important to align the annotation with the text. Figure 4.7b shows the visualized
texts of gold standard and prediction. If we verify the predicted action sequence, we can
easily understand actions, related entities, and failure of extraction. DL by SynthReader
contained more detailed information than ours, for example, the temperature of the final
action “reflux” was interpreted as “81.65°C” by using chemical knowledge. However,
there are some mistakes in the yDL. As mentioned above, the 5th action, “Add”, was not
required. In addition, although the 9th action, “Wash”, should be rinsing for the reflux
condenser, it was interpreted as a separation action for compounds in the reactor. That

is usually performed as work-up.

4.3.4 Limitations and future works

We have discussed the rolesets in the context of organic synthesis so far. We consider that
it can be used in materials science [62, 63, 64, 65, 66, 67] because there are common actions
in organic synthesis and materials science. On the other hand, we found that the variety
of the rolesets is insufficient to represent actions in materials science. In such a case, we
should expand rolesets for them. To enable this, we hope that not only our group but
also other research groups will use this framework and enrich the rolesets and annotated
COrpus.

Finally, we discuss the limitations of this work. Because the relations among ENTITY
in the corpus were unclear, anaphora resolution [68] (the problem of resolving what a
pronoun or a noun phrase refers to) should be required to generate structured data for
performing the reaction. Most of such relations are relations between a chemical compound

and a mixture. One of the solutions is applying the task that is similar to ChEMU’s
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anaphora resolution task [56]. Another challenge is interpreting ENTITY for structured
data. For example, distinguishing instruments and chemical compounds. In addition, the
amount of chemical compounds should be parsed. To enable this, ChemicalTagger [5],
a rule-based natural language processing parser for chemistry, can be used. Although
ChemicalTagger is less flexible than deep learning-based systems, it can extract detailed
information, such as amount and instruments, which follows notions included in its rules.
Therefore, it can be useful for interpreting information in ENTITY. Next, variation and
amount of examples in the corpus could be insufficient. We need to study the actions in
different documents and compare them with the existing rolesets. In addition, we should

increase the number of examples for rare rolesets.

4.4 Summary

To understand the relation between actions in chemical reaction procedure and the argu-
ment roles, we propose the rolesets in chemistry that can be used as a general procedure
extraction task in organic/inorganic chemistry. We have constructed the corpus named
OSPAR and evaluated it by training the system on the corpus. We confirmed the roleset

was promising for expressing actions in reproducing a reaction by comparing it with xDL.
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A Framework for Extraction of
YDL from the Literature

In Chapter 4, we have developed the OSPAR corpus and the system for the automated
annotation of text. This chapter describes the proposed framework for the extraction of

xDL from literature.

5.1 Overview

In Section 5.2, we introduce the user interface of our framework followed by the proposed
rule-based conversion method. In Section 5.3, we describe an experiment we conducted
to discuss the comparative advantages of our framework by comparing the conversion
result of xDLs by CLAIRify and the proposed system. As a result, we confirmed that
the proposed system could find action information, which was not feasible by CLAIRify.
We also compare the proposed system with SynthReader and discuss the advantages of
the proposed system against the existing rule-based system. We found that the proposed
method performed better, in terms of finding explicit actions, which were important for

the information extraction task, while SynthReader was better at finding implicit actions.

5.2 Methods

In this section, we first describe an existing schema for visualization. Then, we propose a

user interface for human review and an automated conversion method from text to yDL.
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5.2.1 The OSPAR format

We used the OSPAR format (described in Section 4.2) for visualization and as an inter-

mediate representation to convert text to xDL. An example of the visualized annotation

is shown in Figure 4.2.
5.2.2 User interface

We propose a user interface that consists of three main functions: (a) conversion from text
to the OSPAR format by BERT, (b) conversion from the OSPAR format to yDL by rules,
and (c) conversion from text to yDL by CLAIRify. Figure 5.1 shows the user interface.
This editorial process starts by entering an organic synthesis procedure into the text box

Enter organic synthesis procedure

A el 1.2 dxmethox%henzene (1). A 500-nL one-necked round-bottoned flask equ)pped ulth a Teflon-coated magnetic
stir bar an argon gas inlet™is charged with 3,4-dimethox) 9henn1 8.32 g, 54.6 mmol), potassium
carbonate 1 725 g, 60.9/mol, 111 equiv), and is Titted with 3 reflux condenser with an rqcm gas inlet; Mech (95 ) is
dded to the reaction nask After stirring for 10 min at ambient temperature, benzyl bromide (6 5570 hmol, 1,02
equiv) is added. The reflux condenser is washed with MeCN (5 mL) and the-resulting mixture is Sivreior 0 ains "Then, the
reaction mixture is héated to reflux for 2 h

OSPAR file name: \vgapuosa | [ annotate text
Y 3p W " XDL from OSPAR format with rules Generate XDL from text with CLAIRfy
Generate XDL Generate XDL from textbox || Generate XDL from brat text
<Procedure> - <X0L>
A <synthesis>
4-Benzyloxy-1,2-dimethoxybenzene (1) vesse\— reactor" <Hardware>
4-d <Component id="v1" type="round-bottomed flask" volume="560 mL" />
<Component id="v2" type="reflux condenser" />
A500-mL one-necked round-botiomed flask equipped with a Teflon-coated magneic st bar (3.5 x 1.0 cm), </Hardware>
— \ vessel="reacto <Reagents>
LR ey reagent=" pa!ass)um carbonate* <Reagent ,4-dimethoxyphenol” />
with an argon gas inlet s charged  with 3,4-dimethoxyphenol (8.32 g, 54.0 mmal), nasem'g. 26 g- 1 ZReagent n otassiun carbonate” /o
amount="60.6 mmol” /> <Reagent n: leCN" />
<Add <Reagent name="benzyl bromide" />
potassium carbonate (8.29 g, 60.0 mmol, 1.11 equiv), and is fitted with a refiux condenser with an argon gas 5 :ggszki”gﬁzaer” a4 </Reagents>
L olime="95 L+ /> <Procedure>
— o st Em <HeatChillToTemp 1 <Agg vessel="vl" reagent:“!,4—d1methoxyghenol” amount="8.32 g" />
JeCN (95 mL T 5 vessel="reactor" 7 <Add vessel="v1" reagent="potassium carbonate" amount="8.29 g" />
et e R i tempor2s oCe 7 Shad vessel=vi reagencf‘ge(N” voluner35 ni" /> ¢
— AR y 1 <stir it <StartStir vessel="v
[y - vessel="reactor" <Wait time="10 min® e
After  stiring  for 10 min at ambient temperature, benzyl bromide (6.54 mL, 55.0 mmol, 1.02 equiv) is time="10 min" /> < reagent="benzyl bromide" volume="6.54 mL" />
. <Add nt="MeCN" volume="5 mL" />
e REATHON STEP 5 vessel="reactor" "v2" to_vessel=
added. reagent=" bsnzyl bromide"
~ volume="6.54 m 2 ="v1" temp="reflux" time="2 h" />
BT REACTION STEPY " amount="55.0 mmul /> <StopStir vessel="v1" />
The reflux condenser is  washed  with MeCN (5 mL) and the resulting mixture is  stired  for <stir </Procedure>
vessel="reactor" </Synthesis>
© time="20 min" /> </xDL
20 min. <HeatChill
. vesse] ;ea(tor“
— ARG, — ~ ARGM—egy ™ 74 ‘time=" N
SRECTiON STEsY “TEPERATORE] temp="reflux® />
Then, ihe reaction mixure s heated © el for 2n </Procedures
</Synthesis> -
2l >
XDL file name: [<filename> xd |[saveasfie | XDL file name: [<filename> xd |[save as file

Figure 5.1: Screenshot of the proposed user interface
*The procedure text is based on Okaya et al. [69], with revisions made through preprocessing in

the OSPAR corpus.
at the top of the screen.

After the user clicks the “annotate text” button, the text is converted to the OSPAR
format and the result is visualized by brat [54], a web-based annotation tool. Then, the
user can see the annotated text in the OSPAR format. If the user is not satisfied with the
automatic annotation results, he/she can modify the annotation results by using brat as an

annotation tool. This modification has the potential to improve the automated conversion
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= | = pariv93p0063 i
1 A
2 4-Benzyloxy-1,2-dimethoxybenzene (1).
REACTION_STEP oI
"charged" : ) r (3.5 x 1.0 cm),
Note: ARG1.: thing charged (Optional), ARGZ: thing charged with (Required)
" - EEACTION STEFT — ENILLT
with an argon gas inlet is charged with §,4—dimethnxyphenol (8.32 g, 54.0 mmDI_],
T om
ﬁntés-sium carbonate (8.29 g, 60.0 mmol, 1.11 equiv_}. and is fitted with a reflux condenser with an argon gas
inlet.

Figure 5.2: Screenshot of brat

method from the OSPAR format to yDL. By moving a cursor over REACTION_STEP,
the user can view a roleset for the action to refer to the modification (Figure 5.2).

Then, the user clicks the “Generate yDL” button above the middle text editor to
generate DL from the OSPAR annotation which is displayed in the brat. The generated
xDL can be edited and saved by clicking the “save as file” button as a filename beside
the button. The text editor on the right is used for conversion from the text in the top
textbox or text shown in brat to yDL by CLAIRify. The buttons around this editor have
the same functions as the middle text editor. The user can compare both conversion
results and select a better yDL as a base for the reviewing process. When the user finds
some mistakes in the base DL, the user can refer to the other yDL to check the existence
of correct action for revising the base yDL.

The proposed user interface was implemented using Flask [70], a Python-based web
framework. We used brat for visualization and annotation. While the original version was
implemented with Python 2, we used the Python 3 version available at https://github.

com/nlplab/brat.git. The text editor is implemented using CodeMirror [71].

5.2.3 Conversion from text to the OSPAR format.

We used a system that was similar to one described in Section 4.3.1. We trained Chem-

BERT models [29] for NER and another ChemBERT model for RE by using the training
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set and development set of the corpus. The ChemBERT models were implemented using

HuggingFace Transformers [41].
5.2.4 Conversion from the OSPAR format to yDL.

We converted the OSPAR format to DL by mapping the arguments of roleset to yDL
actions. We used xDL version 2.0.0 [72]. Figure 5.3 shows an example of the conversion.

First, we defined candidate yDL actions for each roleset to map the rolesets to the yDL

Roleset: Add

candidate yDL actions:
Add/*Transfer/*Dissolve
Transfer direction: ARG1 to ARG2

Description Required/Optional Type
ARG1 thing added Required chemical
ARG2 | thing added to Optional chemical/vessel

*Transfer and Dissolve for the "roleset:Add" is not implemented in the current version of our system

ARG2

ARG1

\ 10 v
To the flask is added potassium hydroxide (30.2 g, 85%, 0.45 mol, 5.0 equiv) and acetonitrile (300 mL).

Parse each argument by ChemicaITagger‘

<?xml version="1.0" ... >
<Document>

<DT-THE>the</DT-THE>
<APPARATUS>
<NN-APPARATUS>
flask
</NN-APPARATUS>

<?xml version="1.0" encoding="UTF-8"?>
<Document>

<MOLECULE>
<OSCARCM>
<OSCAR-CM>potassium</OSCAR-CM>
<OSCAR-CM>hydroxide</OSCAR-CM>
</OSCARCM>
<QUANTITY>
<_-LRB->(</_-LRB->
<MASS>
<CD>30.2</CD>
<NN-MASS>g</NN-MASS>

<AMOUNT>
<CD>0.45</CD>
<NN-AMOUNT>mol</NN-AMOUNT>

Convert to yDL by referring candidate
xDL actions of roleset

<?xml version="1.0" encoding="UTF-8"?>
<Document>

<MOLECULE>
<OSCARCM>
<OSCAR-CM>acetonitrile</OSCAR-CM>
</OSCARCM>
<QUANTITY>
<_-LRB->(</_-LRB->
<VOLUME>
<CD>300</CD>
<NN-VOL>mL</NN-VOL>
</VOLUME>
<_-RRB->)</_-RRB->

<Add reagent="potassium hydroxide
mass="30.2 g"
amount="0.45 mol"
vessel="reactor" />

<Add reagent="acetonitrile
volume="300 mL"
vessel="reactor" />

Figure 5.3: An example of conversion from the OSPAR format to yDL

actions. Then, to align the roleset arguments with yDL arguments, we specified the

type and whether each roleset argument was “required” by referring to the target xyDL
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arguments. For liquid and solid handling actions of yDL such as Add and Transfer,
the corresponding roleset has “transfer direction” information to determine the order of
the xDL actions. We used ChemicalTagger [5] to obtain detailed information about the
arguments, such as compounds, masses, and other parameters. Then, yDL actions were
generated by referring to the roleset and the outputs of ChemicalTagger. When ARGM
arguments such as TEMPERATURE or TIME were present, these parameters were either
used to generate new actions (e.g., HeatChillToTemp) or to define specific YDL arguments
(e.g., time="1 h"). In cases where an argument was a mixture, such as a solution of
sodium iodide (15.0 g, 100 mmol) in acetonitrile (100 mL) (see Supplementary
Information for details), a single argument could be converted into multiple yDL actions.
The xDL actions were generated as instances of the xDL library, which automatically
validated the yDL arguments. Finally, these instances were converted into XML format.

We used text normalization tools. To normalize the verbs, we used WordNet lemma-
tizer [59]. To interpret numbers in word form, we used text2num [73] to convert numbers
in word form to numerical form. Additionally, we defined several constants to accurately
interpret the parameters expressed in words and convert them into precise values (Fig-
ure 5.5).

Because it was difficult to capture multiple flasks (e.g., compounds A and B were mixed
in a flask X and compounds C + D were mixed in a flask Y), we fixed vessel to reactor
other than the case that OSPAR argument was a mixture and multiple compounds were

written in the argument.

Alignment of the rolesets and yDL actions

There are two types of DL actions that can be generated by OSPAR2yDL: corresponding
to each roleset and the arguments of rolesets. Table 5.1 shows yDL actions that can be

generated by OSPAR2yDL, along with the corresponding part of the OSPAR rolesets.

Conversion rules for mixtures in ARG1 and ARG2

In cases where an argument ARG1 or ARG2 is a mixture, a single argument may be

converted into multiple DL actions. When multiple chemical names are identified by
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Table 5.1: xDL actions that can be generated by our system, along with the corresponding
part of the OSPAR rolesets

xDL action generated from

Add roleset, ARG1, ARG2

Transfer ARG1, ARG2

HeatChill roleset

HeatChillToTemp  roleset, ARGM (TEMPERATURE)
Stir roleset, ARGM (MODIFIER)
StartStir roleset, ARGM (MODIFIER)
StopStir ARGM (MODIFIER)
EvacuateAndRefill rolset, ARGM (MODIFIER)

Purge roleset

ChemicalTagger, the argument is considered as a mixture. For example, in the ar-
gument a solution of sodium iodide (15.0 g, 100 mmol) in acetonitrile (100
mL), sodium iodide is identified as a reagent, and acetonitrile is identified as a solvent
by ChemicalTagger. In this case, Add actions for each component into a temporary vessel
for mixing are created. Then, when the argument is added to a reactor, a Transfer action

from the temporary vessel to the reactor is created.

Details of the conversion for ARGM

ARGM arguments such as TEMPERATURE, TIME and MODIFIER are generally used
as the parameter of yDL actions. However, ARGM arguments labeled with TEMPER-
ATURE and MODIFIER may create DL actions other than main yDL actions that
created by a roleset. Figure 5.4 shows the rules for converting ARGM into xDL action(s).
If ARGM is TEMPERETURE and the rolset does not have a HeatChill action among
its candidate xDL actions, the ARGM generates a HeatChillToTemp action before the
xDL actions by the roleset. If a MODIFIER is included in the predefined gas-related
words, EvaluateAndRefill is created before the main yDL actions related to a roleset.
If a MODIFIER is included in the predefined stirring-related words, the ARGM generates
a StartStir action before the main xDL actions and a StopStir action after the main

actions.

We created a dictionary to interpret words that represent parameters for TEMPERA-
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ARGM is gas word

1 False 1
False !

v
= No XDL aciton - is stir word

True

EvacuateAndRefill

is TEMPERATURE

gas-related words = ['nitrogen’, 'oxygen', 'air', 'argon']

stirring-related words = ['stirred’, 'stirring']

StartStir

HeatChillToTemp

Roleset's
XDL actions

A 4

StopStir

Figure 5.4: Rules for the converting ARGM into yDL action(s)

TURE, TIME, and stirring rates in MODIFIER (Figure 5.5).

Rules for detecting amounts, masses and volumes

To perform a reaction, one of amount, masses and volume is required at least. In general,

we aim to extract as much information as possible from the text. Therefore, in the current

version of our system, parameters in the text are detected by ChemicalTagger, and all

detected parameters are mapped to the parameters of yDL actions by classifying them

into xDL’s parameters by the following rules:

e Molecular amounts such as mol and mmol are mapped to “amount” in xDL actions

by using a <NN-AMOUNT> tag in ChemicalTagger.

e Masses such as g and mg are mapped to “mass” in yDL actions by using a <NN-MASS>

tag in ChemicalTagger.

e Volumes such as mL are mapped to “volume” in DL actions by using a <NN-VOLUME>
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TEMPERATURE = {

’room temperature’: ’25°C’,
‘rt’: ’256° C’,
’ambient temperature’: 25° C’
X
TIME = {
’overnight’: ’16 h’
}

MODIFIER_STIR_RATE = {
’vigorous’: ’500 rpm’,
’vigorously’: ’500 rpm’

Figure 5.5: Dictionary to interpret words that represent parameters.
tag in ChemicalTagger.

5.3 Experiment

As we mentioned in Section 1, recall is important for human review. To discuss the advan-
tages of showing both the outputs of the proposed method and CLAIRify, we constructed
six xDL examples and evaluated the recall of the methods on the examples. In addi-
tion, we compared the proposed method with SynthReader [18] as an existing rule-based

method.

5.3.1 Construction of evaluation data

We selected organic synthesis procedures that can be performed by an automated robot
(Chemspeed platform), from Organic Syntheses [57] for the examples. The yDL examples
were constructed by three authors: two organic chemists (associate and assistant profes-
sors) and one information scientist (PhD student). To evaluate the effect of the automated
annotation quality on the OSPAR format, we required annotated texts that were checked
by humans. Because there were only four examples in the test set of the OSPAR, corpus,
we additionally annotated two examples other than the corpus in the same manner as the

OSPAR corpus including text preprocessing.
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To evaluate each method by considering only actions that were explicit in the text,
we labeled implicit actions. We labeled each action into an explicit or implicit action to
distinguish them in the evaluation phase because errors from these types of actions had dif-
ferent meanings in an information extraction task. There are two types of implicit actions:
(a) initiating stirring after addition of reagents and solvents (StartStir) and (b) stirring
for a certain period of time (Stir). We did not consider creating a mixture in a noun
phrase such as a solution of sodium iodide (15.0 g, 100 mmol) in acetonitrile
(100 mL) because the actions were embedded in the text, unlike the abovementioned ac-
tions. When creating the correct xDL, if stirring continues after a Stir, it is treated as
an implicit action. Therefore, instead of setting continue_stirring=True as an argu-
ment for Stir, it was represented as Stir and StartStir, with StartStir being treated
as an implicit action. While we annotated the stopping stirring (StopStir) or heating
(StopHeatChill) when the target vessels were not used in subsequent steps, we excluded

these actions from the evaluation as they were not critical to reproduce the procedure.

5.3.2 Experimental settings

We compared four methods in this experiment: SynthReader, the proposed method from
text to xDL (Pipeline), the proposed method from human-annotated OSPAR format to
xDL (OSPAR2xDL), and CLAIRify. To compare the proposed method with/without
human intervention, we used Pipeline and OSPAR2xDL. We used SynthReader via a web
interface called ChemIDE [21]. We used CLAIRify downloaded from github [74]. While
the original CLAIRify used GPT-3.5, we used GPT-40 (gpt-40-2024-05-13) as an LLM
because later models were considered to be better than older models. Because the original
implementation did not work on the current version of OpenAl API, we made a minor
revision of the source code.

In addition to evaluating each system individually, the combination of CLAIRify with
other systems for a practical situation by human review was also examined. The combined
recall was calculated by verifying whether the correct answer was present among the yDL
actions produced by independently running the two systems. To evaluate close failures,

we defined action recall in addition to exact recall. The definitions were the following:
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o Exact recall: the proportion of correct actions with only correct parameters among

the actions in gold data.

e Action recall: the proportion of correct actions with correct parameters and correct

actions with missing/wrong parameters among the actions in gold data.

Examples of evaluating correct actions in exact recall and action recall are shown in

Figure 5.6. While missing and/or wrong parameters are not allowed in exact recall, they

Gold data

<Add vessel="reactor"
reagent="water"
volume="1.0 mL" />

Exact recall Action recall

<Add vessel="reactor"
reagent="water" O O
volume="1.0 mL" />

<Add vessel="reactor" X O
reagent="water" /> | (mjssing parameter)

<Add vessel="reactor" %
reagent="water" O

(wrong parameter)

volume="2.0 mL" />

Figure 5.6: Examples of evaluating correct actions in exact recall and action recall

are allowed in action recall.

Other evaluation criteria were the following:

o Liquid/solid handling actions: It was considered as correct action if either mass
or volume was specified in an action even if both mass/volume and amount were
mentioned in the text. It was acceptable if dropwise=True was not specified for the

Add action. It was also acceptable to create the initial mixture in the reactor.

e Stirring actions: When mass or volume were mentioned multiple times in the text,

it was considered correct if either mass or volume was specified in an action.
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Table 5.2: Result of explicit actions

SR Pipe 02X CLAIR SR+CLAIR Pipe+CLAIR O2X+CLAIR
exact recall | 22/65 28/65 31/65  38/65 45/65 48765 49765
action recall | 34/65 41/65 50/65 60/65 60,65 60,65 60,65

*The numbers indicate (#found action)/(#all actions). SR is SynthReader, Pipe is Pipeline, 02X
is OSPAR2xDL and CLAIR is CLAIRIfy.

e Temperature control actions: For HeatChill, cases like “between —15°C and —5°C”

were considered correct if the temperature was set within that range.

5.3.3 Results and discussion

Evaluation for explicit actions.

Table 5.2 shows the result of explicit actions.

To see individual systems, CLAIRify showed the best performance in both exact and
action recall. While CLAIRify demonstrated a high action recall (60/65), its exact recall
was relatively modest (38/65). This was because that CLAIRify sometimes failed to
extract the units of the parameters or even the parameters themselves. We found that
when CLAITRIify failed to extract the parameters, CLAIRify consistently did not extract
the parameters in the example procedure (Figure 5.7). Such characteristics were observed
in two of the six procedures.

The proposed Pipeline and OSPAR2yDL showed higher recall than SynthReader in
both exact and action recalls. While the evaluation data were small, we confirmed that
the OSPAR format could represent enough information and the proposed rule-based con-
version was better than SynthReader. A major reason why Pipeline was better than
SynthReader was because Pipeline employed BERT-based NER and RE in contrast to
rule-based SynthReader, which could not extract entities and relations absent from its
templates. As a result, we observed differences in the recall of liquid handling actions
such as Add and Transfer, which require recognizing compound names (Table 5.3).

We confirmed that the modification of the OSPAR annotation could improve the con-
version quality because actions, which were not extracted by Pipeline, were sometimes
found by OSPAR2xDL, in terms of both exact and action recall. The main reason for the

difference is that ChemBERT sometimes failed to extract compounds. In addition, errors
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Table 5.3: Result of explicit actions for each category

Liquid handling

SR Pipe 02X CLAIR SR+CLAIR Pipe+CLAIR 0O2X+CLAIR
exact recall | 14/42 18/42 21742 26/42 31/42 33/42 33/42
action recall | 23/42 28/42 36/42  40/42 40/42 40/42 40/42
Stirring
SR Pipe 02X CLAIR SR+CLAIR Pipe+CLAIR 02X+CLAIR
exact recall 3/7 5/7 5/7 4/7 4/7 5/7 5/7
action recall | 4/7 5/7 5/7 6/7 6/7 6/7 6/7
Temperature control
SR Pipe 02X CLAIR SR+CLAIR Pipe+CLAIR 0O2X+CLAIR
exact recall 4/8 5/8 5/8 2/8 4/8 5/8 5/8
action recall | 6/8 6/8 6/8 8/8 8/8 8/8 8/8
Inert gas
SR Pipe 02X CLAIR SR+4+CLAIR Pipe+CLAIR 02X+CLAIR
exact recall 0/7 0/7 0/7 5/7 5/7 5/7 5/7
action recall | 0/7 2/7 3/7 5/7 5/7 5/7 5/7
Special
SR Pipe 02X CLAIR SR+CLAIR Pipe+CLAIR 0O2X+CLAIR
exact recall 1/1 0/1 0/1 1/1 1/1 1/1 1/1
action recall | 1/1 0/1 0/1 1/1 1/1 1/1 1/1

*The numbers indicate (#found action)/(#all actions).

in identifying entity boundaries led to missing parameters. As a result, the recall of liquid
handling actions of Pipeline was lower than that of OSPAR2yDL (Table 5.3). To improve
the information extraction system from the text to the OSPAR format, for example, in-
creasing training data and improving a deep learning-based model were required. If the
user annotates procedures for yDL conversion, the annotated procedure can be used as

training data of the models for text to the OSPAR format.

There were two common errors that were difficult for rule-based methods when convert-
ing the OSPAR format to xDL. The first was an incorrect target vessel for actions because
the proposed rules could not consider multiple vessels, as described in Section 5.2.4. The
second was the missing quantity or mass, as ChemicalTagger failed to determine which
parameters belonged to which molecule. For example, o-Tolylboronic acid, 10.0 g
(73.6 mmol) was not correctly parsed due to the comma after o-Tolylboronic acid.
While the proposed method was sensitive to the notations of the OSPAR arguments in
the text, CLAIRify was robust to these notations thanks to the flexibility of a GLLM.
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Table 5.4: Result of implicit actions

SR Pipe 02X CLAIR SR+4+CLAIR Pipe+CLAIR 02X+4CLAIR
exact recall | 2/12  0/12 0/12  6/12 7/12 6/12 6/12
action recall | 2/12  0/12 0/12  6/12 7/12 6/12 6/12
*The numbers indicate (#found action)/(#all actions). SR is SynthReader, Pipe is Pipeline, 02X
is OSPAR2xDL and CLAIR is CLAIRify

We also confirmed that combining results of rule-based methods and CLAIRify was
effective in increasing exact recalls. To compare the exact recalls of the CLAIRify combined
with other systems, Pipeline and OSPAR2XxDL showed better results than SynthReader
(SynthReader found 7 new actions, Pipeline found 10 actions and OSPAR2yDL found 11
new actions). On the other hand, action recalls of the combined results did not increased
by three methods. This result indicates the improved capability of CLAIRify for finding
actions. Figure 5.7 shows an example of how other systems can improve CLAIRIify’s recall.
In this example, the amount or volume of reagents was not specified by CLAIRify. In other
cases, CLAIRIfy failed to extract the time of addition or the stirring rate, even though

these parameters were clearly stated in the text.

Effect of modifying the annotation

Figure 5.8 shows the effect of modifying the annotation. In the annotation by ChemBERT,
PPh3 and N,N-dimethylformamide were not annotated. This led to a lack of corresponding
xDL actions. Another error occurred due to an incorrect boundary in Pd(0Ac)2 (180 mg,
0.80 mmol, 0.01 equiv). Because the closing parenthesis at the end of PA(0Ac)2 (180
mg, 0.80 mmol, 0.01 equiv) was missed by ChemBERT, the proposed rules failed to
extract mass and amount. As a consequence, these parameters were missed in a yDL
action by the pipeline system. Both types of errors may be addressed by increasing the

training data in future.

Evaluation for implicit actions.

Table 5.4 shows the result of implicit actions. As we expected, the proposed Pipeline and
OSPAR2xDL could not find implicit actions because the OSPAR format did not consider

actions that were not written in text and we did not make rules to complement such
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actions when converting the OSPAR format to yDL. SynthReader could find implicit
actions because rules to complement such actions were included in SynthReader. We
confirmed that CLAIRify could find implicit actions by the capability of a GLLM.

To enable finding implicit actions by the proposed methods, we need to construct
rules to capture these actions in future work. For example, inserting StartStir following
multiple Add actions would be considered. Another example is inserting StopStir when

the reactor or flask was not used after the previous action.

What should be considered in the human review process?

As we discussed, we found that CLAIRify was generally promising for generating a “base
xDL” because it demonstrated higher recalls than other systems. However, the output of
the proposed system may be preferred as a base DL when CLAIRify consistently fails to
extract the parameters.

We found that human reviewers need to be careful with vessel parameters when
multiple vessels are used in a procedure. When combining multiple candidate xDLs,
reviewers also need to pay attention to the parameters. For example, the vessel names
should be standardized to match the notation used in one of the xDLs, and the associated
Component should be declared in the Hardware section. Similarly, the Reagents section
should be updated when a reagent that used in xDL actions is not declared.

To supplement implicit actions, expertise in chemistry is required because it is necessary
to determine when stirring is required and how long the stirring should continue. For
example, it is difficult for non-experts to supplement implicit stirring actions after mixing

compounds because the stirring time depends on the specific compounds involved.

5.4 Summary

To curate organic synthesis procedures as structured data, we focused on the limitations
of the automated information extraction from the literature and proposed a framework for
reviewing the results of the extraction. The proposed user interface can visually support
human reviewers by highlighting original texts with the OSPAR format. In addition, to

improve the quality of the automated conversion, a method to show the generated xDL by
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our rule-based system and the GLLM-based CLAIRify was developed. In the experiment,
we confirmed the comparative advantage of our approach by showing the outputs of both
systems to the user. We also confirmed that our system obtained higher recall than

SynthReader.
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Text with the OSPAR annotation

ARG,

ENTITY REACTION_STEP /™~
2-(1-Hexynyl)benzamide (1).2 A 500-mL round-bottomed flask equipped with a Teflon coated magnetic stirring bar (3.8 x 0.9 cm)is  charged  successively with

R
R
R

ARG,
ARG
2 ENTITY) ENTITY) ENTITY

2-iodobenzar}lﬁte)(1?.8 g, 80 mmoT), PPh3 (419 mg, 1.60 mmol, 0.02 equi\?), Cul (152 mg, 0.80 anol, 0.01 equi\T), Pd(OAc)2 (180 mg, 0.80 mmol, 0.01 equiv),

ARG,

R

ARG,

ENTITY

NTITY] ENTITY]

W,N-dimethylformz;mide {DMiﬁzto mL, anhydrous), Et3N (120 mL), and 1-hexyne (12.0 mL, 104 mmol, 1.3 equiv).

s

xDL by OSPAR2XDL xDL by CLAIRify
<Procedure> <Procedure>

<Add vessel="reactor" <Add vessel="round_bottom_flask_500mL"
reagent="2-iodobenzamide" reagent="2-iodobenzamide"/>
mass="19.8 g" <Add vessel="round_bottom_flask_500mL"
amount="80 mmol" /> reagent="PPh3"/>

<Add vessel="reactor" <Add vessel="round_bottom_flask_500mL"
reagent="PPh3" reagent="Cul"/>
mass="0.419 g" <Add vessel="round_bottom_flask_500mL"
amount="1.60 mmol" /> reagent="Pd(OAc)2"/>

<Add vessel="reactor" <Add vessel="round_bottom_flask_500mL"
reagent="Cul" reagent="DMF"/>
mass="0.152 g" <Add vessel="round_bottom_flask_500mL"
amount="0.80 mmol" /> reagent="Et3N"/>

<Add vessel="reactor" <Add vessel="round_bottom_flask_500mL"
reagent="Pd(OAc)2" reagent="1-hexyne"/>
mass="0.18 g"
amount="0.80 mmol" /> </Procedure>

<Add vessel="reactor"
reagent="N,N-dimethylformamide DMF"
volume="40 mL" />

<Add vessel="reactor"
reagent="Et3N"
volume="120 mL" />

<Add vessel="reactor"
reagent="1-hexyne"
volume="12 mL"
amount="104 mmol" />

</Procedure>

Figure 5.7: An example for increased recall by systems other than CLAIRify when CLAIR-
ify did not extract parameters

*The procedure text is based on Okaya et al. [69], with revisions made through preprocessing in
the OSPAR corpus.
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Annotation by ChemBERT

ENTITY) ARGy ~REACTION_STEPF~

2-(1-Hexynyl)benzamide (1).2 A 500-mL round-bottomed flask equipped with a Teflon coated magnetic stirring bar (3.8 x 0.9 cm) is charg&l successively with

R

ARG,
ARG NIy ENTITY) ENTITY
2-iodobenzamide (19.8 g, 80 mmol), PPh3 (419 mg, 1.60 mmol, 0.02 equiv), Cul (152 mg, 0.80 mmol, 0.01 equiv), Pd(OAc)2 (180 mg, 0.80 mmol, 0.01 equiv),
ARG,

RG

ENTITY) ENTITY)
N,N-dimethylformamide (DMF, 40 mL, anhydrous), Et3N (120 mL), and 1-hexyne (12.0 mL, 104 mmol, 1.3 equiv).

Annotation by experts (OSPAR corpus)

R

* “REACTION_STEP ¥~
2-(1-Hexynyl)benzamide (1).2 A 500-mL round-bottomed flask equipped with a Teflon coated magnetic stirring bar (3.8 x 0.9 cm)is  charged  successively with
ARG,
— ARG, i
R
ARGy ENTITY) ENTITY) ENTITY) ENTITY

2-iodobenzamide (19.8 g, 80 mmol), PPh3 (419 mg, 1.60 mmol, 0.02 equiv), Cul (152 mg, 0.80 mmol, 0.01 equiv), Pd(OAc)2 (180 mg, 0.80 mmol, 0.01 equiv),

R

ARG,
ARG,

ENTITY) ENTITY)
N,N-dimethylformamide (DMF, 40 mL, anhydrous), Et3N (120 mL), and 1-hexyne (12.0 mL, 104 mmol, 1.3 equiv).

xDL from the annotation by experts

<Add vessel="reactor"
reagent="2-iodobenzamide"
mass="19.8 g"
amount="80 mmol" />
<Add vessel="reactor"
reagent="PPh3"
mass="0.419 g"
amount="1.60 mmol" />
<Add vessel="reactor"
reagent="Cul"
mass="0.152 g"
amount="0.80 mmol" />
<Add vessel="reactor"
reagent="Pd(OAc)2"
mass="0.18 g"
amount="0.80 mmol" />
<Add vessel="reactor"
reagent="N,N-dimethylformamide DMF"
volume="40 mL" />
<Add vessel="reactor"
reagent="Et3N"
volume="120 mL" />
<Add vessel="reactor"
reagent="1-hexyne"
volume="12 mL"
amount="104 mmol" />

Figure 5.8: Effect of modifying the annotation

*Red-colored text in xDL were not generated from the annotation by ChemBERT. The procedure
text is based on Okaya et al.,[69] with revisions made through preprocessing in the OSPAR corpus.






Chapter 6

Conclusions and future works

6.1 Conclusions

To curate organic synthesis procedures as structured data, we focused on the limitations
of the automated information extraction from the literature and proposed a framework
for reviewing the results of the extraction. We proposed the OSPAR format as the an-
notation format and constructed the OSPAR corpus to train ChemBERT models for the
automated annotation. The proposed user interface can visually support human reviewers
by highlighting original texts with the OSPAR format. In addition, to improve the quality
of the automated conversion, a method to show the generated yDL by our rule-based
system and the GLLM-based CLAIRify was developed. In the experiment, we confirmed
the comparative advantage of our approach by showing the outputs of both systems to

the user.

6.2 Future works

Expansion of the OSPAR corpus As discussed in Section 4.3.3 and Section 5.3.3, the
small size of the corpus posed several challenges for the annotation by ChemBERT. This
issue can be resolved if the users of our framework annotate the procedures in the OSPAR
format, as this will increase the amount of training data. Concurrently, the vocabulary of

the rolesets should be extended.

61



6.2 Future works

Development of rule-based conversion Our system was unable to handle cases in-
volving multiple vessels. Implementing anaphora resolution for compounds and vessels
could be a promising solution to address this issue. Another challenge is handling im-
plicit actions. We need to construct rules to capture implicit actions in future work. For

example, inserting StartStir after multiple Add actions would be considered.

Prompt for CLAIRIify

To improve the consistency of the output of CLAIRify, the description of DL has room
for improvement. For example, mass, amount or volume should be required to perform
organic synthesis, however, the current version of the description of yDL did not mention

it.
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Appendix A

Article selection

This section describes the details of article selection in Section “Data curation and pre-
processing.” First, we collected articles from annual volumes of Organic Syntheses [57] 81
(2005) to 97 (2020). Next, we selected articles that had a “Procedure” section, and we
used only the procedure of the first reaction of each article for the corpus. In addition, we
excluded procedures that have multiple boundaries of synthesis and work-up.

As we internally constructed a corpus for the extraction of chemical entities in the past,
we used the same articles in this work. Most articles in Organic Syntheses [57] have the
annotation of chemical names with CAS (Chemical Abstructs Service) number. In the
previous work, we limited the documents whose all chemical names were aligned with the
entries in Reaxys [44] for the preannotation of the corpus. We used Chemical Identifier
Resolver (CIR) [75] via CIRpy [76] to identify the CAS number of chemical names if there
was no CAS number in the article of Organic Syntheses.

Finally, we obtained 112 procedures as shown in Table A.1.
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2013, 90, 240
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2020, 97, 12
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2008, 85, 138
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2016, 93, 352
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