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Abstract

The scientific literature, which contains vast human knowledge, is rapidly ex-
panding, posing challenges in organising and retrieving information. The use of
big data techniques aids in uncovering patterns and making predictions and has
long been applied in chemistry and biology. While materials science has fallen be-
hind, a new discipline called Materials Informatics (MI) has emerged in recent years,
thanks to large collaborative projects such as the Material Project. MI is a disci-
pline that leverages computational power to accelerate research in Materials Science
by employing techniques like Density Functional Theory (DFT) computations and
Machine Learning (ML). Despite advances, the limited availability of experimental
datasets, such as SuperCon or the Pauling File, hinders progress. SuperCon is a
database for superconductor materials constructed manually by Japan’s National
Institute for Materials Science (NIMS). NIMS faces challenges updating SuperCon
manually due to high publication rates and scarcity of skilled labour force. Auto-
mated processes are needed to extract data from new publications promptly, and
manual curation, which is prone to errors, requires careful tools and feature selection.

In this dissertation, we propose an end-to-end pipeline for extracting material
information from the scientific literature to improve the efficiency and quality of ma-
terial databases. Our work aims to combine automated tasks and efficient tooling
to reduce the dependency on human intelligence to the minimum. The automatic
extraction pipeline processes scientific documents in PDF format and combines ML-
based models for recognising complex material-related expressions. Material ex-
pressions are further processed by a specialised "Material parser” that decomposes
granular information such as name, formulas, doping, shape, etc. The extraction of
properties and conditions (e.g., 3K, 24 GPa, 12 atm) is performed by exploiting a
general parser for extracting measurements of physical quantities: Grobid-quantities.
Grobid-quantities support the identification and normalisation of measurements to
the International System (SI) base units and allow the pipeline to support properties
and conditions from various domains flexibly. Furthermore, to obtain the necessary
high-quality training data for our ML-based processes, we developed SuperMat, a
dataset of 164 superconductor articles for evaluation and training. Superconductor
researchers constructed and validated the dataset and provided a structure contain-
ing annotated entities and relations. We demonstrate the efficacy of our pipeline by
processing a large set of scientific articles from the Arixv repository and collecting
a database with over 40000 extracted material-properties records. Finally, we pro-
posed a curation workflow to validate the extracted data by combining an enhanced
PDF viewer and a comprehensive interface. In general, using such a tool improved
the quality of the extracted data with an increased precision by 6% and recall by 47%



compared to the traditional manual approach of reading the plain PDF document
and writing the data in an Excel file. The models, dataset, and interface developed
in this work will help increase the automation and accuracy of the processing of
materials databases such as SuperCon from the scientific literature.
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Chapter 1

Introduction

Materials science is a multidisciplinary field at the intersection of physics, chemistry,
and engineering, dedicated to understanding, designing, and manipulating materi-
als for many real applications. Central to this discipline is the exploration of the
structure, properties, and performance of materials, ranging from metals and ce-
ramics to polymers and composites. By delving into the microscopic and atomic
scales, materials scientists seek to uncover the fundamental principles that govern
a material’s behaviour and tailor its properties to meet specific technological needs.
This field plays a critical role in advancing technology and innovation, as discoveries
in materials science often lead to the development of new materials with enhanced
functionalities, improved performance, and novel applications across industries.

Historically, breakthroughs in materials science often resulted from chance dis-
coveries and unexpected observations, a process driven by serendipity and relying on
trial and error. However, with the advent of advanced computational tools, machine
learning, and big data analytics, materials informatics (MI) has emerged as a trans-
formative methodology. MI is a multidisciplinary field that leverages computational
methods, data science, and informatics techniques to accelerate the discovery and
design of new materials, identify patterns, and predict material properties with un-
precedented accuracy. MI expedites the discovery of novel materials and enhances
our understanding of complex relationships between structure, composition, and
performance. This approach allows for more efficient and systematic exploration of
the vast material space, potentially leading to breakthroughs in electronics, energy,
healthcare, and beyond.

In comparison of MI with well-established fields like computational chemistry
and biology, we can discern the unique contributions of each discipline and the



collective progression towards harnessing computational power for transformative
advancements in science and technology. Computational chemistry is the earliest
among the three, with its roots tracing back to the mid-20th century. The devel-
opment of computational chemistry gained momentum with the advent of digital
computers, and it has evolved significantly over the decades. Computational chem-
istry involves the application of theoretical methods and simulations to study the
structure, properties, and behaviour of molecules, making it a well-established and
mature field. Computational biology, on the other hand, gained prominence later,
particularly with the explosion of biological data in the post-genomic era. The field
began to flourish in the late twentieth century and has since grown rapidly. Compu-
tational biology encompasses a broad range of techniques, including bioinformatics,
molecular dynamics simulations, and systems biology, to model and analyse biolog-
ical processes at various levels of complexity. Materials informatics is a more recent
entrant compared to computational chemistry and biology. Although the idea of
using informatics approaches for material discovery has been around for some time,
the field has gained significant traction over the past few decades, especially with
the rise of advanced computing capabilities and the availability of large material
databases.

Materials Informatics (MI) is founded on two key techniques: Density Functional
Theory (DFT) computations and a data-driven approach using Machine Learning
(ML). DFT computations, a core aspect of quantum mechanics simulations, delve
into a material’s electronic structure and properties at the atomic and molecular lev-
els, providing a precise understanding that complements experimental data. Con-
versely, the data-driven approach utilises ML algorithms, from regression models
to neural networks, to analyse extensive material datasets. These algorithms de-
code patterns and correlations, enabling researchers to predict the properties of
new materials or optimise existing ones. This combined approach, which integrates
quantum-level insights with data-driven predictive modelling, accelerates the ma-
terials discovery process, facilitating the efficient exploration of diverse materials
spaces.

Data-driven methods have significantly contributed to the design of new ma-
terials across various sub-domains, such as magneto-caloric, thermoelectrics, and
superconductor materials. Despite the impactful role of these methods, a notable
challenge lies in the limited availability of experimental datasets. Currently, the
primary sources of such datasets in inorganic materials are Pauling File [5], Star-
rydata [6], and SuperCon [7]. The use of these databases highlights the need to
broaden and diversify experimental data, improving the effectiveness and applica-
bility of data-driven approaches in materials design. The augmentation of these
datasets is crucial to advancing the field, promoting innovation, and expanding the
scope of materials discovery through data-driven methodologies. SuperCon is the



standard superconductor materials database developed and manually maintained by
Japan’s National Institute for Materials Science (NIMS) since 1987. It consists of
records of materials reported in scientific experiments and a large set of measured
properties.

A superconductor is a material that exhibits zero electrical resistance and ex-
pulses magnetic fields from its interior (Meissner effect) when cooled below a critical
temperature. This phenomenon, known as superconductivity, occurs in various ma-
terials, with many requiring extremely low temperatures, often close to absolute zero,
to manifest this unique behaviour. The critical temperature at which superconduc-
tivity emerges varies depending on the material. Superconductors have numerous
applications, notably in the field of electrical engineering. They are used to create
powerful electromagnets for applications such as magnetic resonance imaging (MRI)
machines, particle accelerators, and magnetic levitation systems. Superconductors
also play a crucial role in developing high-speed, energy-efficient power transmis-
sion lines since they can carry large currents without any loss. The potential for
quantum computing and more efficient electronic devices is another area where su-
perconductors are actively being explored, showcasing the interdisciplinary nature
of their applications in physics, materials science, and technology.

SuperCon hosts about 32,000 superconductor material records and a complex
schema with about 200 properties. The data available in SuperCon is both sparse
and heterogeneous. Some records include properties that are not directly relevant to
superconductivity, while others lack important properties that have not been consis-
tently gathered [3]. For example, the pressure applied to obtain superconductivity
was reported in only 16 records; however, its studies and experiments date back to
the 1970s, but it became more popular only at the beginning of the 21st century.
Nevertheless, SuperCon has been widely recognised for its quality and has been the
data source for many attempts to design models that can predict T, [9-11].

Using ML to predict T, has some criticality that needs to be considered. The
models have an intrinsic applicability domain, meaning predictions are limited to
the patterns and trends encountered in the training set. This can lead to significant
selection bias, making the models ineffective when applied to materials constituted
by different compounds (or belonging to different classes). The variety of training
data to be used should contain a relevant amount of non-superconductors materials
to avoid training a model biased toward the assumption that a T, always exists
and renders it ineffective when applied to new materials. The definition of non-
superconductivity is tricky: if no superconducting critical temperature has been
found, it does not mean one does not exist. It might be outside the range of current
technological instruments. This leads to a conundrum when delving into the data:
ignoring compounds with no reported T, and maybe disregarding a potentially im-



portant part of the dataset for the sake of simplicity. Simplifying too much could
lead to an incomplete understanding of the factors that determine superconductiv-
ity and limit the ability to predict T, accurately. Generally, in addition to these
considerations, several SuperCon-related works attempted to integrate complemen-
tary data from other datasets. However, at the time of writing, only [8] has aimed
to enhance SuperCon. They successfully enhanced 9150 records with crystal struc-
tures from experimental results stored in the Inorganic Crystal Structure Database
(ICSD). This recent work indicates that the SuperCon dataset continues to play a
pivotal role in the landscape of superconductor research.

1.1 Motivation

The number of publications in superconductor research remained stable in the last
10 years'. It is reasonable to expect that future breakthroughs in superconductor
research will be achieved through materials informatics, given its growing impor-
tance, and for that to happen, a necessary condition will be to have an updated
SuperCon.

Two main challenges that SuperCon is facing motivate our work. The manual
approach employed for compiling SuperCon is proving to be increasingly demanding
in keeping up with the influx of new publications on time. The reliance on manual
labour for dataset curation becomes a growing obstacle, as it demands specialised
skills that are not readily available in the market. As the field of superconductor
research evolves, the need for more efficient and scalable methods becomes appar-
ent. An automatic process is necessary to streamline and improve experimental data
collection in SuperCon. The outline of the process comprises the ingestion of com-
plete documents or text and the identification of materials and relative properties.
In a small-scale preliminary assessment, we analysed the problem, identified several
challenges to overcome, and proposed a data extraction framework [12].

The expressions that identify materials are complex and lengthy, and their iden-
tification in the scientific literature poses several challenges. Furthermore, the strict
definition of "material” cannot be expressed in a synthetic sentence valid for the
whole discipline. There are differences between subdomains in materials science
that make this process highly dependent on domain experts. A material may be
expressed in a multitude of partially overlapping definitions: as a single material, a
single sample, a family, or a class. Alternative approaches to naming exist, includ-
ing the use of commercial names or sample designations, often arbitrarily chosen

'analysed on arXiv statistics on cond-mat category https://info.arxiv.org/about/reports/
submission_category_by_year.html
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by researchers (Sample 1, Paris-sample, etc.). Chemical formulas can be presented
as stoichiometric expressions within these three categories, with possibilities such
as “Y-111" or “Ba(Fel-xCox)2As2”. Examples of standard names include Oxygen
or Magnesium Diboride, while some adopt abbreviated forms like Yttrium Barium
Copper Oxide (YBCO). These varied strategies provide a range of options for nomen-
clature within the domains of chemistry and materials science, while the conventional
method primarily involves the use of chemical formulas. A class of materials refers
to a broader category that shares certain fundamental characteristics or properties.
Materials in the same class might be characterised by common structural features,
electronic configurations, or other common characteristics that make them suitable
for investigation. A family usually implies a more specific grouping that shares a
closer genetic or compositional relationship. A set of materials with similar chem-
ical compositions, crystal structures, or electronic configurations. A sample is just
an arbitrary name chosen by the researchers that can overlap any of the previous
definitions.

To make matters more complicated, all these definitions are not strictly enforced
and may fluctuate from one laboratory to another. Authors may talk about "high-
T, cuprates”, referring to materials in the class of cuprates that also have high-T..
This fallacious definition does not clearly describe which materials are included:
"How high should T, be to be considered ’high’?”. The various interpretations that
words, terms, and symbols can have in different sub-domains can cause significant
confusion. For instance, the abbreviation "TC” or ”T.” can refer to either "Temper-
ature Curie” or "superconducting critical temperature”, depending on the specific
context. However, authors may utilise "T¢” (C uppercase) to indicate the critical
temperature of superconductors. When extracting text, this convention is essen-
tially the same as referring to "Temperature Curie.” Resolving this ambiguity is
only possible through careful examination of the context.

Manual curation remains a necessary component, but it does not guarantee
the complete elimination of errors. [3] identified more than 10000 duplicate records
within the SuperCon dataset, revealing instances where certain properties were in-
adequately populated. This underscores the inherent challenges and limitations
associated with relying solely on manual efforts for data curation, emphasising the
imperative to adopt more robust and automated strategies to enhance the accuracy
and comprehensiveness of the SuperCon dataset. There is a need for a curation-
centric user interface and tools that allow the reduction of the manual bottleneck to
a few minor actions, leaving the tedious tasks of identifying main data in scientific
publications to automatic processes.



1.2 Problem definition

NIMS encounters various difficulties updating SuperCon to incorporate the latest re-
search findings due to the growing number of publications every year and the scarcity
of a highly qualified workforce. Employing high-skilled and educated individuals
who have to work on a task that offers minimal rewards requires a large monetary
commitment. To expedite the extraction of information from scientific papers, it
is necessary to develop an automated process. Collaborating closely with domain
experts in the field is essential to address and overcome the potential pitfalls and
challenges that may arise, as they can offer validation and valuable guidance. Despite
the potential challenges arising from different work methodologies, this collaboration
allows sharing of best practices between people with different backgrounds, leading
to a comprehensive and unified solution.

1.3 Contributions

In the following section, we discuss the various contributions of this dissertation,
highlighting their main relevancy. We created a novel flow compared to other works
that support PDF documents as input data sources. This method enables us to es-
tablish a unified interface for all domains and publishers and the capability to retrieve
the full-text body (Section 1.3.1). Moreover, the scientific community widely adopts
the PDF format as the "de facto” standard for publishing research papers [13]. We
rely on ML for its resistance to noise and ability to generalise well on unseen exam-
ples. Nevertheless, due to the scarcity of high-quality training data (Section 1.3.2),
we constructed SuperMat (Section 1.3.2). SuperMat is a novel dataset of 164 arti-
cles containing annotations and relations between entities. SuperMat is a valuable
addition to the field of MI as it helps address the limited availability of structured
data sources. In the realm of materials science, the information extracted is mod-
elled as a triplet that contains material, properties, and conditions. Both properties
and conditions can be expressed as measurements of physical quantities that are
relatively uniform in most disciplines. However, while the conditions are constant
between domains, the properties are highly domain-dependent. As part of our con-
tributions, we co-developed with Patrice Lopez a separate module related to Grobid
based on ML to extract measurements of physical quantities (Section 1.3.3). We
then combined all of these techniques to perform a large-scale extraction from doc-
uments obtained by the ArXiv repository. The automatically extracted database,
SuperCon? (Section 1.3.4), is the main contribution of our work, presenting a novel
set of properties: ”applied pressure” and "measurement methods”. Domain experts
consider these properties promising complementary information to breakthroughs



in discovering new superconductor materials. The database obtained addresses a
critical requirement of NIMS to streamline the extraction of experimental data from
scientific documents. Finally, to improve the quality and reduce the impact of man-
ual curation, we developed a user interface that supports domain experts in data
curation with a set of advanced functionalities, which we demonstrate substantially
improve the quality of the curation output.

1.3.1 Extraction from the full-text body of PDF documents

Unlike other works [I4—16] that were predominantly based on web scraping or
through the publisher API, we designed a novel data flow for the extraction of
material-related information from PDF documents using an existing open-source li-
brary, Grobid (Generation of bibliographic data) [17]. While web scraping is rarely
allowed (it breaks the usage agreement) or is limited to public metadata informa-
tion (e.g., abstract, authors, title), API access is often hindered by the necessity
of agreements with publishers, making the gathered content difficult to share and
challenging to replicate. In both cases, each publisher carries its own limitations and
data formats and must be treated separately: mining data directly from PDF docu-
ments enables us to emancipate ourselves from the data source type. The increasing
abundance of open access literature [18] provides means to access large-scale sci-
entific literature (e.g., ArXiv (www.arxiv.org), ChemXiv (https://chemrxiv.org/),
NIMS Material Data Repository (MDR) [19] (https://mdr.nims.go.jp)). We can
then access all information from the scientific documents, including full-text body,
tables, and figures. Our work focuses only on text, leaving figures and tables to
separate projects. Accessing the body differs us from other approaches [20], which
are limited to short and synthetic abstracts. The body contains more information
that includes experimental results in related works. However, it is acknowledged
that abstracts, being synthetic and possessing a simpler structure, also play a role
in data extraction. This contribution is discussed in detail in Chapter 3.

1.3.2 ML-based extraction of materials-related expressions from
text

The scope of this work is to create databases of experimental data that are reported
in the scientific literature. The structure representing this information can be com-
plex and strongly depends on each subdomain’s characteristics and conventions.
However, we can define the basic data model for experimental data as consisting
of three main constructs: material expressions, properties, and conditions. Mate-
rial expressions are a relatively loose concept that strongly depends on the domain.
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On the other hand, properties and conditions can be decomposed into expressions of
measurements of physical units. This contribution comprises three main components
that are discussed in Sections 1.3.2, 1.3.3, and 1.3.2.

Identification of complex material sequences

The field of materials science encompasses various disciplines, including chemistry,
physics, and engineering. Material expressions within this field are typically lengthy
and intricate sequences of characters. Materials can be represented by chemical for-
mulas, which may include additional information such as the material’s shape (e.g.,
crystal, single crystal, wire) and doping details (e.g., 2% Zn-doped). The identi-
fication and extraction of these entities is extremely challenging. We use machine
learning (ML) techniques to implement the named entity recognition (NER) system.
This approach offers several advantages, such as context awareness, robustness to
noise, and better generalisation to unseen examples compared to rule-based meth-
ods. Additionally, we discuss the evaluation of three different architectures: Con-
ditional Random Fields (CRF) [21], Recurrent Neural Networks (RNN) based on
Bidirectional chains of LSTM units [22], and Bidirectional Encoder Representation
for Transformers (BERT) [23] models.

The novelty of our approach can be summarised in four main components. First,
the need for high-quality training data and the lack of resources in material infor-
matics was raised to construct a new dataset called SuperMat (Section 1.3.2) that
contains annotated documents from superconductor research. This contribution is
discussed in detail in Chapter 5. Second, we wanted to reduce the risk of entities with
low probability being overlooked. Our ML training strategy was designed to build
models that are geared toward recall rather than precision (Section 4.2). Third,
we train and evaluate three different architectures and select the best-performing
combination for each model. This flexibility is convenient since each architecture
has its strengths and weaknesses. Finally, we needed to extract a large set of entity
types; therefore, we devised a two-layer approach where the second layer was spe-
cialised to segment only the material entities (Section 1.3.2). The original text is
first processed, and the main entities are extracted: materials and classes, properties
(T.), and parametric conditions (applied pressure, measurement methods). Then,
the material entities are further processed by a specialised material parser, where
different modifiers such as doping, shape, substrate, chemical formula, and name are
identified. Additionally, we incorporate the use of characteristics consisting of text
patterns (such as uppercase and lowercase) and layout details (such as superscript,
subscript, bold, and italic) that are exclusively extracted from the PDF structure.



Construction of SuperMat: an annotated and linked dataset of supercon-
ductors research papers

One major limitation of the available MI resources is the scarcity of datasets that
combine materials, conditions, properties, and their relations. At present, there are
only a limited number of datasets that provide a high-quality unified approach for
machine learning models, taking into account the complex and inconsistent terminol-
ogy common in superconductor research. To address this limitation, we constructed
SuperMat, which also serves as the basis for defining a methodology which involves
iterative collection and correction of data as a collaborative effort with domain
experts. This work contributes to this effort by expanding the dataset for MI. Su-
perMat comprises, at the time of writing, 164 articles from superconductor research
annotated with 2-layers annotations: six types of top-level entities related by three
types of relations between entities, and a secondary layer where identified materials
are further decomposed in granular element (name, formula, doping, etc.). This
dataset has already been used for practical applications such as ML training [24],
Large Language Models (LLM) evaluation [25], and weighted clustering [26]. Chap-
ter 5 is centred on the methodology for creating the dataset due to its extensive and
intricate nature, which necessitated a detailed and comprehensive explanation.

Parsing and normalising materials sequences

The need to standardise material expressions arises because materials can contain
a combination of different types of information, such as chemical formulas, doping,
substrate, etc. For example, the expression “La x Fe 1-x O 7 (x=0, 0.1)” represents
a formula with substitutions, where x can take values of 0 or 0.1. Other examples
are the expressions “La-doped Fe O7” and “2% La-doped Fe O7”, which combine
the material with the presence or the amount of doping. It should be noted that
sometimes only the doping ratio is given, as in the case of “x = 0.1”. Related
tools such as text2chem [16] and PyMatGen [27] exist; however, they have a low
tolerance to noise that limits them to clean formulas. For example, these tools
would not correctly parse a non-stoichiometric formula such as “La x Fe 1-x O 7
(x=0, 0.1)”. We built a comprehensive "Material parser” that uses an ML model
to identify specific information such as formula, name, and doping. We combine
the sequence with text2chem and PyMatGen, as mentioned above. As a result,
our parser is tolerant of noisy input and can parse and convert intricate and long
material expressions to a clean, structured form. This contribution is discussed in
Chapter 4.



1.3.3 Extraction of properties and conditions as measurements of
physical quantities

Properties and conditions within the realm of science and engineering are often ex-
pressed through measurements of physical quantities. These measurements serve as
a universal language, providing a standardised way of conveying information about
various aspects of the physical world. Whether it is the length of an object, the
temperature of a substance, or the intensity of a force, these measurements encap-
sulate essential characteristics that form the basis for scientific understanding and
technological advancements. Measurement of physical quantities forms the back-
bone of scientific inquiry, fostering a collective language that transcends boundaries
and enabling collaborative efforts in the pursuit of knowledge and innovation. Em-
ploying a different array of tools for material-related expression identification and
property/conditions analysis enhances adaptability towards new requirements or
different sub-domains. Although measurements may seem like consolidated infor-
mation, their handling can be difficult. This is because measurement units are often
used in different ways across various disciplines. Additionally, different systems of
measurement units, such as using miles instead of meters or ATM instead of Pascal,
may be employed for human comprehension but can cause confusion for machines.
A well-known example highlighting this issue is the explosion of the Mars Climate
Orbiter, which occurred due to unit conversion errors. In this contribution, we
present Grobid-quantities, a Grobid module specialised in the identification, extrac-
tion, and standardisation of physical quantities and measurement. At the time of
development, Grobid-quantities was the first ML-based open-source project aiming
to cover multiple disciplines (from biology to materials science) and systems of units
(SI base, SI extended, imperial, etc.). This contribution is discussed in detail in
Chapter 6.

1.3.4 Large scale collection of experimental data from scientific lit-
erature: SuperCon? Database

The contributions discussed above are combined in a comprehensive extraction
pipeline called Grobid-superconductors. We demonstrated a significant advance in
data extraction efficiency and scalability by creating the SuperCon? Database, col-
lecting 40324 records in a few days, indicating a substantial increase in the amount
of data processed. The original SuperCon database, cultivated for two decades,
contained approximately 33000 elements. SuperCon? Database serves as an impor-
tant intermediate step in collecting experimental data related to superconductors,
bridging the gap between the original SuperCon database and the new data. The
tool’s effectiveness is evident not only in its ability to match the scope of the orig-
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inal database but also in its ability to surpass it by capturing detailed information
such as applied pressure and measurement methods. Once curated and validated,
the data within SuperCon? can seamlessly enhance the SuperCon database, leading
to continuous improvements in the accessibility and depth of the stored scientific
information. This contribution is detailed in Chapter 7.

1.3.5 Reducing the impact of manual curation

When using automatically collected data, training machine learning models or other
data-driven processes must be done carefully. Automated processes pose significant
risks due to the inherent potential for inaccuracies and errors. We have designed
a robust solution to address this need that features a staging area (”SuperCon?
Database”) that is accessed through a curation workflow with a user-friendly inter-
face. The interface offers functions to control the content of the database records,
triggering the state transition to the underlying workflow. Domain experts required
that the underlying data be organised so that any update is incrementally stored
and the history of changes in each record is accessible. Our system provides an
enhanced visualisation of the original PDF document, allowing users to inspect and
cross-reference the data efficiently. Furthermore, our solution incorporates ML capa-
bilities to improve the automated data collection process continuously. The system
accumulates training data based on corrections made during the validation process,
assuring relevant refinement of the underlying ML models. In this work, we exper-
imented and demonstrated that our workflow and interface can increase the recall
of curated information from 45% to 92% and the F1 score from 52% to 92%. The
experiments and the description of the curation interface are listed in Chapter 8.
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Chapter 2

Related work

This chapter is divided into different contributions and aspects of this research. The
chapter is organised from specific (text mining in materials science) to generic (NER,
machine learning) works.

2.1 Text and data mining in materials science

[11] propose a method to extract Curie and Néel temperatures from scientific pa-
pers. The authors initially considered using the original ChemDataExtractor for this
task. Nevertheless, they observed that the rule-based approach reduced precision
and recall due to the complexity of the scientific text. As a solution, they enhanced
ChemDataExtractor by incorporating a semi-supervised relationship extraction al-
gorithm. This algorithm learns a typical pattern using a modified version of the
snowball library. Typical patterns are stored and used to cluster new extracted
patterns by distance similarity. The authors claim they extracted 39822 records,
consisting of 11340 Néel and 28482 Curie temperature records.

[15] propose another work where they process 74000 web-scraped scientific jour-
nal articles and build a database of 20,400 magnetic and superconducting phase
transition temperature records and their associated chemical compound names. The
NLP pipeline operates as follows: text and tables from target journals were analysed
to identify material formulas and temperatures. Subsequently, the identified enti-
ties were standardised, temperatures converted to Kelvin, and specific rules resolved
doping issues.

SC-CoMIcs [20] describes a new corpus called SC-CoMIcs (SuperConductivity
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Corpus for Materials Informatics) tailored for the text mining of superconducting
materials. The corpus consists of 1000 manually annotated abstracts related to
superconductivity with seven named entity categories—characterisation, process,
property, material, element, doping, and value. The IAA (Inter Annotator Agree-
ment) was around 75-85%, similar to other materials science corpora. Experiments
using SciBERT for recognising named entities achieved a 77% F1 score comparable
to human agreement. The learning curves indicate that the corpus size is sufficient,
although some categories could benefit from more data. The corpus was used to
build a word search tool based on word vectors, demonstrating its utility for retriev-
ing relevant terms by category. This paper shows the potential of text mining to
extract critical information from the superconductivity literature. The corpus pro-
vides a valuable resource for developing more capable natural language processing
systems for material informatics.

After our work, [28] described a similar pipeline to extract superconductivity
information from abstracts from the scientific literature. It uses the SC-CoMIcs [20]
corpus of 1000 annotated abstracts on superconductivity to train NER and RE
models. The author reports that they extracted material compositions, transition
temperatures, doping information, and process details from 48,565 abstracts ob-
tained by querying the Elsevier Scopus API (Application Programming Interface)
for a total of more than 43,000 superconducting materials and 24,000 transition tem-
peratures. They follow a similar approach to our work; first, they extract entities
and find the relations. However, the abstract limits their extraction density, which
has only synthetic information. Considering their search query “supercond * AND tc
OR transition temp”, they obtain around one superconductor material per abstract.

There are several other works on TDM on experimental information from mate-
rials science; the most relevant are discussed in the following paragraphs.

[16] describes a text mining system to extract and segment synthesis recipes from
scientific articles. The articles are obtained through web scraping, and the synthesis
paragraphs are identified through classification. Subsequently, NER is implemented
using RNN (specifically, BidLSTM + CRF) in the identified paragraph. This helps
to identify the various components of the recipe, and the precursor, operation, and
synthesis conditions are extracted for a total of 19,488 solid-state synthesis reactions.
This work was limited to articles after 2000 due to the lack of available HTML/HTM
versions for older articles.

[29] proposes a text mining pipeline to extract metal-organic frameworks from
scientific papers. In this paper, the authors focus on two main properties, surface
area (SA) and pore volume (PV), mainly because they are the main properties re-
lated to the absorption properties of MOPs, are very commonly described in papers,
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and have a very distinctive signature such as the units used to measure the quantity.
The source data was obtained in HT'ML format, and after parsing, cleaning, and
tokenising the text, the tokens were classified into five types using lexicons from the
Cambridge structural databases. Moreover, they employ specific terms to recognise
appropriate units used unconventionally. Using a rule-based algorithm, the resulting
classified tokens were combined (the material was connected to the corresponding
attributes). On a sample dataset, the algorithm achieves 90% and 88.8% precision
in extracting surface area and pore volume data, respectively. When tested on a
larger dataset of 2315 MOF papers, the precision drops to 73.2% for surface area
and 85.1% for pore volume. Errors occur due to complex sentence structures and
incorrect identification of MOF names.

[30] introduces a nanoparticle-related dataset of 5,154 records extracted from
4.9 million materials science papers containing synthesis recipes and morphological
information. The authors successfully extracted 7,608 experimental and 12,519 char-
acterisation paragraphs with compounds, amounts, synthesis actions, sizes, shapes,
etc. Limitations include the inability to distinguish targets from other morphologies
and the lack of order information for seed-mediated syntheses.

[31] develop an automated approach to extract band-gap values and relate them
to chemical compounds in the titles and abstracts of articles. The authors extended
ChemDataExtractor with a new BandGapParser to identify band-gap information.
On a sample of 415 papers, the system achieved 51.32% correct, 36.62% partially,
and 12.04% incorrect extractions. Errors are due to incorrect extraction of chem-
ical entities, band-gap values, and referring entities to values. The approach was
applied to 11,939 articles, extracting 10,608 band gap values for 10,292 compounds.
The limitation of this study is the evaluation that was performed by reviewing the
extracted information rather than comparing it with the ground truth.

[32] presents ChemNLP, a natural language processing (NLP) library and web
application for analysing material chemistry text data. It uses the publicly available
arXiv dataset of 1.8 million scholarly articles collected over 34 years. The authors
analyse publication trends, author names, taxonomy categories, and word frequen-
cies in titles and abstracts. An interactive web application was built to search for
articles containing specific chemical elements and compounds. As a demonstration,
ChemNLP was applied to identify new superconducting materials by comparing the
arXiv data set with a DFT-based superconductor database. Machine learning tech-
niques such as TF-IDF vectors, t-SNE clustering, and classification algorithms were
used to categorise "cond-mat” arXiv articles with 80% accuracy. ChemNLP pro-
vides an open dataset and tools to apply NLP techniques to the materials science
literature for knowledge discovery.
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2.2 Machine Learning

Machine learning (ML) can extract valuable implicit knowledge from data [33], pro-
viding fresh insights into existing problems. The application of machine learning
(ML) in intricate fields like chemistry requires the use of reliable and accurate data.
However, it is essential to note that the results obtained from ML models may not
always be attributed solely to the domain knowledge incorporated, as there could
be other concealed factors within the data itself [33].

Conditional Random Fields (CRF) [21] have been widely used in various ML
tasks such as sequence labelling and NER [341]. CRFs have been particularly effec-
tive in situations where multiple annotator-embedded label sequences are available,
but there is no actual ground truth, as they provide a probabilistic approach to se-
quence labelling [31]. Furthermore, CRFs have been compared with other machine
learning models [35] such as Support Vector Machines (SVMs) [36] and Structured
Support Vector Machines (SSVMs) in tasks such as chemical entity recognition,
demonstrating their versatility and effectiveness [35,37,383].

The transition from CRFs to RNNs represents a shift from probabilistic graphical
models to deep learning architectures. While CRFs effectively capture dependencies
between input features and make predictions based on them, RNNs excel in captur-
ing temporal dependencies in sequential data due to their recurrent nature. This
transition is particularly relevant in tasks where the sequential nature of the data
is crucial, such as speech recognition and acoustic event detection [39,40]. The use
of recurrent neural networks (RNNs) has gained importance thanks to Long Short-
Term Memory (LSTM) [11] and Gated Recurrent Units (GRU) [12] for text process-
ing tasks: classification and recognition. [13—16] highlight the effectiveness of RNNs
in processing sequential data, showcasing their superiority over traditional methods
in natural language processing tasks. Furthermore, the combination of RNNs, par-
ticularly bidirectional LSTM recurrent neural networks (BidLSTM), with CRFs has
been explored for tasks such as word segmentation and morpheme segmentation,
highlighting the adaptability of RNNs in sequence labelling [17].

Particularly relevant is the work [22], which proposes a new neural architecture
for NER with an architecture based on a bidirectional set of LSTM chains. Bi-
directional indicates that the text is computed from left to right (forward LSTM)
and from right to left (backward LSTM). Such an architecture can incorporate infor-
mation usually captured by hand-crafted features or gazetteers. Such architecture
takes in input two types of word representation: character-based word representa-
tion, calculated from the supervised corpus, and unsupervised word representation,
learnt from unsupervised corpora. The unsupervised word representations discussed
were word2vec [18], but they can also be used for more recent ones: fastText [19],
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GloVe [50].

[71] proposes a novel deep contextualised word representation that addresses two
key aspects: a) capturing complex characteristics of word usage and b) incorporating
the polysemy of words within linguistic contexts. The proposed approach calculates
word representations based on the entire sequence. The network architecture consists
of two bidirectional LSTM layers with dimensions 4096 x 512. These layers work
in a complementary manner, with one predicting the next token from left to right
based on the preceding tokens and the other predicting from right to left. The study
also highlights several significant findings: a) instead of solely outputting the last
layer, averaging the weights from all layers with a coefficient improves performance
in downstream tasks, b) lower layers capture syntactic information while higher
layers capture context-dependent aspects (semantic), and c¢) incorporating ELMo
embeddings in both the input and output enhance tasks that utilise the attention
layer after the RNN, but does not provide benefits for other task types.

The transition from LSTM-based RNN to transformers marks a significant change
in natural language processing. The introduction of Bidirectional Encoder Repre-
sentations from Transformers (BERT) [23] revolutionised language representation
models by leveraging the power of transformers. Transformers, as proposed by [23],
replaced RNNs with self-attention, demonstrating the potential of this approach in
language processing tasks [52]. BERT, based on bidirectional transformers, offers a
simple yet robust architecture that allows efficient pre-training and fine-tuning with
minimal task-specific modifications, leading to state-of-the-art performance across
a wide range of language processing tasks such as question answering, language in-
ference, and named entity recognition [23,53]. The bidirectional nature of BERT
enables it to capture contextual information from both preceding and subsequent
words, which is crucial to understanding the meaning of a word in a given sen-
tence, thus outperforming traditional LSTM-based models [54,55]. Furthermore,
BERT’s ability to handle long-range dependencies and its superior performance in
sequence labelling tasks, such as NER and RE, has been demonstrated in various
studies [56-58]. Furthermore, the effectiveness of BERT in sentiment analysis, mis-
information check and text classification tasks has been highlighted, showcasing its
versatility and robustness in different NLP applications [59-61]. However, it is essen-
tial to note that while BERT has shown superiority in various language processing
tasks, there are instances where CNN and LSTM models also perform competi-
tively with BERT-based models [62,63]. In general, the advantages of BERT-based
architectures lie in their conceptual simplicity, empirical power, contextual under-
standing, and superior performance in diverse NLP tasks, making them a crucial
advance in NLP.

In the following sections, we first discuss all essential BERT-related work and
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then the BERT-flavoured transformers related to materials science.

2.3 Transformers

[23] introduce BERT (Bidirectional Encoder Representation Transformer). While
pre-trained language models have been discussed in previous work [(4] and can be
exploited in two main ways: feature-based or fine-tuning. BERT aims to improve
the fine-tuning approach and to solve the limitation of existing left-to-right language
models, where each token can attend only to previous tokens in the self-attention
layers [52] of the Transformers architecture. BERT introduces an MLM (Masked
Language Model) pre-training objective, where it randomly masks tokens in training
examples and tries to predict them using the full context. This enables using both
left and right contexts and pre-trains a fully Bidirectional Transformer. Using the
original transformer architecture [52], they define BERTpagg with L=12, H=768 and
A=12 (110M parameters) and BERT1argE as L=24, H=1024 and A=16 (340M pa-
rameters) with (L=layers, H=hidden layers, and A=attention heads). The authors
define the input as a sequence that can be a natural sentence, a paragraph, or a
pair of sentences. They used a special separator [CLS] to start the sequence and
convey the result of the final hidden state. For separating two sentences from a
pair, they encode the separator with [SEP] and provide sentence embedding, which
states whether a token belongs to sentence A or B. Each token is encoded using
position embeddings calculated using WordPiece using a dictionary of 30000 tokens
vocabulary. The sum of the vocabulary token, the sentence token, and the position
embeddings represent the input representation for each token. The authors defined
two training objectives: Masked LM (MLM) and Next-Sentence Prediction (NSP).
The MLM is prepared by substituting 15% of the token’s positions at random: 80%
of the time with [MASK], 10% of the time with a random token, and 10% of the time
do not substitute. The reason is to provide the model with enough randomness so
that the model does not always learn to replace the tokens with [MASK]. The NSP
aims to identify whether a sentence follows another sentence. This is justified by
the need to perform tasks such as answering questions in which relations between
sentences are determined. BERT outperforms the present architectures on most
NLP tasks and benchmarks such as GLUE, MNLI and SQUAD.

After BERT was released, a multitude of flavoured models were released. We
analyse the most important ones in the following paragraphs.

[65] reproduces the results obtained in BERT, revises the original architec-
ture and proposes RoOBERTa (Robust Optimised BERT Architecture). This revised
BERT implementation outperforms BERT on downstream tasks such as GLUE,
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RACE, and SQUAD benchmarks. The main modifications are summarised as fol-
lows. Instead of masking tokens statically only once during preprocessing when
the data are duplicated ten times, they apply different masking at each instance of
the same example. Dynamic masking helps for less than 1 point percentage. They
suggest that changing how the input data is prepared and removing the NSP loss
objective improves the performance. In particular, providing complete sentences
from the same or different documents without NSP matches the original imple-
mentation of providing a pair of segments with NSP. Furthermore, results are even
better when only sentences from the same documents are provided, and the NSP
is removed. NSP removal was discussed in recent work [(6]. Lastly, they propose
training for a longer time, and supplying more data can improve the results: the
original BERT was trained on 1M steps with a batch size of 250, while the RoBERTa
was trained for fewer steps, 31000 using a much larger batch size of 8000 examples.
This setting requires a more scalable approach because the required GPU memory
is more significant. With these changes, RoBERTa can outperform BERT on most
language understanding benchmarks such as SQUAD, GLUE, and RACE.

[67] propose a scientific version of BERT called SciBERT. SciBERT was trained
on a random sample of 1.4M articles from Semantic Scholar (data set was not pub-
lished): 18% from computer science and 82% from the biomedical domain. SciBERT
was evaluated against BERT and outperformed BERT. Unlike BioBERT [54], SciB-
ERT was trained using a different tokeniser (SentencePiece instead of WordPiece).
Most importantly, the tokeniser was re-trained from scratch using scientific text.
Another exciting aspect is that BioBERT was trained from a model initialised with
the weight from BERT, trained for a longer time, and on more data overall. How-
ever, the limited coverage of the BERT tokeniser on scientific data penalised the
performance on various downstream tasks.

[68] introduces a new approach in pre-training a BERT model in two flavours:
LinkERT and BioLinkBERT on the general text and biomedical text, respectively.
The authors introduce a novel approach which includes text from linked documents,
and an additional objective function is to classify the type of link. The pre-training
data is aggregated as follows: a) Each example is structured as a pair of text se-
quences as in the original BERT. b) The pairs are aggregated by randomly selecting
the second segment (when available) from the same or a related document. For the
LinkBERT, this only works for the Wikipedia corpus, exploiting the links between
Wikipedia pages. For BioLinkBERT, the authors select sequences from related doc-
uments in the citation graph. The authors replace the NSP objective with the DRP
(Document Relation Prediction), which aims to classify the relation type between
the two segments, giving three possible classes: contiguous, random, and linked.
Evaluation metrics calculated on QA (extractive question answering), GLUE and
SQUAD outperform BERT. BioLinkBERT outperforms PubMedBERT [(9] on most
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NLP tasks.

[69] pre-trained a biomedical-based model called PubMedBERT and evaluated it
using a newly assembled dataset called BLURB (Biomedical Language Understand-
ing & Reasoning Benchmark). The vocabulary was trained using a BPE (Byte-Pair
Encoding) approach with a length of 30522 and trained on text from PubMed ab-
stracts: 14 million abstracts, 3.2b words. The fact that they only used abstracts
could be a significant limitation on the type of information used in the pre-training.
They are the first to consider the concepts of ”in-domain” (in their case, biomedical
text) and “out-of-domain” (everything else). Their strong claim is that domain-
specific pre-training from scratch can be superior to mixed-domain pre-training,
which contrasts with [70]. From the perspective of vocabulary, it is demonstrated
by comparing scores from BioBERT [54] and SciBERT [67] that vocabulary speci-
ficity improves performance in tasks applied to scientific text.

[71] tested biomedical-trained BERT models on relation extraction in biomedical
data. They demonstrate that downstream tasks on overlapping data used in pre-
training bias the results for RE. In classification, they indicate that using only
the information in the "CLS” token can be improved by adding complementary
information from other layers.

[70] demonstrate that training with a multidisciplinary corpus gives better re-
sults than a transformer based on a domain-specific dataset. In addition, they also
found that larger models do not always perform better. However, these results
might be due to other issues they have introduced with their pre-training process.
Previous work by [66] has suggested a similar concept applied to translation tasks,
where including cross-training information and, in particular, the addition of data
in different languages not only boosts the performance in translation but also helps
the performance in non-translation tasks.

2.4 Materials science BERT-based pre-trained transform-
ers

This section analyses the pre-trained BERT-based transformers using materials sci-
ence text. We provide a comparison evaluation of all of these transformers as a
comparative measurement.

[72] propose a material-property extraction for polymers based on a fine-tuned
BERT model on 2.4 million abstracts. Their NER system achieves higher results
than other material-based pre-trained BERT models. Properties are connected to
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materials using a heuristic approach to find the closer entities. With their system,
they extracted more than 300000 records of polymers and properties from the 2.4
million abstracts. However, the article does not provide information on data con-
tamination between pre-training and evaluation: we do not know whether there is
any overlap between the evaluation datasets, PolymerAbstract [73] and the training
set of 768 abstracts. Moreover, whether their model can generalise properly is not
indicated, providing out-of-domain information of their evaluation dataset compared
with the training set.

[74] is another specialised set of specialised BERT models that focus on scien-
tific articles related to batteries. In this work, the authors experiment with different
approaches for fine-tuning, continuing a generic BERT training (batteryBERT), a
SciBERT training (batterySciBERT), or training from scratch a new model based
only on text from battery research (batteryOnlyBERT). The different vocabularies
provide the main differences, where batteryBERT and batterySciBERT are con-
strained by the original vocabulary. The batteryOnlyBERT vocabulary was trained
from scratch and could model the terminology used in the battery research articles
more accurately. In document classification, batterySciBERT obtained the highest
score. SQuad evaluation (extractive Q&A dataset) surprisingly showed better scores
with batteryBERT. This work demonstrated the importance of having a solid base
with general text and scientific information to provide a model that can generalise
and adapt to multiple situations where it could be used.

[75] proposes a two-stage deep learning framework for extracting chemical for-
mulas and applying a "Role labelling” in the chemical reaction description. Fol-
lowing a standard schema Extract-Link, they first extract all references to chemical
compounds and, subsequently, label each compound with its role in the reaction de-
scription. They introduce a chemical-focussing pre-trained BERT flavour followed
by a task-adaptive encoder (ChemRxnBERT) that provides a role labelling method.
The authors created a small dataset for fine-tuning chemical reaction annotations
composed of relevant paragraphs containing chemical reactions extracted from ar-
ticles in various chemistry journals. Role labelling was implemented in cascade by
providing the primary material between special tokens ([P], |
PJ), which are then linked to the other extracted entities. Since the sequence is shal-
low, it can link only one material with the rest of the reaction. Therefore, running
the process numerous times is needed if multiple products are present in the reaction
paragraph.
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2.5 Extraction of quantified properties and measure-
ments

NER of physical measurement has a fundamental application in scientific texts and
is relevant in other disciplines, including humanistic or social science.

Attempts have been made to extract measurements from text using many ap-
proaches. At the time of this contribution, we identified the following related work.

[76] built a tool for the extraction of quantities based on Apache UIMA (Unstruc-
tured Information Management Architecture) in combination with pattern matching
that circles a Finite-State Automata (FSA). The authors claim that UIMA and FSA
are faster and better suited to process a large quantity of text. Their work supports
multiple constructs: values, intervals, and enumerations. Units are normalised to
the International System of Standard (SI). Units are loaded from a configuration file
that includes the normalised format. In the same work, they also combine keyword
extraction and text segmentation, which are exciting challenges in the analysis of
patent text. The authors used Quantalyze!, a commercial tool designed to process
patents, for comparison. They reported that Quantlyze had limited unit support.

[77] propose a search engine called MQSearch. Their work proposes a rule-
based extractor for quantities and units that include the measured object. The
extractor models each measurement using the five-tuple (sign, number, error, sci-
entific notation, units), where only numbers and units are mandatory. The data
flow comprises four phases: preprocessing to mitigate noisy and incorrect character
extraction. Then, to recognise units, they expanded an ontology of units from the
OBO Foundry with additional information from external sources and defined one
associated rule for each unit. The ontology is exploited to recognise the measured
object. Quantities are extracted similarly with a set of regular expressions. The last
phase is post-processing, which is used to discard possible wrong or invalid values.
They also present a SoLR-based search engine that allows for a search using the
extracted units, values, and measured objects.

[78] built an extractor for patents using GATE (General Architecture for Text
Engineering). Although GATE provides plugins for machine learning, they imple-
mented their extraction using a lookup to a gazetteer and a database containing the
transformation rules between one unit and another. The gazetteer was built from
a set of units published by the GNU (Gnu’s not Unix) Foundation and comprises
30000 units. In addition, they also recognise references within the text and patent
information (e.g. patent number, country code). They built the annotation rules

Thttps://www.quantalyze.com/
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using the JAPE language, which is structured as a matching rule and action to
perform.

Although most works are based on English, some contributions focus on specific
languages: [79] investigated issues applied to Russian-derived languages (Russian and
Belarusian). The authors make a consistent analysis of the challenges of Russian-
derived languages. They proposed a solution based on finite-state automation with
350 graphs running on top of the NooJ? linguistic processor. Grammar covers three
of the six grammar constructs (genitive, accusative, and nominative). The evaluation
was carried out on a mixed corpus of 100,000 words and resulted in an F1 score of
82%.

[30] combine the use of an Ontological and Terminological Resource (OTR) with
the use of ML. The OTR is used as a reference and can be updated with new units
that are not extracted correctly or entirely. They aim to use a modified string-
matching function to extract measurements and units. Thus, the main problem
they try to solve is to reduce the search space using string-matching functions.
They proposed a two-step process. First, they use a classifier to determine whether
a sentence contains a unit. The classifier is built on a bag of words where the words
are counted using three methods. TF, TF/IDF and BM25. The model is then built
with three different algorithms, which are then compared: Naive Bayes [31], decision
three (J48), support vector machines (SVM) and Discriminative Multinominal Naive
Bayes (DMNB). In the second step, they match potential candidates in the OTR
and use the string function to select the item that is more likely to represent the
extracted one. Based on the similarity, they defined two thresholds that they can
consider as variants of an existing or new unit to enrich the OTR and improve future
recognition.

[32] describe another rule-based solution in which they outperform the respective
ML-based system. They aim to extract targeted information from laboratory test
results from diagnostic devices examined by the US Food and Drug Administration
(FDA). The authors developed a symbolic information extraction (SIE) system for
extracting four types of entities: analytes (substance considered), specimens (where
the analyte is measured), units of measure of the analyte, and detection limits of
the diagnostic device in the exam. The SIE is based on a combination of rules and
dictionaries. First, the candidates are extracted and then ranked to select the most
plausible ones from the set. The units of measures targeted in this work are only
a subset of all units and are specific to this particular subdomain in biology. They
evaluated their SIE against three probabilistic learning approaches: CRF, SVM, and
HMM. SIE outperforms ML-based models, except for the unit of measures where
the CRF obtained the best scores.

2https://nooj.univ-fcomte.fr/
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More related to materials science [33] proposes integrating relevant units of mea-
surement when composing a small data set (392 sentences) to develop nanocrystal
devices. The data set focuses on identifying several properties, including the prop-
erty value and common units in the domain. x This work also leverages ML using a
set of CRF engines, focussing only on a few entity types applied in a cascade.

[24] describes an integrated measurement extraction that focuses on the sci-
entific literature in earth science. They developed a novel method that extracts
context-related information from measurements. Instead of creating their measure-
ment extraction tool, they evaluated three reuse options. Quantalyze showed low
recall in both the extracted measurement and the measured object and had technical
limitations in integration, such as a lack of REST API. [78], discussed previously,
was discarded due to the need to maintain the rules. Therefore, they chose our
tool, Grobid-quantities, which had the advantage of requiring only labelled data
and providing acceptable precision, recall, and f-score results.

[85] extracts numeric laboratory test expressions from clinical trial eligibility
criteria texts. They encode information using the TimeML specification language
TimeML. The system presented Valx extracts: a) numeric values and units using
regular expressions, b) using a hybrid approach with a knowledge base, they extract
variables referred to as quantities. They cover different text representations (e.g.,
BMI, body mass index, etc.). Valx supports the association of multiple values to the
same variable. For example, ”40 and 60 years” associate both values with "years”.
Their tool supports normalisation to convert conventional units to international
units.

[36] describe an approach to formalisation of quantities and measurements that
aims at extracting information from free text and inferring complex reasoning that
includes the measured entities and their quantity. The authors introduce QVR
(Quantity Value Representation) with three constituents: Value (which includes
values and ranges), units (which characterise the value), and change (which indicates
whether there is a modification in the value, e.g. increases). The quantities are
extracted using a Semi-CRF and a bank of classifiers. [36] uses four types of features
that are calculated for each token (and a window including the three previous and
following tokens): a) classification using a lexicon to identify whether it appears as a
number, unit, etc., b) determining whether it contains a digit, all digits, etc., c) POS
(part of Speech). Units are extracted by assuming they are adjoined to the numeric
values. This work reserves a detailed discussion on the entailment of quantities.
Given a quantity value and a text, it is a 3-way decision problem: a) "entail” when
the quantity value is supported in the context, b) ”contradicts” when the context,
instead, does not support the quantity-value, the Q-V is different, c) no relation. The
Quantity entailment aims to clarify whether the context confirms units and if the way
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they are described can be equivalent (e.g. two couples, four people). The quantity
entailment is relevant for scientific text comprehension, especially for explaining
experimental results concisely and containing multiple relative comparisons within
the same paragraph, making it hard to understand.

The works of [87] and [$8] focused on tables.

[38] describes a comprehensive query system that uses previously extracted
quantities, units, and context to answer questions containing measurement condi-
tions. Their data model is described as triples of the form (entity, quantity, con-
text), where the context gives more information and proof to quantity and entity.
The triplet is computed offline in several steps: first, the quantity is extracted based

on [36], which we have described previously. Entities and quantities are referenced
using the Yago knowledge graph. Different columns are related to their previous
work [29], and the extracted data is used to create an index with conceptualised

quantities. This idea is particularly relevant to our Grobid-quantity work because
very few works currently use normalised quantities to search by values and intervals.

[37] assumes that the table columns are already identified and focus on cover-
ing unconventional unit names (e.g. LTS as Litres), considering that the columns
should have the same normalised unit. The authors evaluate and compare their
system (PUC) regarding currencies, data storage, length, mass, and volumes. For
example, Grobid-quantities do not support currencies well because they hardly ap-
pear in scientific papers. At the moment of writing, Grobid-quantities does not
support extraction from tables; however, since there is a plan to improve the table
recognition in the Grobid library, this future work could be implemented within the
same framework.
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Chapter 3

Extraction from the full-text
body of PDF documents

3.1 Introduction

PDF is a widely accepted format for sharing and presenting documents, as it ensures
that the layout and formatting of the document remain consistent across different de-
vices and operating systems. This is particularly important in scientific publications,
where complex figures, tables, and equations must be accurately represented. The
PDF format is designed for documents intended for printing, as they can embed fonts
and high-quality images, and scientific journals traditionally required high-resolution
print-ready files for publication. PDF files can be signed digitally, providing security
and authenticity for scientific publications. This is important to ensure the integrity
and trustworthiness of research findings, particularly in fields where reproducibility
and transparency are paramount. Although isolating trends in the Internet jungle is
challenging, PDF documents account for about 85% of the Common Crawl dataset’
and interest has been growing?. However, it is essential to note that while PDF
has been widely used in scientific publications, emerging trends and technologies
challenge its status as a ”de facto” format. For example, the rise of open-access
publishing has led to adopting HTML and XML formats for online articles, allowing
greater interactivity, accessibility, and searchability of scientific content. However,
those formats are penalised by the lack of standardised approaches, leading to a
jungle of flavours of the same original format (e.g., XML-JATS format is one of the
most widely used).

1|1ttps:’//(;()111111()11(‘1';1\\'[.;},1[ hub.io/cc-crawl-statistics/plots /mimetypes
Zhttps://trends.google.com /trends/explore?date=2000-01-01%202024-01-19&q=PDF
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3.2 Proposed approach

Given the critical role of PDF documents in disseminating scientific knowledge, sup-
porting them natively is a necessary step for building effective TDM processes. Our
approach uses the Grobid library (Generation of Bibliographic Data) [17], which
can parse and structure text from PDF documents, such as scientific publications
or patents. Grobid implements a set of pre-trained models supporting different
architectures, including Conditional Random Field (CRF) [21], Recurrent Neural
Networks [22], and transformer-based [23]. Other tools for document structuring,
such as Cermine [90] and ParsCit [91] have been outperformed by the Grobid perfor-
mances of its out-of-the-box models [92]. Grobid has been successfully extended to
support several domain-specific problems, for example, recognition of astronomical
entities [93], segmentation of dictionaries [94], software mention [95]. Among the
various open-source tools available, at the time of writing, it is still actively devel-
oped and used in several large-scale research repositories, such as Mendeley [96],
ResearchGate (https://rescarchgate.com), Scite.ai (https://www.scite.ai) [97].

Grobid offers several advantages. a) It does not require one to make multi-
ple agreements with different publishers to obtain source documents. A growing
number of open-access pre-print repositories offer a viable alternative for gathering
input data. b) PDF support in Grobid allows one to focus on processing a sin-
gle format instead of dealing with several XML flavours. c¢) It is integrated with
PDFAlto (https://github.com/kermitt2/pdfalto), a specialised tool for converting
PDF to XML, which mitigates extraction issues such as invalid character encoding
and incorrectly ordered text flow. PDFAlto supports the resolution of embedded
fonts and layout variants such as multi-column. d) The Grobid internal data model
LayoutTokens access information in PDF documents at a low level for each token:
style (italic, bold, superscript, and subscript), font (font type, font size), and coordi-
nates within the visual document. e) By parsing PDF format natively, Grobid gives
access to full text, figures, and tables and thus does not limit our work to public in-
formation such as abstracts. Finally, f) Grobid includes high-quality, out-of-the-box
pre-trained machine learning models.

This and the following contributions are combined in Grobid-superconductors, a
novel application of the Grobid library as a text mining pipeline for scientific publi-
cations in materials science. Our approach differs from other related works in several
aspects. 1) Instead of abstracts [28], we support extraction from full-text body. 2)
We are not required to reach an agreement with publishers [16]. 3) We focus on
processing a single format instead of dealing with several XML flavours [16] 4) We
avoid web scraping [15] and other processes that require addressing each website sep-
arately and may require regularly updating the harvester to follow potential website
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changes. 5) We use low-level layout details as attributes in our ML models that
handle intricate representations of materials. For instance, including superscripts or
subscripts (which may not always be present in XML-formatted documents provided
by publishers) can be intuitively advantageous in identifying chemical formulas.

3.2.1 Publisher’s agreement for source data

Obtaining scientific articles through publisher APIs (Application Programming In-
terface) or web scraping can be inconvenient for several reasons. Many publishers
control access to their API, demanding subscriptions or pay-per-view models, lim-
iting accessibility for those without institutional access or financial means. API
limitations, such as the number of requests allowed within a specific time frame, can
slow down data retrieval, especially with many articles. The lack of standardisation
in metadata and content formatting further complicates the extraction process. As
mentioned, each publisher provides its own ”"JATS-flavoured standard”, making it
challenging to create a standardised data set from multiple sources. However, web
scraping does not guarantee data format stability and may breach the publisher’s
terms of service, leading to legal and ethical complications. Open access resources,
including institutional repositories and pre-print servers, offer a wealth of scien-
tific literature at a reduced cost and in a consistent PDF format that represents
a convenient means to access and process articles from these sources due to their
accessibility and lack of legal constraints.

3.2.2 Abstract versus full-text

The scientific paper’s abstract, a concise summary located at the beginning of the
document, serves as a quick overview that summarises the research’s objectives,
methods, results, and conclusions in 150 to 250 words. Researchers frequently em-
ploy abstracts to assess the relevance of a paper to their work and for streamlined
database searches. In contrast, the full text of a scientific article delves into compre-
hensive details, spanning sections such as introduction, methodology, results, dis-
cussion, and conclusions. This exhaustive account is crucial for in-depth literature
reviews, detailed analysis of methods, data review, and evaluation of the validity
of the findings. Taking into account the perspective of TDM, both abstracts and
full-texts play distinct roles. Abstracts, due to their succinct nature, are suitable
for large-scale automated analyses, offering rapid insights into trends, topics, or key-
words across many papers. However, full texts are amenable to more in-depth TDM,
allowing for the detailed extraction of information and revealing nuanced relation-
ships between concepts, methodologies, and findings. Although previous studies [20)]
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have used abstracts, our research focuses on extracting complex information from
scientific documents using the entire full-text.

3.3 TDM pipeline

Our TDM pipeline is built as a Grobid module called Grobid-superconductors.
Grobid-superconductors is structured as a three-step process illustrated in Fig-
ure 3.1. The input is a PDF document converted to an internal model composed of
text passages, tokens, and features. Those three elements are then used to perform
Named Entities Recognition (NER), which are then linked by a Relation Extraction
(RE) process. The output is a structured object serialised in JSON format.

! Document y . .
Named Entities Relation Extraction :—I_|>
PDF Document structuring and Recognition (NER) (RE) QOutput

' preprocessing T
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Grobid library
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Figure 3.1: Processing pipeline for extracting superconductors materials and prop-
erties.

3.3.1 Document structuring and segmentation

The initial stage of our procedure involves using Grobid and PDFAlto to convert
the PDF document. This results in segmenting raw data into a basic structure
consisting of header, body, and annexes using the Segmentation ML model. These
three structures are then parsed by a second Grobid model Fulltext ML model that
identifies paragraphs, section heads, and references for body and annexes. We have
created a custom process that analyses the structure and generates an internal model
based on a list of text statements, tokens, and features. For example, the content of
the tables is excluded, but the table captions are retained. In the process, we can
also assign section and subsection information as the results of the Grobid first level:
header, body, and annexe, and the second level (paragraph, table or figure caption,
abstract, title) structures.

Header structures are parsed with the Header ML model to identify bibliographic
data. This aggregated version only includes information that is relevant to our TDM
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process. Our process selects a subset of bibliographic information from the header:
title, authors, DOI, publisher, journal, and year of publication, and we consolidate
them via Grobid to match the publisher’s quality (even by processing the “pre-print
version” of the publication).
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Figure 3.2: Grobid-superconductors extraction processes (bibliographic information,
superconductor entity extraction and sentence segmentation) within the Grobid cas-
cade data flow.

3.3.2 Sentence segmentation

An additional query concerning natural language processing (NLP) pertains to the
choice between employing sentence-based or paragraph-based text. While para-
graphs can be extracted as part of the PDF document’s layout, obtaining sentences
requires an additional step through a sentence segmenter. Sentences are typically
shorter, which offers advantages in processing with large DL models. During train-
ing, sentences use less memory and allow us to train models with a larger “batch
size”, which has been shown to improve efficiency and obtain better results [65].

We used sentence-based segmentation in Grobid-superconductors after perform-
ing small-scale preliminary experiments on our task. For the Named Entities Recog-
nition (NER) task, we trained and evaluated a sequence labelling model for each
approach (paragraph and sentence based) in four annotated documents (3/1 docu-
ment partition for training/evaluation) from SuperMat, a dataset that we built [1]
and is described in Chapter 5. As indicated in Table 3.1, the F1 score increased by
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Table 3.1: Results from cross-validation for sentence-based and paragraphs-based
text. Measurements are micro average. P: Precision, R: Recall, and F1: F1l-score.

Label P R F1

Paragraph-based 44.44 27.21 33.76
Sentence-based 48.41 50.00 51.70

17.94% points when using sentence-based text.

For the RE task, we found in a previous study [l2] that the sentence-based
approach would favour higher precision, while the paragraph-based approach would
result in greater recall.

Since Grobid supports partitioning documents into paragraphs, a sentence seg-
menter is necessary. The problem has been long investigated [98—104]; nonetheless,
there are still challenges in segmenting paragraphs from scientific text: reference
markers (also called reference callouts), formulas, and other constructs may contain
periods and mislead algorithms. Thanks to Grobid and the ability to recognise ref-
erence markers and formulas, we use the collected ones from the text as features to
improve paragraph segmentation in sentences: segmentation is aborted if the end
of a sentence falls within the boundaries of one of these markers. For example, a
sentence such as ”/[...[The evaluation from (2021, Foppiano et al.) offers a solid
validation for our method” containing a reference in the form “(2021, Foppiano et
al.)”. It may be mistakenly segmented in the middle token “[...] et al.”, and the new
sentence starts with “) offers [...]".

3.4 Conclusions

In conclusion, the application of innovative techniques, exemplified by Grobid, marks
a significant milestone in materials science. This effort represents a novelty for in-
tegrating such methods within the domain, showcasing the potential for transfor-
mative advancements. By sidestepping the complexities and expenses associated
with signing agreements with scientific publishers and the intricate landscape of
XML formats, this approach not only streamlines the dissemination process but
also liberates researchers from the often daunting challenges posed by conventional
publishing models.

In the evolving landscape of scientific dissemination, where alternative means
gain traction, it is noteworthy that the PDF format remains resilient as the ”de
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facto” standard. The decision to publish through open access aligns with the trend
toward greater accessibility and openness in scholarly communication. The increas-
ing availability of open-access articles further reinforces the utility and relevance
of Grobid, positioning it favourably as a valuable tool in the arsenal of researchers
seeking efficient and cost-effective methods for sharing scientific knowledge in the
materials science domain.

In this contribution, we introduced Grobid-superconductors, and we described
the component responsible for reading and structuring PDF documents, preparing
the data to be processed by our novel specialised models, which are discussed in
Chapters 4 and 6.

This contribution was published in the paper ”Automatic extraction of materials
and properties from scientific literature” [24].
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Chapter 4

ML-based extraction of
materials-related expressions
from text

4.1 Introduction

This chapter discusses the Grobid-superconductors component responsible for data
extraction through an intricate set of ML models encapsulated in data parsers for
extracting material-related entities from scientific text. Identifying named entities
in the field of materials science poses a formidable challenge, particularly due to the
intricate nature of material expressions that are composed of complex and extensive
sequences requiring meticulous attention. The definition of materials remains elu-
sive in this domain, lacking a clear-cut delineation (refer to Chapter 1). Moreover,
the boundaries within materials science are loose, subject to variations based on
specific subdomains, and researchers focus on distinct aspects or phenomena asso-
ciated with the materials. Material expressions exhibit significant variability within
superconductor research, incorporating various types of information within a single
sequence. This can range from the chemical formula and doping ratio (”Zn-doped”,
"2% Cu-doped”, for instance) to the shape of the material (e.g., single crystal, wire,
polycrystalline), as exemplified by expressions such as single crystal La x Fe 1
x 0 7 (with x = 0.1, and 0.2). Analysing non-stoichiometric formulas, in par-
ticular, presents a complex task, as these necessitate resolution with substitution
values scattered throughout the paper.

The complexity inherent in deciphering such material expressions has propelled
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our exploration into the realm of Machine Learning (ML) as a means to model these
intricate boundaries. ML has demonstrated its efficacy in various domains, including
bioinformatics and chemistry [105-107], often surpassing rule-based or lexicon-based
approaches by achieving a delicate balance between flexibility and simplicity. How-
ever, it is essential to acknowledge that the success of ML is contingent upon the
availability of data. This facet presents a notable challenge in material informatics
compared to other domains. This challenge, in turn, has led us to create a novel
dataset of annotated and linked text of scientific articles from superconductor re-
search. In Chapter 5, we list the characteristics at the time of writing (number
of articles, number of entities, etc.) and the methodology we used to construct it.
Moreover, the notation incorporates supplementary text formatting choices, such
as subscript and superscript, italic and bold. When these formatting options are
converted to text, they are usually standardised to a regular font size, resulting in
the omission of information. To tackle this problem, Grobid has been crucial in pre-
serving these data by utilising PDF layout information, as discussed in Chapter 3.
This approach improves the accuracy and comprehensiveness of our identification of
named entities in materials science.

We propose a novel solution that is organised as a two-stage process: initially,
the text that is selected from various structures extracted by Grobid (Chapter 3)
we pass them to a set of parsers that apply Named Entity Recognition (NER) and
extract significant entities. Next, the extracted entities are processed in pairs by a
relation extraction (RE) process, and results are collected.

4.2 Identification of complex materials sequences

The process of identifying complex material sequences is a recently developed method
that comprises four novel aspects.

4.2.1 High-quality training data

We have chosen to use machine learning for NER tasks due to the various advan-
tages we have previously outlined. Machine learning techniques are particularly
well-suited for extracting complex structures, although they require high-quality
training data. We encountered a scarcity of such data, prompting us to create a
new dataset. This project was an interdisciplinary collaboration between computer
scientists and materials scientists. Domain experts specialising in superconductor
materials provided guidance and technically validated the dataset. In Chapter 5 of
this manuscript, we provide a comprehensive description of the data model and a
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detailed account of the dataset construction process, which we refer to as SuperMat.
The primary objective of Chapter 5 is to shed light on the specific characteristics
of the domain, including the types of data, providing examples and discussing their
relationships.

4.2.2 Positive sampling

The SuperMat training data is prepared using a new strategy to improve the model’s
ability to identify entities with low probabilities, also known as "positive sampling”.
This approach prioritises recall over precision, aiming to capture as many entities
as possible, even if it means sacrificing precision scores. Although some unrelated
entities may be extracted, they are likely to be filtered out in the subsequent step of
RE, which was developed as rule-based and thus more conservative. This decision
is based on expecting the final result to undergo human validation. RE with a
high recall may negatively impact efficiency, as the humans validating the data
would need to spend significant time removing numerous incorrect records. On the
contrary, extracting a few high-precision records will require less time to be ready for
use. From a holistic perspective, the recall-precision bias will be balanced between
the two processes, as demonstrated in the end-to-end evaluation results, which will
be further discussed in Section 4.3.4. Positive sampling is applied by removing
examples that do not contain any entities (negative examples, Figure 4.2a). This
approach provided an improvement of 2% in both precision and recall compared to
the result without sampling. We tested additional sampling approaches, called active
and random sampling, that target highly imbalanced datasets [108]. We tested them
using ratios of negative examples of 0.1, 0.25, 0.5 and 1.0. However, they did not
provide stable evidence suggesting any improvement, considering that our dataset
was balanced.

4.2.3 ML architectures

To determine the most effective architecture for our task, we assess several tradi-
tional machine learning (ML) methods supported by Grobid through Wapiti [109]
and the DL library DeLFT [110]. The architectures we consider include the linear
CRF (CRF) [21], Bidirectional LSTM with CRF (BidLSTM_CRF) [22], Features
Bidirectional LSTM with CRF (BidLSTM_CRF_FEATURES) [22], and a fine-tuned
BERT-based transformer. For our specific task, we prefer to use the SciBERT [(7]
encoder with a CRF as the activation layer (SciBERT). Unlike BERT, SciBERT
has been trained on the scientific text and has demonstrated superior performance
in various NLP tasks, including sequence labelling, classification, and question an-
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swering [67]. It is worth noting that the CRF and BidLSTM_CRF_FEATURES
architectures utilise features summarised in Table 4.1.

4.2.4 Two-levels approach

To handle a diverse range of entity types, we must address the complexity of the
information structures. Since most entities are structured around material names, we
have implemented a two-level strategy to manage them effectively. In this approach,
after processing the text with the first level ML models in the ”Superconductor
parser” (Section 4.2.4), a dedicated ML-based "Material parser” for process the
material entities (Section 4.2.4). While previous studies such as [15, 16, 83] have
mainly focused on extracting formulas, we aim to extract a larger sequence and
then deal with material segmentation separately. By adopting this approach, we
can address the problems in separate instances, thus reducing their complexity. This
parser can handle noisy data and be applied to various fields (Section 4.2.4).

The schema illustrated in Figure 4.1 comprises three main components: the
“Superconductor parser”, the “Material parser” and the “Post-processing”.

Superconductor parser

The “superconductor parser” extracts first-level entities (Table 4.2) by aggregat-
ing the resulting entities from two ML models: “Superconductors ML model” and
“Quantities ML model”. The “Quantities ML model” is reused from a separate Gro-
bid module to extract measurements and physical quantities (Chapter 6) and is
limited in scope to target only entities of temperatures and pressures. Overlapping
entities of temperatures and pressures are merged, exact duplicates are removed, and
the largest entities (in terms of string length) are preserved. The “Superconductors
ML model” was trained with SuperMat (Chapter 5), whose schema is summarised
in Table 4.2.

Entities of type <material>, which may contain heterogeneous mixed infor-

mation, are passed to the “Material parser”, which aggregates ML and rule-based
methods.
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Figure 4.1: 2-level architecture for solving the NER task. The white rectangles
indicate the extracted information (described in Tables 4.2 and 4.3).
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Material parser

The Material parser is an expression of different approaches. First, the entity is
passed through a novel Material ML model to segment and identify its content
(Table 4.3). Then, different processes are applied depending on which information
is available:

o Formulas are decomposed into a structured composition. We identify each
element-stoichiometry pair (e.g., “O”: 7.0) using text2chem [16] and PyMat-
gen [27]; if only the material name is available, we lookup its formula (e.g.,
hydrogen to H),

o Using heuristics, we classify the formula by assigning multiple classes as they
are understood by superconductor researchers, for example, cuprate, oxides,
alloys, etc.

o Using the variables and values extracted, we substitute them into partial
formulas. For example, in La 4 Fe 2 A 1-x 0 7 (A=Mg,Co; x=0.1,0.2),
we substitute A and z using their parsed values, and applying permutations,
we obtain four resolved formulas: La 4 Fe 2 Mg 0.9 0 7, La 4 Fe 2 Mg
0.807,Lad4Fe2Co0.907andLa 4 Fe 2 Co 0.8 0 7.

4.2.5 Post-processing

Finally, after all entities are extracted, the post-processing aggregates different men-
tions of the same materials using the parsed formulas at the document-level. For
example, formula with partial substitutions such as La 2 Fe 1-x 0 7 (x = 0.1,
0.2) will be aggregated with materials like La 2 Fe 0.9 0 7 appearing in other
sections of the same document.

4.2.6 Extraction of relation from materials-related entities

Relation extraction (RE) links materials and their corresponding properties. We
explored different approaches, such as the use of dependency parsing [112-115] or
machine learning [116,117]. Unfortunately, these methods were developed or trained
using text from news articles, and their performances on scientific text were unsat-
isfactory. Another aspect is that our dataset was too small, in terms of the number
of relations, to train any of these ML methods successfully. In particular, working
with dependency parsers was extremely difficult due to their inability to districate in
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such complex writing. Compensating such poor performances resulted in the need
to write over-complicated rules.

We developed a rule-based algorithm that links together pairs of entities:

o material-tcValue: The link between a material and its corresponding T..
¢ tcValue-pressure: The link between T, and its related critical pressure.

¢ me_method-tcValue: The link between T, and its corresponding measure-
ment method.

Entities of type <tcValue> are pre-processed through a classifier that establishes
whether or not the temperatures refer to the superconductivity. This excludes tem-
peratures referring to irrelevant properties (e.g., annealing, transition, Curie) that
might be incorrectly extracted upstream. This rule-based classifier combines the
extracted entities of T, expressions (label <tc>) with a set of predefined standard
terms. If a temperature is not considered a T, it is excluded from the list of possible
linking candidates.

Two scenarios are considered. First, if entities to be linked in the sentence
are only two, they are linked automatically, else further rules are applied. If the
word “respectively” appears in the sentence, we apply “order-linking”. For example,
consider the following sentence:

P-or Ba-122 and Co-doped Ba-122 have lower T.’s of about 30 K and 24
K, respectively, which makes helium-free operation questionable.

It contains the word “respectively”, and by applying “order-linking”, P-or Ba122 is
assigned to 30 K and Co-doped Ba-122 to 24 K.

Suppose the word “respectively” does not appear in the sentence. In that case,
we apply “distance linking” by defining the distance measurement d as a value
calculated as the number of characters between the centroid of each entity, measured
in the number of characters. Entities surrounded by parentheses are expanded to
cover the "whole parentheses”, and their centroid is updated. As an example, in the
sentence

We tested two materials, MgB2 (Tc = 39 K) and FeSe (Tc = 16 K).

39 K is closer to FeSe (d=10) than to MgB2 (d=11). In this example, however,
both temperature entities would be expanded to their containing parenthesis (e.g.
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“39 K” to “(Tc = 39 K)”. In this case, the centre of the entity “39 K” is shifted to
the left, from the initial value of 38 to 35, and the distance from MgB2 is reduced
from d=11 to d=8. As a result, the MgB2 entity is correctly linked to “39 K.

Distance calculation is also adjusted with the addition of “penalties” by doubling
the calculated distance when specific keywords or punctuations (“,”, “”, “;”, “and”,
“but’, “while’, “whereas’, “which”, “although”) appear between two entities because
they represent a logical separation of predicates [I115]. In the above example, the
distance between 39 K and FeSe would be doubled (d=20), and the link would not

be made.

4.3 Results

4.3.1 Identification of materials-related entities from text
Experimental settings

We used SuperMat (Chapter 5) for training and evaluation. The holdout set evalu-
ation uses a fixed part of a dataset for validation. The dataset was divided into a
training set corresponding to 132 documents (76%) and a holdout set comprising 32
documents (24%).

Selection must be performed to reproduce the same distribution of entities from
the original dataset. We assembled the holdout set using stratified sampling and
adjusting manually, ensuring it had a similar ratio of examples, entities and unique
entities. The remaining was used as the training set (Figure 4.2a). Maintaining
the same rate for the distribution of entity types between the two sets was more
challenging. On average, we obtained approximately 15-18% labels of each type in
the holdout set (Figure 4.2b), except for the <material> label (23%).

We defined the “out-of-domain” ratio as the number of unique entities from
the holdout set that were not in the training set. The holdout set “out-of-domain”
ratio was, on average, around 72%, which challenges the model generalisation (every
100 entities in the holdout set, 72 were never seen before during training). Most
labels had an “out-of-domain” ratio above 50% (Figure 4.3); <material>, the most
important label, had the highest ratio (82%) while <me_method> and <pressure>
have the lowest (25% and 33%). The low ratio of <me method> can be explained by
their low entity variability (11.44%).
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Figure 4.2: Holdout/training set distribution for (a) general metrics and (b) entity
labels; entities and unique entities indicate the number of labelled entities with
and without value duplicates, respectively, and positive examples (+) and negative
examples (-) indicate the number of sentences with at least one entity and with no
entities, respectively.

71 in-domain M out-of-domain

<tc>
<class>
<material>
<me_method>
<tcValue>
<pressure>
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Figure 4.3: Holdout “out-of-domain” rates. The entities from the holdout set that
are also in the training set are “in-domain”, and the entities that are not in the
training set are “out-of-domain”.

Results

We evaluated each ML model by repeating the training and evaluation process five
times (except for the CRF architecture, which is entirely predictable). Although
the training and evaluation datasets are fixed, the way the training examples are
provided to the model is randomly shuffled at each step, adding some entropy to the
training, which is visible in the evaluation scores. The results are then averaged as
reported in Table 4.4.

SciBERT obtained the best results with an F1 of 77.03% and a recall of around
80.69% (Table 4.4). The features did not improve RNN models: BidLSTM_CRF and
BidLSTM_CRF_FEATURES resulted in the same F1 score. This result is a surprise
because features such as superscript/subscript were expected to be determinants for
recognising material sequences.
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The <pressure> label had the lowest performance scores in all architectures. We
believe that 274 training examples are not sufficiently large. Pressure expressions
depend on the context and the property they refer to, so in many occurrences, they
may refer to different types of pressure (e.g., annealing pressure). The label with the
highest score was <material>, with F1 values of 80.77% and 78.06% for SciBERT
and BidLSTM_CRF, respectively. In addition, <material> had the highest “out-
of-domain” ratio in the holdout set (greater than 75%, Figure 4.3) and the highest
“label variability” (the ratio between unique entities and total entities, about 42%),
which suggests that the model recognises correctly materials that have not been
“seen” during the training. On the other hand, the <me_method> label, which has
lower “label variability” (around 11%) and a low “out-of-domain” ratio, had an
F1 score of 66.56% with SciBERT and 65.92% with BidLSTM_CRF. For <tc>, the
CRF outperformed the other architectures (F1 score of 83.96%), especially SciBERT
(78.35%). This outcome can be explained by the extremely low variability (12.69%)
of entities labelled as <tc>.
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Figure 4.4: Examples taken from two sources [l,2] of results from three different
architectures: CRF, BIdLSTM_CRF and, SciBERT. The boxes annotating the text
represent the extracted entities (material are indicated in light blue, T, in green,
and T, expressions in yellow).

SciBERT shows good generalisation capacity for unseen examples or examples
appearing in different contexts. For example, in Figure 4.4a, only SciBERT correctly
extracts “above 100K”, while CRF misses it entirely and BidLSTM_CRF misses
“above”. In the training data, “above 100K” is not present, but “below 100K”
and “I00K” are present, and several other entities contain the token “above”, and
SciBERT can understand that the token “above” is relevant to the temperature. In a
second example (Figure 4.4b), only SciBERT can correctly extract “W-C nanowire”,
which is not contained in the SuperMat training data. Unfortunately, we cannot
check whether “above 100K” or “W-C nanowire” are also present in the dataset
used in the pre-train of SciBERT by their authors [67] because the data are not
available.
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4.3.2 Material parser segmentation model

We trained the Material ML model using the second layer annotation set from Super-
Mat comprising entities of type <material>. The resulting entities are segmented
into eight pieces of information illustrated in Table 4.3. We trained the same archi-
tecture in the same way as the “Superconductors ML model”.

Experimental settings

In this model, we created an independent holdout set because manual annotation is
performed on smaller chunks of text and requires less effort than annotating entire
sentences. We used material data extracted from a dataset of 500 documents (“500-
papers”) from three publishers: American Institute of Physics (AIP), American
Physical Society (APS) and Institute of Physics (IOP) [12].

(b)

@ <fabrication> I

<formula> ]

entities _ <shape> _
unique entities  p— <substrate> Jp—-—
examples || <names BN ™ holdout

variability I <variable> I

0% 25% 50% 75% 100% <value> I

<doping> |

0% 25% 50% 75% 100%

Figure 4.5: Holdout/training set for the Material ML model: (a) general metrics
and (b) entity labels.

The resulting holdout set has an average coverage greater than 25% (Figure 4.5)
and an average “outside the domain” ratio of 83.93% (Figure 4.6).

Results

SciBERT obtained the best results, with F1 at 84.15% (Table 4.9). The inclusion of
features in the BidLSTM_CRF architecture only improved the results by less than
1% (from 83.13 to 83.76%). The label <fabrication> did not perform well in any
architecture, most likely because it is too generic (Table 4.3), and the content is
too heterogeneous. Another label, <substrate> has only one-third of the training
examples of <fabrication> but obtained results that were three times higher with
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Figure 4.6: Holdout “out-of-domain” rates for the Material ML model. The entities
from the holdout set that are also in the training set are the in-domain, and the
entities that are not in the training set are the out-of-domain.

SciBERT, suggesting that <fabrication> should be split into separate and more
homogeneous labels.

4.3.3 RE evaluation

This rule-based linking was evaluated using the linked entities from SuperMat [4]

(Table 4.10) and is divided considering each link type. The F1 score for the material-tcValue
relation was about 80% with a precision of 88.40%. tcValue-pressure F1 score was

3% lower than material-tcValue considering much less data available (support was

118 compared with 726).

4.3.4 End to end evaluation

End-to-end evaluation (E2EE) measures the system’s capacity from the PDF doc-
uments until the final linked results. We limited the scope of the E2EE to the
triplet ‘material-T.-pressure’, which, at the moment, is the backbone upon which
the database is built. We performed the E2EE on the “500-papers” dataset where we
manually examined the resulting database as follows: 1) we marked invalid records
and 2) we identified the cause of failure from a predefined set of five error types
(Figure 4.7):

o From table: the extracted text is wrongly extracted from a table. Although
table content is ignored, the error rate from the Grobid library is still relevant
due to the lack of training data.

43



¢ Material-related NER: entities are either not, wrongly, or partially recog-
nised.

o Properties NER: quantity entities (pressure, temperature) are not cor-
rectly extracted. We measured this error separately to identify the failure
that could be shared with the Quantity ML model.

o T, classification: the temperature is wrongly classified as superconducting
T..

e RE: given the initial steps were performed correctly, the resulting entities
are not linked correctly.

i
H |
! Document - N !
= Named Entities Relation Extraction
PDF Document structuring land Recognition (NER) RE) ) Output
! preprocessing |
I
i |
_____________________________________________________________________________ !
,,,,,,,,,,,,,,,,,,,,,,,,,,,
Material- Properties —
Error type | From table related NER | ‘ NER T, classification | RE |

Figure 4.7: Error types in the context of the data flow.

The E2EE scores are summarised in Table 4.11. The recall is omitted from the
table because it is less relevant. However, we estimated that the recall is between
55% and 60%, considering a sample of articles. The precision score (micro average)
was 72.60% for all the subsections, although the precision of figure captions (59.28%)
and unknown subsections (57.14%) were lower than those of the other subsections
(> 70%). The ‘unknown‘ subsections indicate that the extracted text’s structure
was not well identified by Grobid, but it was nonetheless aggregated. The overall
score increases to 73% when excluding unknown subsections, 75.24% when excluding
figure captions, and 79.14% when excluding both. Excluding these two subsections
will not affect the amount of text because they account for less than 20% of the
total number of subsections.

The error types are summarised in Figure 4.8. The most common failures orig-
inate from T. classification (40%), RE (32%), and Material-related NER (20%).
The most common T, classification failures are incorrect recognition of 1) relative
values of T. (e.g., 1 K higher than material X); 2) values indicating the transi-
tion temperature width (A7.); 3) temperature values that are not T, for example,
material synthesis temperatures (7'), other critical transition temperatures that are
not superconducting (e.g., Tourie); and 4) values of temperature at which there is
no superconductivity (e.g., “at 70 K there is no superconductivity”). “RE errors”
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Figure 4.8: Error type distribution in the E2EE of the 500-papers dataset.

occur mainly when the text compares relative values of T, using materials as the
basis for comparison (e.g., “The Tc = 38 K is similar to the one of MgBy”). Finally,
“Material-related NER” issues mainly originate from: 1) implicit mention of the
base material when experimented using different “substrates” combination, and 2)
mismatches between <material> and <class> which, by definition, overlap (see the
SuperMat entities analysis in Section 5.5.3).

4.4 Conclusions

This work introduces our proposed method for automatically extracting material-
related expressions. This method is an essential component of our project, which
aims to create a database of experimental data sourced from scientific literature. We
introduced four novelties: a high-quality dataset, SuperMat. The data was prepared
using positive sampling, which increases recall in the output models. Each model
was trained and evaluated among several architectures, of which the best performing
were selected. Finally, we designed a 2-level process where a dedicated model parsed
the material entities. We applied this specialised process in an unexplored area,
where extracting information is challenging due to the intricate nature of the field
and the specific attributes of the entities involved.

The contribution described in this chapter has been published in the paper ”Au-
tomatic extraction of materials and properties from scientific literature” [241] and
partially (more details in Chapter 6) ”Automatic identification and normalisation of
physical quantities from scientific literature” [119].
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Table 4.2: Entities extracted by the superconductors parser.

Entity (tag)

Description

Material (<material>)

Class (<class>)

T, value (<tcValue>)

T, expressions (<tc>)

Measurement method
(<me_method>)

Applied pressure
(<pressure>)

Materials and samples names, formulas (in-
cluding non-stochiometric formulas), substitu-
tion variables of values and elements, shape,
doping, and substrate

Groups of materials having similar character-
istics or common strategic compounds that de-
fine their nature

The value of the superconductor critical tem-
perature

Expressions in the text that provides informa-
tion about the phenomenon of superconduc-
tivity related to a value, interval or variation
of T,

Technique used to measure or calculate the
presence of superconductivity

Applied pressure when superconductivity is
recorded

Table 4.3: Entities extracted by the material parser.

Entity (tag)

Description

Name (<name>)

Formula (<formula>)

Doping (<doping>)

Shape (<shape>)

Substitution variables
(<variable>)
Substitution values
(<value>)

Substrate
(<substrate>)

Fabrication
(<fabrication>)

The canonical name of a material (e.g., hydro-
gen, PCCO, carbon)

Chemical formula of the material (e.g.,
Pr1.869Ce0.131Cu0 4-, MgB2, La 2-x Sr x
Cul 4)

Doping ratio and doping materials that are ad-
joined to the material name (e.g., Zn-doped,
2% Zn-doped)

shape of the material (e.g. single crystal, poly-
crystalline, thin film, powder, film)

Variables that can be substituted in the for-
mula.

Values expressed in the doping.

Substrates as defined in the material name

Additional information that does not belong
to any of the previous tags (e.g., intercalated,
electron-doped)
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Table 4.5: Holdout/Training set distribution (%) between training and holdout sets
for the Superconductor ML model. Positive examples indicate the number of sen-
tences with at least one entity, and negative examples the number of sentences with
no entities.

training holdout % holdout/training

documents 132 32 24.24%
examples 16902 3905 23.10%
entities 15586 3112 19.97%
unique entities 6699 1372 20.48%
positive examples 8380 1776 21.19%
negative examples 8522 2129 24.98%

Table 4.6: Holdout/Training set distribution (%) between training and holdout sets
on different labels for the Superconductors ML model.

label training holdout % holdout/training
<tc> 3741 639 17.08%
<class> 1646 271 16.46%
<material> 6943 1649 23.75%
<me_method> 1883 355 18.85%
<tcValue> 1099 157 14.29%
<pressure> 274 41 14.96%

Table 4.7: Holdout/Training set distribution (%) training and holdout sets for the
Material ML model.

training holdout % holdout/training

examples 13648 5728 41.97%
entities 4512 2817 62.43%
unique entities 9268 3292 35.52%
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Table 4.8: Holdout/Training set distribution (%) training and holdout sets on dif-
ferent labels for the Material ML model.

label training holdout % holdout/training
<fabrication> 94 44 46.81%
<formula> 6301 2569 40.77%
<shape> 809 841 103.96%
<substrate> 32 148 462.50%
<name> 1930 949 49.17%
<variable> 1795 449 25.01%
<value> 1895 463 24.43%
<doping> 792 265 33.46%
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Table 4.10: Evaluation scores for the Linking. Support (Supp) indicates the number
of labels in the training data. Values in bold indicate the highest score. P: precision,

R: recall.

Relationship type

P R F1- Supp

material-tcValue
tcValue-pressure
me_method-tcValue

88.40 74.52 80.87 726
85.71 71.52 7798 118
62.28 65.74 63.96 151

Table 4.11: Summary of the E2EE evaluation scores. Support indicates the number

of labels in the training data.

Subsection Precision Support
Title 100 2
Abstract 80.32 61
Paragraph 75.2 623
Figure captions 59.28 140
Unknown 07.14 21
Micro avg. 72.60 847
Micro avg. (excl. figures) 75.24 707
Micro avg. (excl. unknown sections) 73.00 603
Micro avg. (excl. figures and unknown sections) 79.14 657
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Chapter 5

SuperMat: Construction of a
linked annotated dataset from
superconductors-related
publications

5.1 Introduction

In this contribution, we introduce SuperMat (Superconductor Materials), an anno-
tated corpus of linked data derived from scientific publications on superconductors,
which comprises 164 articles, 18698 entities, and 1524 links that are characterised
into two layers. The first layer contains six categories: the names, classes, and prop-
erties of materials; links to their respective superconducting critical temperature
(T.); and parametric conditions such as applied pressure or measurement methods.
The second layer is dedicated to material entities and contains eight classes: formula,
name, doping ratio, etc. The construction of SuperMat resulted from a fruitful col-
laboration between computer scientists and material scientists, and its high quality
is ensured through validation by domain experts. The quality of the annotation
guidelines was ensured by a satisfactory Inter Annotator Agreement (IAA) between
the different annotators. SuperMat includes the dataset, annotation guidelines, and
annotation support tools that use automatic suggestions to help minimise human
errors.
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5.2 Content acquisition

SuperMat originates from PDF documents of scientific articles related to supercon-
ductor research. The original documents were collected from the following sources:
(a) the Open Access (OA) version of peer-reviewed articles referenced in the Su-
perCon database records; (b) articles provided by domain experts containing suit-
able items and potential links of material names, T, values, measurement meth-
ods, and pressures; (c) articles from "condensed matter” category of arXiv (https:
/ /arxiv.org/archive/cond-mat) selected using the search terms of "superconductor”,
“critical temperature”, and "superconductivity”.

Pre-print versions of peer-reviewed articles were obtained using a bibliographic
data lookup service called biblio-glutton (https://github.com/kermitt2/biblio-glutton)
that aggregates data from various sources: the Crossref (https://www.crossref.
org/) bibliographic database, the unPaywall (http://unpaywall.org) service, the
PubMed Central repository (https://pubmed.ncbinlm.nih.gov/), and mappings to
other databases. We queried biblio-glutton using the bibliographic data of each
article referenced in Supercon and subsequently downloaded the pre-print article
associated with the retrieved record, if available. Although the published version
may differ from the pre-print version of a document, the differences measured by
comparing pre-print and peer-reviewed articles in biology [120] measured objective
differences to be around 5%

5.3 Preliminary annotation study

A preliminary annotation study was carried out to assess the effort required from
the annotators to reach an acceptable Inter Annotation Agreement (IAA >0.7) . We
annotated two randomly selected OA papers by using a preliminary version of the
guidelines with a limited tag-set of four labels: <material>, <tc> (expression de-
scribing the presence or absence of superconductivity), <tcValue> (value of T.), and
<doping> (amounts of substitution, such as stochiometric values, usually expressed
as functions of x or y). The process was iterated multiple times. Each iteration
ended with computing the TAA using Krippendorff’s alpha coefficient [121, 122],
while annotators discussed the disagreements and updated the guidelines.

Based on the results in Table 5.1, IAA reached a satisfactory level of around
0.9 after the third iteration. Although the average IAA reached 0.7 on three of the
four labels in the second iteration, the average agreement was unsatisfactory. When
analysing the disagreement, we noticed that the low score in the <doping> label was
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Table 5.1: Summary of the TAA for each annotation iteration.

Iteration # TAA TIAA by label

<material> 0.45
<tc> 0.56

1 0.45 <tcValue> 0.50
<doping> 0.21

<material> 0.75

<tc> 0.85

2 0.65 <tcValue> 0.85
<doping> 0.39

<material> 0.89

5 0.89 <tc> 0.91

<tcValue> 0.88
<doping> 0.94

caused by a heavy overlap with the <material> label, which required a more precise
definition in the guidelines.

Based on this preliminary study, the following changes were implemented. (a)
The label <doping> was merged under the <material> because, even with detailed
documentation, it was too difficult for humans to annotate them consistently. (b)
Three more labels were added: measurement methods and pressure (described as
parametric conditions in relation to T.) and class of materials.

5.4 Tag-set design

The tag set (also referred to as labels) represents the classes of entities and the type
of relations between them, which were designed to be extracted from the text. There
are two layers of tag sets: the first layer identifies entities in the text (Figure 5.1),
and the second layer defines the parts within material expressions that characterise
the different elements.

5.4.1 Top-level Entities

Entities (also referred to as Named Entities, mentions, or surface forms) are chunks
of texts that represent information of interest, as follows:
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me_method [class|
We report the resistivity measurements under pressure of two Fe-based superconductors

material
with a thick perovskite oxide layer, Sr2VFeAsO3 and Sr2ScFeP03. The

o mal erich
@ tc] materia-ie
superconducting transition temperature Tc of Sr2VFeAsO3 markedly increases with
| material-tc
material-tc E - tcValue

increasing pressure. Its onset value, which was T onset ¢ = 36.4 K at ambient pressure,

material-tc

tcValuet.
' “fc-pressure -

increasesto T onset ¢ = 46.0 Kat ~ 4 GPa , ensuring the potential of the "21113"

pressure [class|

materjal-tc

materlal-tc
system as a high-Tc material. However, the superconduc- tivity of Sr2ScFePQO3 is strongly

- material-tc -
material-ic ~ tcValue ‘tevaluel
tc-pressure

suppressed under pressure. The T onset cof ~ 16 Kdecreasesto~ 5K at~
«—ftc-pressure E

4 GPa , and the zero-resistance state is almost lost. We discuss the factor that
induces this contrasting pressure effect.

Figure 5.1: Example in the annotated corpus. Excerpt from © 2009 The Physical
Society of Japan (J. Phys. Soc. Jpn. 78, 123707)
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Class (tag: <class>) represents a group of materials defined by certain charac-
teristics. Superconducting materials can be classified according to different crite-
ria, such as composition and magnetic properties. Among publications collected
for this study, the domain experts identified three types of classes based on: (a)
the composition and crystal structure, (b) material phenomena (e.g. "I-type” and
"[I-type superconductivity”, "BCS superconductors”, "nematic”, and ”convention-
al/unconventional superconductivity”), and (c) high/low T. value (e.g. "high-tc”
superconductors).

In this work, we only considered the (a) classes, mainly because the material
composition and crystal structure do not change with time. For example, a cuprate
from 1998 is still called a cuprate today. In comparison, many material phenomena
used for (b) are not robust enough and can be biased by the viewpoint of the
author(s) or research group, or the measurement methods. Finally, the definition
of “high-tc” superconductors (c) is completely relative; i.e., with the progress of
research, materials once considered "high-tc” might not be so anymore.

Material (tag: <material>) identifies the name of one or more materials. This
label is used to collect the following types of information:

¢ Chemical formula indicating the material by its general or non-stochiometric
formula (e.g. LaFe;-407, WBy),

o Compositional name (e.g. magnesium diboride) or abbreviations (e.g. YBCO),

o The material’s shape (e.g. wire, powder, thin film) or form of material (e.g.
single /polycrystal),

o Modification by a dopant (Zn-doped, Si-doped) or by percentage of doping
(2%-doped). We also considered qualitative expressions such as overdoped,
lightly doped, and pure as valid information,

o Substrate information (e.g. grown on Mg0(100) film) when it was adjacent
to the material name or formula in the text,

o Additional information about the sample when it was adjacent to the mate-
rial name or formula in the text (e.g. as-grown, untwinned, single-layer).

Superconducting critical temperature (tag: <tc>) identifies expressions re-
lated to the phenomenon of superconductivity. Any temperature mentioned in the
text is not necessarily the T.. Rather, it could refer to the temperature for other pro-
cesses/events, such as annealing/sintering temperature, specific measurements, and
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structural changes. This label identifies the presence or absence of superconductivity
at a given temperature. In addition, modifiers of this information (increasing/de-
creasing T.) are also retained.

Superconducting critical temperature value (tag: <tcValue>) represents the
temperature at which the superconducting phenomenon occurs. It can be defined
by different experimental criteria, such as the onset, mid-point of resistivity drop,
or zero resistivity. This value also considers boundary conditions, such as the onset
of superconductivity and zero resistance.

Applied pressure (tag: <pressure>) indicates the applied pressure correspond-
ing to a measured T,.

Measurement method (tag: <me method>) indicates the method used to mea-
sure or calculate the presence of superconductivity. Here, we considered the fol-
lowing categories: resistivity, magnetic susceptibility, specific heat, and theoretical
calculations.

5.4.2 Level-2 entities

Extracted materials entities are then segmented according to the Level-2 tagset,
illustrated below. The examples are shown as text entities, without font variations
such as superscript or subscript.

Material name (tag: <name>) represent the canonical name of a material. Ex-
amples: PCCO, PCO, metal diboride, oxygen, carbon

Formula (tag: <formula>) identify the material as expressed from the chemical
formula. Examples: Pr1.869Ce0.131Cul 4-J, MgB2, La 2-x Sr x Cu0 4

Doping (tag: <doping>) identify the doping ratio and doping materials that are
adjoined to the material name. Examples: overdoped, underdoped, optimally
doped, bulk, pure, Zn-doped, Zn concentration, 1% Zn
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Shape (<shape>) Identify the shape of the material. Examples: single crystal,
polycrystalline, thin film, powder, films

Variables (<variable>) identify the variables that can be substituted in the for-
mula. Examples:

e La x Fe 1-x 0 7 with x < 3, variable: x
e RE x Fe 1-x 0 7 with RE=La,Fe, and 1 < x < 3, variable: x, RE

e La x Fe y 0 7 with x = 1,2,3, and 4 and y = 2,3,4, variable: x, y

Values (tag: <value>) identify the values expressed in the stoichiometric doping.
Examples:

e La x Fe 1-x 0 7 with x < 3, value: <3
e La x Fe 1-x 0 7 with 1 < x < 3, value: 1<, <3

e La x Fe 1-x 0 7 with x = 1,2,3, and 4, value: 1, 2, 3, and 4

Substrate : (tag: <substrate>) identify the substrates as defined in the material
name. Examples: PCCO films onto Pr 2 Cul 4 (PCO0)/SrTi0 3, substrate: Pr 2
Cu0 4 (PCO)/SrTi0 3

Fabrication (tag: <fabrication>) represents all the various information that
does not belong to any of the previous tags. Examples: cointercalated, intercalated,
synthesized by MBE method, electron-doped, hole-doped

5.4.3 Relations

The relations connect entities of materials or samples to their corresponding prop-
erties, conditions, and results. The connecting links are non-directional, and each
entity has no restrictions on the number of links. The relation types have been
introduced in Section 4.2.6.
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5.4.4 Annotation guidelines

Annotation guidelines include the principles and the rules that describe what con-
stitutes all desired information for the SuperMat dataset and how to annotate it.
They include detailed descriptions of the specific rules that have been defined for
each type of information to be annotated, with one or more definitions and exam-
ples illustrating what to annotate in different cases, exceptions, and references. We
used an online system to track the discussions and decisions when a question or a
comment was raised and provided a link to such issues in the respective description
or example. In addition, the guidelines include linking rules that provide informa-
tion on how to connect the entities in a relationship correctly. The guidelines were
built using a dynamic markup language (called RestructuredText) and stored in a
git (https://git-scm.com/) version control system repository. We deployed them as
HTML files via the web, which were updated automatically after each modification.
They can be accessed at https://supermat.readthedocs.io.

5.5 Annotation support tools

The task of annotating documents is tedious and requires both attention and sub-
ject knowledge from the annotators. Annotation support tools aim to maximise the
efficiency of annotators and minimise human mistakes. They comprise a web-based
collaborative annotation tool, automatic annotation suggestions, and automatic cor-
pus analysis.

5.5.1 Web-based collaborative annotation tool: INCEpTION

The annotation tool is the platform for creating, correcting and linking annotations.
After evaluating several tools, we selected INCEpTION [123,1241], a web-based multi-
user platform for machine-assisted rapid dataset annotation construction. INCEp-
TION provides supportive functionalities that include:

o Multi-layer annotation sheets allow different annotation schemas over the
same documents,

o Two annotation steps: annotation consists of manually correcting pre-imported
documents, while curation allows another user to validate the annotations
(Figure 5.5).
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¢ On-the-fly automatic suggestions based on active learning and string match-
ing (Figure 5.5),

¢ Bulk annotation corrections, and

» Being open-source (Apache 2.0 license), and under active development at the
time of this paper (https://inception-project.github.io/).

5.5.2 Annotation suggestions

Previous works have demonstrated that annotation suggestions improve the qual-
ity of the output [125—127]. We provide two types of annotation suggestions. (i)
Machine-based annotated data that were assigned to the documents before loading
into the annotation tool. Here, we use a machine learning (ML)-based system from
a previously implemented prototype [12] to support our tag-set. (ii). Active learning
recommendations provided by INCEpTION are assigned on the fly based on previ-
ous annotations. The active-learning recommendations are less precise since they
alm to increase the recall, and therefore they need to be explicitly accepted by the
annotator.

5.5.3 Automatic corpus analysis

Automatic corpus analysis is a set of scripts designed to run after the validation
step. These scripts automatically find inconsistencies in the links and entities while
extracting the statistics of the corpus. We calculated the inconsistencies by exam-
ining every annotated entity and computing the frequency of the same text being
annotated with different labels. The script outputs a summary table by visualising
each annotation value and its labels and frequencies. We visually inspected this ta-
ble because the reported inconsistencies can be either obvious mistakes (Table 5.4)
or arise from ambiguities (Table 5.3); therefore, their context should be verified.

Although the links are conceptually non-directed, we have defined a practical
convention to maintain consistency. For example, material-tcValue is always rep-
resented as a link between <tcValue> and <material> entities. The script also
computes the statistics (Table 5.2) for the number of entities (total, unique, by
class), the number of links (total, intra- and inter-paragraph, between paragraphs),
and other statistical information.
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Table 5.2: Statistical overview of the dataset. Level-2 entities are considered only
for materials Relations;s indicates the number of relations within the same sentence
(intra-sentence). Relationses indicate the number of relations from different para-
graphs (extra-sentence).

D " Files Paragraphs Sentences Tokens

OCUMEntS 64 2800 20807 1284569
Level-1 Entities Unique entities Labels
Entities 18698 8071 6

. Relations Relations;g Relationsgg

Relations 59, 985 539
Level-2 Examples Entities Unique entities Labels
Entities 9268 13648 4512 8

Table 5.3: Inconsistencies resulting from human mistakes.

Text Label 1 # Label 2 #

superconducting transition <material> 1 <tc> 61

NCCO <material> 14 <tc> 1

superconducting transition temperatures <material> 1 <tc> 11
occurrence of superconductivity <material> 1 <tc> 1

Table 5.4:

Inconsistencies resulting from the overlapping
<class> labels.

of <material> and

Text Label 1 # Label 2 #
LiFeAs <material> 89 <class> 1
Bi-2212 <material> 34 <class> 1

cobalt oxide <material> 89 <class> 1
RE-123 <material> 34 <class> 1
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5.6 Annotation process

The annotation workflow (Figure 5.2) was designed following the MATTER (Model,
Annotate, Train, Test, Evaluate, and Revise) schema [125] and other related work [129,
130]. The workflow is composed of five steps (Figure 5.2): data-preparation, correc-
tion, validation, testing and evaluation, revision. This workflow involves three main
actors: the automatic process, computer scientists, and the domain experts.

Data preparation

Review Annotation

Test and
evaluation
X ]

Validation

Domain experts
== Computer scientists
== Automatic process

Figure 5.2: Annotation workflow. Different colours illustrate the involvement of
each group at each step of the workflow.

The first step of the annotation process involves preparing the machine-based
annotated data from the source PDF documents. The PDF files are converted to an
XML-based format, and annotation is automatically applied, followed by four more
steps:

o Annotation: The human annotator can select a document and manually
add, remove, or modify each entity based on the rules defined in the guide-
lines. Once the annotation is complete, the document is marked "ready” for
validation.

o Validation by domain experts: Annotations from different users are validated
and merged into a final document (Figure 5.5). The domain expert (”cura-
tor”) can compare the different annotated versions, select the best annotation
combinations, or add new ones. This step ensures that the annotations are
cross-checked and domain experts validate the document.
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¢ Automatic consistency checks and statistical analysis: This step aims to dis-
cover obvious mistakes such as mislabelling or incorrect linking. A sequence
labelling model is trained and evaluated using 10-fold cross-validation. The
evaluation provides precision, recall, and f-score metrics for all the labels.
The resulting model produces machine-based annotated data in the follow-
ing iteration.

o Review: Retrospective analysis of the past iteration, where unclear cases are
discussed and documented in the annotation guidelines.

5.7 Data transformation

There are two processes of data transformation (Figure 5.3): (a) from the source
document (PDF) to the dataset format representation (XML-based), and (b) from
the dataset format representation to the annotation tool exchange formats (https://
inception-project.github.io/releases/0.16.1/docs/user-guide.html#sect_formats) and
vice-versa.

Source
documents
(PDF)
|
New documents
added to the dataset
Data automatically
l - -  pre-annotated
Training data | | Annotation tool
Inter . (XML-TEI) exchange format
Annotation / NN '
greemen % g _ Data corrected and \
N lidated by
ystem vai INCEpTION
training / domain-experts Annotation tool
evaluation

3\

(Automatic process) L
- R Data publication

Figure 5.3: Summary of the data transformation flows.

64


https://inception-project.github.io/releases/0.16.1/docs/user-guide.html#sect_formats
https://inception-project.github.io/releases/0.16.1/docs/user-guide.html#sect_formats

¢« PDF to XML-based: This step converts the PDF source document to
the dataset format representation in XML following the Text Encoding Ini-
tiative (TEI, https://tei-c.org/) format guidelines. Such transformation is
performed by Grobid as described in Chapter 3. The resulting structured
document is then encoded in XML as described below.

¢« XML to the annotation tool exchange formats: We transform our
XML-formatted data into an INCEpTIONS compatible import format, such
as the Webanno TSV 3.2 (https://inception-project.github.io/releases/0.17.
0/docs/user-guide. html#sect_formats_webannotsv3), and vice-versa using a
set of Python scripts. The Webanno TSV 3.2 format is an extension of
the CONLL (https://www.signll.org/conll/) format, with additions to the
header and column representation.

5.8 Data Record

The dataset is composed of 164 PDF documents. Although we used the pre-print
version of most of the articles to comply with copyright restrictions, the dataset can-
not be distributed and is not publicly available in our repository. The three leading
publishers represented in the corpus are the American Physical Society (APS), El-
sevier, and IOP Publishing (Figure 5.4a). Figure 5.4b illustrates the distribution by
publication date. We summarise SuperMat’s content in Table 5.2, with the statis-
tics of documents, entities, and links given separately. In particular, this dataset
contains 16052 (7166 unique) entities spread over six labels and 1398 links.

Each document is encoded according to the XML TEI guidelines, a rich for-
mat for document representation. We have carried out no specific customisation
to remain fully compliant with the general TEI schema. A TEI document has two
main parts: the header (within the <teiHeader> tags) containing all the document
metadata and the body (within the section delimited by the <text> tag). The
transformed data has the following structure:

<TEI xml:lang="en" xmlns="http://www.tei-c.org/ns/1.0">

<teiHeader>
<fileDesc>
<titleStmt>
<title>[...]</title>
</titleStmt>
<publicationStmt>

<publisher>[...]</publisher>
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Figure 5.4: Distribution of paper in the dataset by (a) publisher, and (b) year of
publication.
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</publicationStmt>
</fileDesc>
<encodingDesc/>
<abstract>
<p>[...1</p>
<ab type="keywords">[...]</ab>
</abstract>
<profileDesc>
</profileDesc>
</teiHeader>
<text>
<body>
<p>[...1</p>
<ab type="tableCaption"> [...] </ab>
<p> [...] </p>
<ab type="figureCaption"> [...] </ab>
</body>
</text>
</TEI>

We transformed the source documents into these TEI-compliant structures using
a simplified representation for specific content types. The general objective is to
flatten the content into a generic structure where priority is given to the annotations.
For instance, the keywords section, which groups together the key terms defined by
the author(s) of the paper, is encoded using the generic tag <ab type="keywords">
as free text instead of the dedicated <keywords> element that would typically be
part of the header. For both the abstract and the article body, the text is segmented
in paragraphs (by means of the <p> element). The text is annotated with the generic
<rs> (referencing string) element adorned with three attributes: @type (the entity
type), @corresp (to provide a link to another annotation such as from material
to T. ), and @xml:id (to uniquely identify the annotation for referencing or RE
purposes).

Because only the captions of tables and figures are retained from the original
source, a simplified encoding was defined by means of the <ab> element characterised
by a @type attribute; that is, <ab type="figureCaption"> for figure captions and
<ab type="tableCaption"> for table captions. Here is an example:

<p>
The electron-doped high-<rs type="tc">transition-
temperature</rs> (<rs type="tc">Tc</rs>) <rs
type="class">iron-based pnictide</rs>
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superconductor <rs type="material"
xml:id="m6">LaFeAsO1-xHx</rs> has a unique
phase diagram: Superconducting (SC) double domes are
sandwiched by antiferromagnetic phases at ambient
pressure and they turn into a single dome with
a maximum <rs type="tc">Tc</rs> that
<rs type="tcValue" xml:id="m7"
corresp="#m6,#9">exceeds 45K</rs>
at a pressure of <rs type="pressure"
corresp="#m7">3.0 GPa</rs>.
[...]

</p>

In the above snippet, the entities ”3.0 GPa”, ”exceed 45K” and “LaFeAsO1-
xHz” are linked together via the pairs @corresp, @xml:id. This schema supports
multiple annotations to any part of the document. For example, the entity exceed
45K has a second link with the corresponding identifier (7#9”) to an annotation
outside this paragraph.

5.9 Practical applications
The dataset was used in the following practical applications:

o Evaluation tasks: SuperMat has been used for evaluation of Large Language
Models (LLM) in mining experimental data. In particular, NER and RE
were tested and applied to the materials science literature [25]. The dataset
not being publicly available counted in a lower chance of being used for
pre-training the LLM.

e Automatic extraction: As discussed in Chapter 4, we used this dataset to
develop a system for information extraction for superconducting materials.

o Weighted clustering was implemented using SuperMat annotations to iden-
tify research papers that discuss specific information of interest in different
categories of superconducting materials. The annotations were used to bias
the clustering algorithm towards entity similarity to achieve a more targeted
clustering toward a specific type of information [20].
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5.10 Technical Validation

The following measures were employed to ensure the creation of a high-quality
dataset:

e Each document was revised and validated by domain experts,

e The workflow begins by assigning machine-based annotated data. This has
improved the annotation task over several aspects: time consumption, error
rate, and annotation agreement [125—127].

¢ On-the-fly automatic annotation recommendations, which provide fresh sug-
gestions based on online decisions made by the annotators.

e The annotators have rapid access to changes in the annotation guidelines.
o The discussions were documented and linked in the guidelines.

¢ Reviews are discussed and approved collaboratively between domain experts
and other annotators.

Table 5.5: Average IAA between the annotated and validated documents

Label Average

<material> 0.956
<me_method> 0.887
<pressure> 0.723
<class> 0.925
<tcValue> 0.863
<tc> 0.831

Micro avg. 0.911

These guidelines are a vital piece of this work since they contain knowledge
accumulated from these activities. However, measuring the completeness of the
guidelines is challenging. Assuming that the documents validated by domain experts
represent the ground truth, we conducted IAA analysis between different annotators
against the ground truth, using the Krippendorf’s Alpha metric [121]. Table 5.5
shows the average TAA which is satisfying with a value of approximately 0.9. The
highest score is obtained in the <material> entities, while the lowest one is obtained
in <pressure>, which appears less frequently in the papers. The disagreement
in <tcValue> can appear to be too low as compared with other labels such as
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<class>, which is, at first look, more ambiguous. We analysed the different cases

and identified three reasons why this happens. First, <tcValue> may depend heavily

on the context that requires more human attention, and it is therefore more prone

to errors. Second, our suggestions system is challenged in its ability to disambiguate

critical temperatures from other temperature data, leading to incorrect or invalid

suggestions. Finally, the presence of mathematical symbols (e.g. 777, 7<” and ”>")
» N

or other modifiers ("up to”, "exceeds”, etc.) before the <tcValue> could generate
small disagreements that accumulate in the average score.

Table 5.6: Calculated IAA for annotations produced by domain experts, non-domain
experts, and novices compared to the validated version. Annotations from domain
experts are cross validated.

Label Domain experts Non-domain experts Novices
<material> 0.969 0.950 0.924
<me method> 0.890 0.862 0.901
<pressure> 0.836 0.741 0.746

<class> 0.990 0.836 0.899
<tcValue> 0.895 0.734 0.841
<tc> 0.874 0.776 0.830

All labels 0.940 0.882 0.896
7# paragraphs 1066 1648 325

To more precisely isolate the impact of the guidelines, we grouped the IAA results
by level of domain experience. Table 5.6 displays the IAA between the validated
data and the data corrected by (a) domain experts (researchers who conduct super-
conducting development experiments), (b) non-domain-experts (researchers with no
experience with superconducting materials), and (c) novices (students in materi-
als science with limited domain experience). Obviously, the domain experts have
the highest agreement and the IAA value (around 0.95) is 0.06 higher on average
than that of non-domain experts. Thus, superconducting materials is a complex
domain that requires knowledge in materials science to produce high-quality data,
while crowdsourcing initiatives such as the Amazon Mechanical Turk might not work
well.

Furthermore, we measured the reliability of the guidelines by observing how
quickly novices could reach a satisfying agreement with the validation of the domain
experts, without any previous training on the guidelines. From Table 5.6, the novices
can attain high IAA results by only using the guidelines and our annotation support
tools. The average difference in agreement with domain experts (around 0.05) indi-
cates that the guidelines are precise and complete, and that the annotations tools
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offer sufficient support.

5.11 Data Availability

The references of the original papers and their bibliographical information, the an-
notation guidelines sources, and the developed code are available at the GitHub
repository https://github.com/lfoppiano/SuperMat. The guidelines are freely ac-
cessible at https://supermat.readthedocs.io. The data transformation scripts were
written in Python and can be run from the command line. They require Beautiful-
Soup (https://www.crummy.com/software/BeautifulSoup/), an open-source library
for parsing XML and HTML formats. The data analysis scripts were developed
as Jupyter notebooks (https://jupyter.org/), which can easily output results and
graphs in the browser. The open-source annotation tool is INCEpTION (https:
//inception-project.github.io/). The OA content was acquired using biblio-glutton
(https://www.github.com /kermitt2/biblio-glutton). We computed the TAA using
the Java library DkPro statistics (https://dkpro.github.io/dkpro-statistics/) [131].

Curation CURATION_USER: inception-test/JPS0731655-CC.supercor S e st e
Users [a]s]<] 5 B @O O L] 1 :l® W "CsOs206"
Note: dieb
dieb ——— T
Annotations from -———— . (e
other users are B | o—"— Hovering on annotations
pedro | marked with special | | New E-Pyrochlnrie_rtr)_g(rlggSupertonduct rCs0s206 displays informations and
colours = —— source
- — — Ec?—
— T materal ‘maletial @ cvalle
List of annotators that |— T 3 3 5 Y q A
marked their documents The discovery of a new B-pyrochlore oxide superconductor CsOs 2 O 6 with T c = 3.3 K isreported. It is
as “completed”. icValue|
2 g g
Save as the third superconductor in the family of B-pyrochlore oxides, following KOs 20 6 with T ¢ = 9.6 K and

© curation docum
my document

ent

Apply changes

icValue
IcValue

material

&

RbOs 2 0 6 with T ¢ = 6.3 K . The T ¢ of this series decreases with increasing the ionic radius of alkaline

metal ions, imposing negative chemical pressure upon the Os pyrochlore lattice. Pyrochlore oxides
constitute a large family of transition metal (TM) oxides like perovskites. 1) They have the general
chemical formulaA2B2070rA2B 2060, where Ais alarger cation and B is a smaller TM cation. The

v

first superconductor in the family of pyrochlore oxides was discovered in Cd 2 Re 2 07atTc= 1.0K.
2-4) Recently, we found another type of pyrochlore oxides with the general formula AB 2 O 6 called the

Figure 5.5: INCEpTION curation interface.
Society of Japan (J. Phys. Soc. Jpn. 73, 1655-1656)
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5.12 Conclusions

This chapter presents the process of creating an annotated linked dataset for scien-
tific publications on the development of superconductors. SuperMat aims to create
a reliable infrastructure for improving text and data mining processes in the field of
superconductor materials. We annotated 164 full-text articles using a two-layer set
of annotations. The first layer contains six categories: the names, classes, and prop-
erties of materials; links to their respective superconducting critical temperature
(T.); and parametric conditions such as applied pressure or measurement methods.
The second layer is dedicated to material entities and contains eight classes: for-
mula, name, doping ratio, etc. Experts in the field have validated the dataset, which
consists of 18698 top-layer entities, with 1524 links between materials, properties,
and conditions. This dataset is the building block for the contribution to material
extraction (Chapter 4) presented in this dissertation.

This contribution was published in the article ”SuperMat: Construction of a
linked annotated dataset from superconductors-related publications” [4].
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Chapter 6

Extraction of properties and
conditions as measurements of
physical quantities

6.1 Introduction

In our approach to extracting material properties and conditions, we have opted
for diverse components to accommodate the intricacies of different domains. For
instance, we delve into critical temperature (Tc), applied pressure, and other perti-
nent factors in handling superconductor articles. Similarly, we focus on properties
like coercivity and remanence when dealing with magnetic materials. This tailored
approach is essential to capture domain-specific nuances effectively. However, we
also recognise the necessity for a more generalised method alongside this specialised
handling. Here, we prioritise a generic approach centred on extracting properties
expressed through measurable physical quantities. This dual strategy ensures ver-
satility in our material analysis framework while maintaining precision in capturing
specific material behaviours across various domains.

For this task, we developed a Grobid module called Grobid-quantities that aims
to provide a general solution to extracting quantities and physical measurements
from the scientific literature. Grobid-quantities has been used in practical appli-
cations in other domains such as Earth observation data analysis [31] It combines
ML-based techniques and lexicon-based memory that aims to cover most of the ex-
isting units, unlike other work [76]. Most other approaches lack the generalisation
to an extensive corpus or deal mainly with specific languages. [78] addressed identi-
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fying the numeric properties of patents using GATE (General Architecture for Text
Engineering). [132] investigated issues applied to Russian-derived languages. [30] de-
scribed an attempt to recognise units by looking up terms from an ontology, using
ML combined with pattern matching and string metrics. At the time of develop-
ment, other ML-based approaches were limited to certain fields [¢3] or domain [32].
We incorporate a normalisation process to convert measurements to the base units
of the international system (SI), a crucial step in harmonising data from various
documents, disciplines and domains.

6.2 Proposed solution

The system accepts input in text or PDF files similar to the approach described in
Chapter 3. The extracted content is processed in three steps: (a) tokenisation, (b)
extraction and parsing of measurements, and (c) normalisation of quantities.

6.2.1 Data model

The data model (Figure 6.1) was based on the concept of Measurement, which links
an object or a substance with one or more quantities. We defined four Measurements
types: (a) atomic, in case of a single measurement (e.g., 10 grams). (b) interval (from
3 to 5 km) and (c) range (1004 mm) for continuous values, and (d) a list of discrete
values. A Quantity links the quantitative value and the unit.

Since data extracted from PDF documents unavoidably present irregular tokens
from incorrect UTF-8 encoding or missing fonts, we designed this model to allow
partial results. The Value and Unit entities allow three different representations
(Figure 6.1): Raw as appear in the input, Parsed unifies the value into the numeri-
cal expression, and the unit with its properties (system, type). Finally, Normalised
contains the transformed unit and values to the SI system. Value object supports
four types of representations: numeric (2, 1000), alphabetic (two, thousand), scien-
tific notation (3-10%), and time, which is also an expression of measurement. Units
objects are organised following the SI, which allows representing units as products
of simpler compounds (e.g. m/s to m - s7!) further decomposed as triples (prefix,
base and power).
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Measurement

QuantifiedObject
[ Substance

Raw

Parsed Parsed

Normalised

MNormalised

Figure 6.1: Schema of the data model, from the data parsing and normalisation
point of view.

6.2.2 Tokenisation

This process splits the input data into tokens. Grobid-quantities uses two-phase
tokenisation: (1) first, it splits by punctuation marks, then (2) each resulting token
is re-tokenised to separate adjacent digits and alphanumeric characters. Given the
example 25m”~2, first returns a list [26m, ~, 2] and then recursively divides 25m as
[25, m] resulting in [25, m, ~, 2].

6.2.3 Extraction

The tokens are passed through three ML models following the 2-level approach
(Section 4.2.4): first, the Quantities parser determines the appropriate unit and
value tags. The results are further processed by the respective Units and Values
parsers as illustrated in Figure 6.2.

Table 6.1 describes the labels predicted by Quantities parser. Note that to recon-
struct complex structured objects from the flat sequence generated by the engine,
additional labels are necessary (such as <unitLeft>, <unitRight>, for units).

Previous work presented extensive use of databases or ontologies. In our solution,
we used a similar approach. We created a list of units (in English, French, and
German) with their characteristics: system (SI base, SI derived, imperial, etc.) and
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Input The required ingot need to be from 20 kg to ensure ....
Ql;’aar;?::-cs The required ingot need to be from 20 kg to ensure ....
Identified 20 kg
quantity <other> <valueLeast> <unitRight> || <other>

-i:n'
Value parser 20 <number=> |
|
Y

. k <prefix=
Unit parser g <base>

Figure 6.2: The cascade approach of the applied parsers. The Quantities parser
recognises values and units passed to Values and Units parsers for further extraction.

Table 6.1: Labels description for the Quantities parser. The values referred to by
the label are highlighted in bold.

Label Description Example
<valueAtomic> wvalue of an atomic quantity 2 m
<valueLeast> least value in an interval from 2 m
<valueMost> max value in an interval up to 7 m
<valueBase> base value in a range 207 m
<valueRange> range value in a range 20E£7m
<valueList> list of quantities 2,3 and 10 m
<unitLeft> left-attached unit pH 2
<unitRight> right-attached unit 2m

<other> everything else -
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type (volume, length, etc.) and their representations: notations (m3, m~3), lemmas
(cubic meter, cubic metre) and inflexions (cubic meters, cubic metres). We made
this list available through the Unit Lexicon, which offers unit lookups by properties
(such as notation, lemma, and inflexion). A second gazetteer was created to allow
the transformation of alphabetic values into numeric ones (for example, 21 to 21).

Features in the Quantities model are generated from preceding and following
tokens, presence of capital, and digits. Orthogonal features are obtained through
the Unit Lexicon, like a Boolean indicating whether a token is a known unit. Typo-
graphical information (format, fonts, subscript and superscript) are ignored.

The Units parser works at the character level and uses the Unit Lexicon to
highlight known units or prefixes. The input tokens are parsed and transformed
into a product of triples (prefix, base, power) as shown in Table 6.2. For example,
Kg / mm?, corresponds to Kg-mm™2 and becomes [(K, g, 1), (m, m, -2)] asa
product of triples. We define ”simple units” as all the units that can be decomposed
in a single triplet and complex units when they are decomposed in multiple triplets.

Table 6.2: Labels description for the Units parser. In bold are highlighted specific
examples.

Label Description Example
<prefix> prefix of the unit km?
<base> unit base km?
<pow> unit power km?

<other>  everything else -

We then use the structured triples to fetch the corresponding information (sys-
tem, type) from the Unit Lexicon and attach them to the resulting object. This
implementation processes the unit characters in right-to-left order. Priority mod-
ifiers, such as parentheses, are ignored. They are generally not frequent in unit
expressions and require a more complex logic.

In parallel, the Values parser unifies the format of the identified values into
numerical formats. It supports four types: numeric, alphabetic, scientific notation,
and time expression (see Table 6.3). Different techniques are applied for each type:
alphabetic expressions are looked up in the word-to-number gazetteer, and scientific
notation is parsed and calculated mathematically. Time expressions are further
segmented using the Grobid built-in ”Date” model.
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Table 6.3: Labels description for the Values parser. In bold are highlighted specific
examples.

Label Description Example
<number> numeric value / coefficient 2.5-10°%
<alpha> alphabetic value twenty
<time> time expression in 1970-01-02
<base> base in scientific notation 2.5-10°

<pow> exponent in scientific notation 2.5-10°

<other>  everything else -

6.2.4 Normalisation

The measurements extracted are transformed to the base SI unit (grams to kg,
Celsius to Kelvin, etc.). We used an external Java library called Units of Mea-
surement [133], which provides a set of standard interfaces and implementations to
handle units and quantities safely. Manipulating measurements with transforma-
tions often leads to common errors due to wrong rounding and approximations.

6.3 Evaluation and results

We trained and evaluated our system’s models using a dataset based on 32 scien-
tific publications (English, Open Access (OA)) and three patents (with translation
in English, French, and German) randomly selected from different domains such as
medicine, robotics, astronomy, and physiology. Training data was generated auto-
matically and then corrected and cross-checked by three annotators. The dataset
was then divided into a training set (26 documents) and an evaluation set (9 docu-
ments). We used the holdout dataset partition to evaluate each model and produce
precision, recall, and f1 scores, as summarised in Tables 6.4, 6.5, and 6.6. As pre-
sented in Chapter 4, we report the results of the three architectures introduced in
Section 4.2.3: CRF, RNN (with and without layout features), and transformers,
fine-tuning a pre-trained SciBERT [67].

The best results of the Quantities ML, models were achieved by the SciBERT
model, for which we recorded an F1 micro-average of 85.14% with precision and
recall of 86.24% and 83.96%, respectively. SciBERT outperforms the CRF model by
8% F1-score. We confirmed the same observation reported in Chapter 4, that layout
orthogonal features do not contribute to helping the model to generalise better. In
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Table 6.4: Evaluation scores (%) of the Quantities ML model with holdout set.
Support (Supp) indicates the number of labels in the training data. Values in bold
indicate the highest score. P: precision, R: recall. Deep learning results are averaged
over five independent runs of training and evaluation.

BidLSTM_CRF

Label CRF BidLSTM_CRF FEATURES SciBERT Supp
P R F1 P R F1 P R F1 P R F1
<unitLeft> 88.74  83.19 85.87  88.56 92.07 90.28 8891 92.20 90.53 93.99 90.30 92.11 464
<unitRight> 30.77 30.77 30.77 2475 30.77 2742 21.73 30.77 2541 21.84 36.92 27.44 13
<valueAtomic> 7629  78.66 77.46 78.14 86.06 81.90 7821 86.20 82.01 84.50 88.19 86.31 581
<valueBase> 84.62  62.86 72.13 83.51 94.86 88.61 83.36 97.14 89.72 100.00 90.86 95.20 35
<valueLeast> 77.68  69.05 73.11 82.14 60.63 69.67 80.73 60.63 69.12 81.09 71.59 76.04 126
<valueList> 45.45  18.87  26.67  62.15 10.19 17.34 73.33 868 1533 64.12 43.78 51.64 53
<valueMost> 71.62  54.64 61.99 77.64 68.25 72.61 77.25 70.31 73.58 81.52 67.42 73.71 97
<valueRange> 100.00 97.14 98,55 96.72 100.00 98.32 94.05 98.86 96.38  99.39 91.43  95.24 35

All (micro avg.) 80.08 75 77.45 81.81 81.73 81.76  81.76 81.94 81.85 86.24 83.96 85.08

general, SciBERT performs better than any other model in most labels. The CRF
model better recognises only the label <valueRange>. The support information also
suggests that <list> and <unitRight> require more training examples.

Unit expressions are generally short (1-3 characters) and have lower variability,
meaning each label tends to have more duplicates than in the training datasets of
other models. For example, the expressions 1% and 2% have two different values
(1, 2) and the same unit (%), which would appear twice. For this reason, we eval-
uated the unit ML model with a dataset of 2000 annotated units called UniSCor
(Units Segmentation Corpus) [131]. After annotating each unit following the schema
discussed in Table 6.2, the resulting corpus contains approximately 700 simple and
1300 complex units. As illustrated in Table 6.5) the overall scores for the Units ML
model are lower because the evaluation corpus is larger than the training corpus and
contains a substantial percentage of complex units, while in the training dataset, the
complex units are less frequent. Table 6.5 shows that features impact positively, and
both architectures using them (BidLSTM_CRF_FEATURES and the CRF) obtain
the best scores.

Table 6.5: Evaluation scores (%) of the Units ML model with holdout set. Support
(Supp) indicates the number of labels in the training data. Values in bold indicate
the highest score. P: precision, R: recall.

BidLSTM_CRF

Label CRF BidLSTM_CRF FEATURES SciBERT Supp
P R FL | P R F1| P R F1L | P R F1

<base> 80.57 82.34 81.45 | 56.01 50.34 53.02 | 59.98 56.33 58.09 | 61.41 57.08 59.16 3228

<pow> 72.65 74.45 73.54 | 93.70 62.38 74.88 | 93.71 68.40 78.94 | 91.24 64.60 75.60 1773

<prefix> 93.8 84.69 89.02 | 80.31 85.25 82.54 | 83.21 83.58 83.35 | 82.10 85.30 83.62 1287

All (micro avg) 80.73 80.6  80.66 | 70.19 60.88 65.20 | 73.03 65.31 68.94 | 73.02 64.97 68.76

Table 6.6 shows the Value ML model scores. SciBERT outperforms the other
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architectures in almost all labels with an average F1 score of 99.23%. Average
precision and recall are 99.13% and 99.33%, respectively. We noticed that both
<base>, <pow> and <time> have lower fl-score. While <base> and <pow> require
more training data, <time> expressions may overlap with <number> suggesting more
contextual information should be introduced.

Table 6.6: Evaluation scores (%) of the Values ML model with holdout set. Support
(Supp) indicates the number of labels in the training data. Values in bold indicate
the highest score. P: precision, R: recall.

BidLSTM_CRF

Label CRF BidLSTM_CRF FRATURES SciBERT Supp
P R FL | P R FL| P R F1L| P R F1 |
<alpha> 98.06 96.03 92.02 97.67 99.53 98.58 | 97.82 99.53 98.66 | 98.59 99.53 99.05 126
<base> 99.91 9231  96.00 | 96.92 9231 94.52 | 96.92 9385 9532 | 90.40 98.46  92.88 13
<number> 9750  99.88  98.36 | 99.24 9934 9920 | 99.21 99.38 9930 | 99.48  99.31  99.40 | 811
<pou> 100.00 100.00 100.00 | 92.92 92.31 9247 | 90.28 93.85 91.90 | 100.00 100.00 100.00 | 13

All (micro avg) 9579 99.27 9750 | 98.90 99.17 99.03 | 98.86 99.25 99.05 | 99.13  99.33  99.23 |

6.4 Conclusions

Our approach to property and conditions extraction emerges as a comprehensive
strategy to address the diverse intricacies across different domains. The development
of Grobid-quantities underscores our commitment to providing a versatile solution
for extracting properties in a flexible way across diverse materials science domains.
Our combined approach balances specificity and adaptability, enabling us to nav-
igate the complexities of diverse domains while maintaining a robust foundation.
As we continue to refine and enhance our methodologies, we anticipate further ad-
vancements in our ability to extract, analyse, and interpret material properties, thus
contributing to the broader scientific understanding and application of materials sci-
ence principles.

This contribution was published in the paper ”Automatic identification and nor-
malisation of physical quantities from scientific literature” [119].
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Chapter 7

Large scale collection of
experimental data from
scientific literature: SuperCon?
Database

7.1 Introduction

This Chapter presents the database we constructed through an automatic process
that leverages the work presented in this dissertation. This is the main contribution
of our work: SuperCon? Database. We processed 37770 research articles in PDF for-
mat belonging to the category cond-mat.supr-cond in ArXiv'. We obtained 40324
records of superconductor materials with their respective properties and conditions,
including T,, applied pressure measurement methods. We presented a novel data
flow that ingests PDF documents (Chatpter 3), combining traditional ML architec-
tures with a novel process that extracts materials and properties (Chapters 4 and 6)
and construct a database automatically. This work represents a novel approach to
TDM for material informatics. Compared with other methods, our work does not
need to be adapted to the data source, whether ArXiv, BioRXiv, ChemRXiv, or any
proprietary publisher article.

SuperCon? Database is an efficient, parallel flow of data ingestion and not a re-
placement for SuperCon. Considering the strict quality requirements that SuperCon

1 , . » .
https://arxiv.org/archive/cond-mat
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must meet and the fact that automatic processes are imperfect, the data must be val-
idated before being accepted in SuperCon. Compared to the original SuperCon con-
struction, SuperCon? Database was collected in a few days. The updated data model
counted new properties: 2052 triplets with applied pressure (material-T.-pressure)
and 3602 records with an explicit measurement method (material-T,.-measurement
method).

In this chapter, we discuss how SuperCon? is built, including the technical in-
formation about the data format and the processing.

7.2 Database construction

The ingestion process (Figure 7.1) is designed using an Extract-Aggregate approach,
implemented through Grobid-superconductors (see chapters 3 and 4).

PDF documents dot?:rg:‘natl 1) i =|  Extraction Task (Map) Aggregation Task (Reduce) E
e - e
Structured Storage Structured
\ document () _____. (MongoDB) -, document (3)
\ = ]
Original “—+| Documents | Summarised & <
document (0) o e— ! records (4)
~ ' Tabular _i - —~ Logger
™| Binary i
| Logger |, 1

Figure 7.1: Ingestion process. The numbers between parentheses represent the order
in which each operation is performed.

Storage is implemented using MongoDB 2, an open-source document database,
and the collections are designed as different stages in the processing;:

o the binary collection contains the original PDF documents

e the documents collection contains the structured document

Zhttps://www.mongodb.com
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¢ tabular collection stores the summarised records, and finally

¢ logger contains detailed information on the status of the process of each
document, including possible errors. More details are given in Section 8.3.3.

e training_data Used to collect training examples in and discussed in Sec-
tion 8.2.3.

The "Extraction Task” takes the PDF documents in input and transforms them
into a rich representation document that includes text passages (sentences, para-
graphs), annotations, and tokens as JSON files, which we will refer to as structured
documents (Figure 7.2).

Each passage comprises the following attributes: the text, the type (whether
a sentence or paragraph), the main section: header, body, and annexe, and the
subsections: title, abstract, paragraph, and caption. Furthermore, a passage con-
tains the list of spans representing the extracted entities and a list of layout tokens.
The spans are characterised by text, type, attributes, a unique identifier, and other
internal information (e.g. from which ML model the entity was extracted). The
attributes are stored as a key-value and mainly contain information extracted by
the material parser, such as the chemical formula, the structured composition, the
material class, etc. The layout tokens contain low-level information coming from the
PDF document: font size, font face, superscript, subscript, bold, italic, and coordi-
nates within the PDF document. The coordinates are pairs of ”x” and ”y” numbers
that are used to build annotation "boxes” to encapsulate each token independently
(see Figure 8.4 in the following chapter as an example).

The ”Aggregation Task” takes the structured document as input and reduces it
to a table format where each row (referred to as a summarised record, or, record)
pivots around the relation materials-Tc and attaches additional elements to it. The
number of aggregated records can increase when large entities are extracted and
may contain condensed information referring to multiple materials. For example,
the raw material ”Zn and CU doping La Fe B” will be aggregated as two records
(doping: Zn, formula: La Fe B) and (doping: Cu, formula: La Fe B).

In the following listing, we illustrate an example of an aggregated record: lines
2-21 contain the record information such as material name, T, pressure, etc. Lines
22-34 represent the span list, which is the original annotation information. They
are used to link the aggregated records back to the original structure document in-
formation. Line 35, ’hash’ is a unique signature of the original document using the
first 10 characters of the MD5 hash function on the binary content. We use this
information to link the original document, the structured document, and the sum-
marised records. ’type’, 'timestamp’ and ’status’ are internal workflow information
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{

“text" 1 "The 11 type superconductor FeSe exhibits superconductivity with T ¢ = 13K [2] and its T ¢
“type" : “sentence",

“section" @ “<body=",

“subSection" : "“<paragraph=",

Terane T General information
{

(-]
“token_end" : &

7 6 ”w H

: Entity “FeSe” information =
"id" @ "1432044924",
“text" : “FeSe",
“formattedText" : "FeSe ",
“iype" : “ematerial=",
"linkable™ : true,

“spurce” : “superconductors",

S

-

00
{

“targetId" : “199553@427",

“targetText" 1 "13K",

“targetType" : "<tcValue=",

“type" @ "vicinity" .
h Links

ELLE IR

"materiald_formula_rawValue® : "FeSe",
"material®_formula_formulaComposition_Fe®™ : "1,
"materiald_formula_formulaComposition_Se™ @ "1¢,
"material®_rawTagged¥alue" : "=formula=FeSe</formula= ",
"material®_resolvedFormulas_®_rawWalue" : “FeSe" .
"material®_resolved F|:|r111|.|Las_O_‘fnrmulaLnnsti.tion:Fe" Att r butes
"materiald_resolvedFormulas_8_formulalomposition_Se
"materialé_class" : "Iron-chalgegenides, Chalcggenides

rounolngogxess o |

——
“x" oy 135,36, .

- .25, PDF boxes coordinates
“width™ @ 23.8272,

“height™ @ 10.538,

“x2" 1 159.18720000000@8Z,

UyE® 1 118.352

T_STart @ 4/,
offset_end" : 31

token_start” ;Bai Annotation ref to the sentence

token_end” :

Figure 7.2: Example of the information from one single entity from a passage ex-
tracted in the "Extraction Task”. The different structured information is highlighted:
links, attributes, PDF entities coordinate (to visualise annotations on the PDF doc-

ument), and annotations references within the passage (to visualise annotations on
text).
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discussed in the next chapter. The rest of the lines contain the bibliographic data
(39-42).

Listing 7.1: Example of record related to the FeSe material after the aggregation.

{
"_id": ObjectId("63dcae91e4d716dd10dd5a7d"),
"rawMaterial": "FeSe",

"materialld": "1432944924",

"name": null,

"formula": "FeSe",

"doping": null,

"shape": null,

"materialClass": "Chalcogenides, Iron-chalcogenides",
"fabrication": null,

"substrate": null,

"variables": null,

"criticalTemperature": "13K",
"criticalTemperatureId": "1905530427",
"measurementMethod": "",
"measurementMethodId": "",

"appliedPressure": null,
"appliedPressureld": null,

"section": "body",
"subsection": "paragraph",
"sentence": "The 11 type superconductor FeSe exhibits

— superconductivity with T c¢ = 13K [2] and its T c reaches 37K
< under high pressure (4-6 GPa) [3,4].",
"spans": [
{
"id": "1432944924",
"text": "FeSe",
"type": "<material>",
"linkable": false,
"offset_start": 27,
"offset_end": 31,
"token_start": O,
"token_end": O

s

[...]
1,
"hash": "f70a71214f",
"type": "automatic",
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37
38
39

40
41

42
43
44
45

"timestamp": ISODate("2022-11-24T09:02:53.256Z"),

"status": "new",

"title": "Evidence of Inhomogeneous Superconductivity in FeTel-
— xSexby Scotch-Tape Method",

"doi": "10.1143/jpsj.81.113707",

"authors": "Hiroyuki Okazaki, Tohru Watanabe, Takahide Yamaguchi,
< Yasuna Kawasaki, Keita Deguchi, Satoshi Demura, Toshinori
— 0Ozaki, Saleem. J. Denholme, Yoshikazu Mizuguchi, Hiroyuki
< Takeya, Yoshihiko Takano",

"publisher": "Physical Society of Japan",

"journal": "Journal of the Physical Society of Japan",

"year": 2012

}

7.3 Results

Compared to the original SuperCon, SuperCon? was collected in a few days. There is
no information about how SuperCon was constructed, only that it started in 1987 [7].
When we built the new process to obtain SuperCon?, following domain-expert guid-
ance, we considered two pieces of information: “applied pressure” and “measurement
method” that have not been collected systematically in SuperCon. “Applied pres-
sure” is the pressure applied to make the material a superconductor and has gained
attention because it can radically change the physical structure of a material. On
the other hand, the “measurement method” is how scientists measured the super-
conducting transition temperature T, and can be used to semantically recognise
multiple T, obtained from the same material or sample. In particular, identifying
calculated properties is fundamental when providing data for predictions. These
properties were present only for a minority of records in SuperCon and, we hy-
pothesise, were not considered in the initial design. The fact that applied pressure
was recorded in different database fields suggests that such action was more a cu-
rator’s decision than a methodological change. The resulting SuperCon? counted
2052 triplets with applied pressure (material-T,-pressure), and 3602 records with an
explicit measurement method (material-T.-measurement method). The SuperCon?
schema is discussed in 7.3 with examples in Table 7.2.

Our TDM process is limited to text, whereas the manual process focuses on plots
and tables. This limitation reduces the density of the collected data, as observed
by the amount of information (33,000 records) extracted from only 7227 articles.
Such additions should be built as separate projects. However, the automatic pro-
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cess cannot be used without manual validation, given the high-quality constraints
of SuperCon. This allows combining the TDM process with data curation in a
homogeneous flow described in Chapter 8.

Category SuperCon SuperCon?
Size (records) ~33000 40324
Size (papers) 7227 37700
# records with applied pressure 6 2052
# records with measurement method 600 3602
Process Manual Automatic
Time for process N/A A few days
Scope Text, plots, tables Text

Table 7.1: Comparison in volumes from Supercon and SuperCon?.

7.4 Conclusions

SuperCon? Database represents the result of our effort to build an automatic TDM
process to extract experimental data automatically. As a consequence, this is the
main contribution of this dissertation. Applying techniques and methodologies de-
scribed in the previous chapters allowed us to collect a large database in a few days.
SuperCon? Database was composed of 40324 records of superconductor materials
and properties, including additional properties such as the applied pressure and the
T, measurement method, which were not systematically collected in SuperCon. This
database is available in various formats at https://github.com/lfoppiano/supercon.
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Table 7.2: Summary and description of the SuperCon? schema. “Internal informa-
tion” is technical information not accessible to the users.

Field name

Description

Examples

Material information

Raw . . .
material The material or sample as it appears in the text
. . . PCCO, PCO, Metal diboride,
Name Canonical name of a material
hydrogen, carbon
Formula Material expressed as chemical formula. This Pr1.869Ce0.131Cu04 — 9,
includes also formulas with stochiometric variables MgBs, Las_;Sr,CuO4
Overdoped, underdoped,
Dopin Doping ratio and doping materials optimally doped,
ping that might be adjoined to the material bulk, pure, 1% Zn, Zn
(from Zn-doped XYZ)
. Single crystal, polycrystal,
Shape The shape of the material or the sample .
wire, powder, film
Variables Variables that can be substituted in the formula x = 0, RE=Ln,St
1z ':1 1: Aot a0 ino
Class Material ¢ d.bblﬁwtlon according cuprates, oxides, and alloys
to the domain-experts taxonomy
. . Intercalated,
Fabrication biizrghet;niirm;tliz ﬂiifiiizstzog synthesized by MBE method,
& v p 8 electron-doped, hole-doped
Substrate Substrate material described in the raw material PryCu Of(%%%?}?jﬁfotz
Properties
Critical N
Temperature Superconducting critical temperature
Applied Pressure applied when measuring
Pressure the superconducting critical temperature
Measurement Method for measurement of the Ma:gnetlc susceptlbl%lty,
. . specific heat, calculation,
Method superconducting critical temperature L s
prediction, resistivity
Document bibliographic information
Section The main body section of the paper Header, body, annex
. . Paragraph, table caption
S Th condary s : : f th S ’
Subsection e secondary segmentation area of the paper figure caption, title, abstract
Authors,
Title, DOI, - - .
Publisher, Bibliographic information of the document

Journal, Year

Hash calculated on the binary content of the original PDF
document and the timestamp when the document was processed.

Timestamp
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Chapter 8

Reducing the impact of manual
curation

8.1 Introduction

The SuperCon database was built manually from 1987 [7] by the National Insti-
tute for Materials Science (NIMS) in Japan, and it is considered a reliable source
of experimental data on superconductors [9, 135-137]. However, the updates of Su-
perCon have become increasingly challenging due to the high publication rate. In
previous chapters of this dissertation, we have described our approach to creating
a reliable automatic process that allows the rapid collection of experimental data
from scientific literature (Chapter 3, 4, 6). We created “SuperCon? Database”, a
comprehensive database of superconductors containing around 40000 entries within
an operational duration of just a few days (Chapter 7). Matching the level of quality
seen in SuperCon while simultaneously automating the extraction of organised data
can be achieved with a properly designed curation process. We use the term curation
to describe the overall process of reviewing and validating database records, while
correction refers to the specific action of altering the values of one or more properties
within an individual record. When writing this article, we are unaware of any other
curation tool focusing on structured databases of extracted information. Several
tools for data annotation, such as Inception [138] and Doccano [139], concentrate
on text labelling and classification.

In this contribution, we designed and developed a workflow with a user interface,
“SuperCon? Interface”, crafted to produce structured data of superior quality and
efficiency to the one obtained by the “traditional” manual approach consisting of
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reading documents and noting records, usually on an Excel file.

This contribution comprises three main novelties:

¢« We developed a workflow and a user interface that allow the curation of a
machine-collected database. We demonstrate that using it for data correction
resulted in higher quality than the “traditional” (manual) approach.

e We devise an anomaly detection process for incoming data with a lower
rejection rate (false positive rate) from domain experts.

o We propose a mechanism that selects training data based on corrected records,
and we demonstrate that such selections are rapidly improving the ML mod-
els.

8.2 Curation workflow

The curation of the SuperCon? Database acts as a workflow where user actions result
in database records state transitions (Figure 8.1). Allowed manual actions include a)
mark as valid (validation) when a record is considered correct or corrected by some-
one else. When a record is not valid, users can: b) mark as invalid when considered
“potentially” invalid (or the curator is not confident), c¢) perform manual correction
to update it according to the information from the original PDF document, and d)
remove the record when it was not supposed to be extracted.

In addition to manual operations by users, this workflow also supports auto-
matic actions: “anomaly detection” for pre-screening records (Section 8.2.2) and
the “training data collector” for accumulating training data to improve ML models
(Section 8.2.3).

Although only the most recent version of a record can be viewed in this system,
the correction history is recorded (Section 8.3.3).

8.2.1 Workflow control

The “curation status” determines the workflow state (Section 8.2.1), the user action,
and the error type (Section 8.2.1).
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Figure 8.1: Schema of the curation workflow. Each node has type and status proper-
ties (Section 8.2.1). Each edge indicates one action. The workflow starts on the left
side of the figure. The new records begin with “Automatic, New”. Changes of state
are triggered by automatic (Section 8.2.2) or manual operations (update, mark as
valid, etc.. Section 8.3.1) and results in changes of the properties in the node. Each
combination of property values identifies each state. “(*)” indicates a transition for
which the training data are collected (Section 8.2.3)
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Curation status

The curation status (Figure 8.1) is defined by type of action, manual or automatic,
and status, which can assume the following values:

new: default status when creating a new record.
o curated: the record has been amended manually.
o validated: the record was manually marked as valid.

« invalid: the record is wrong or inappropriate for the situation (e.g., Ty, or
Teurie €xtracted as superconducting critical temperature).

e obsolete: the record has been updated, and the updated values are stored
in a new record (internal status®).

o removed: the record has been removed by a curator (internal status).

Error types

We first introduced the error types in Section 4.3.4. However, this work extended its
scope to consider data curation and anomaly detection. The additional error type
values are as follows:

o Composition resolution: The exact composition cannot be resolved (e.g.,
the stoichiometric values cannot be resolved).

¢ Value resolution: The extracted formula contains variables that cannot
be resolved, even after reading the paper. This includes when data is from
tables

e« Anomaly detection: Anomaly detection has modified the data, facilitating
their retrieval from the interface.

¢ Curation amends: The curator updates the data, which does not present
issues due to the automatic system.

Users are required to select one Error Type at every record update or removal.
This information is stored in the “original” record and can differ at every modifica-
tion.

T«internal status” indicates that their records should be hidden in the interface
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8.2.2 Anomaly detection

Anomaly detection is identifying unusual events or patterns in the data. In our
context, this means pinpointing data that is greatly different from the expected
values. This post-process was introduced in a limited scope to draw attention to
certain cases during the curation.

The anomaly detection uses a rule-based approach and marks any record that
matches the following conditions

o the extracted T, is greater than room temperature (273 K), negative, or
contains invalid characters and cannot be parsed (e.g. “41]”)

e the chemical formula cannot be processed by an ensemble composition parser
that combines Pymatgen [27], and text2chem [10]

o the extracted applied pressure cannot be parsed or falls outside the range 0
- 250 GPa.

Records identified as anomalies have status “invalid” and error type “anomaly
detection” for easy identification. Since this process may find false positives, its
output requires validation from curators. For example, in specific contexts, T,
values above room temperature or applied pressure up to 500 GPa may be valid in
researchers’ hypotheses, calculations or simulated predictions.

We ran the anomaly detection on the full SuperCon? Database (40324 records [21]).
The anomaly detection identified 1506 records with invalid T, 5021 records with an
incomplete chemical formula, 304 with invalid applied pressure, and 1440 materials
linked to multiple T, values. Further analysis and cross-references with contrasting
information may be added in future.

8.2.3 Automatic training data collector

The curation process is a valuable endeavour demanding significant knowledge and
human effort. To maximise the use of this time for collecting as much information
as possible. We integrated an automatic procedure in the curation process that, for
every correction, accumulates the related data examples that can be used to improve
the underlying ML models.
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Training data collection

In the event of a correction (update, removal) in a database record, this process re-
trieves the corresponding raw data: the text passage, the recognised entities (spans),
and the layout tokens information. This information is sufficient to be exported as
training examples, which can be examined and corrected, and feedback to the ML
model.

In detail, the process performs the following actions:

e The updated record is prepared and stored.

e The raw data originating the updated record is identified. First, the cor-
responding structured document is retrieved from the document collection
using the document identifier (the hash). Then, the exact text passage in the
structured document is located using a unique ID assigned to each material
in the database records.

o If the raw data has already been collected, it is skipped. This is when
multiple records of the same text passage are corrected.

e Otherwise, the raw information comprising the text string, the spans, and
the layout tokens are collected and saved in a separate collection.

e The data collected is then sufficient to generate workable instances in differ-
ent output formats and the related feature files.

Training data management

We designed a specific page of the interface (Section 8.3) to manage the collected
data (Figure 8.2) in which each row corresponds to a training example composed by
the decorated text showing the identified entities, the document identifier, and the
status. The users can examine the data, delete it, send it to the annotation tool to
be corrected, and then export it. We integrated our interface with Label-studio [3]
to correct the collected training examples. Label-studio is an open-source, python-
based, modern interface supporting many TDM tasks (NER, topic modelling, image
recognition, etc.).
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2 x oy . Settings for enabling
Stlpsr(%on | Training data viewer authentication to label-studio

Text, Status, Document, Actions . | SENDALL

Indicate whether the training data has
been sent to label-studio

Text Single sentence e Document son
An example is the iidi P y tin- amaximum transition ~BAK is reported for X018 in the series SHT=XIAXTe [3, 6, 7] in_progress | f2fe747414

For instance, partial substitution of Te for Se (chemical pressure effect) leads to an increase in T C up to $T5K with 0:3X/07 for FeS& TAXTeX compounds, 3,4 while application of external pressure of 8.9 GPa (Refs. in_progress | 68baeg0bga
Superconductivity appears in BiZ/S63 at ~13.5 GPa at a transition temperature of BISK, which gradually increases to a maximum of 7 on increasing pressure up to 30 GPa in_progress | f2fe747414

This is schematically shown in figure 2. From figure 2, The values of T onsetc, T offset c and T zero c for Sifigle=crystal SHO/SIAO:STE are found to be 44K, 411K and 316K respectively. in_progress | f2fe747414

We carried out the fesistivity measurement using the fresh as-cleaved surface of the K08 F& 258 2 ciystal and observed a high T ¢ onset of 33K. in_progress | O0eafe0a38

Very recently, an [Sastriictural La0 X THF X BIS&2 compound has been reported to exhibit enhanced-superconductivity with T ¢ of 85K [17, 18] compared to the low-T ¢ phase in LEOXTFXBISZ 5, 15]. in_progress | 9273cb60e2

Ithes the value of Bl and s higherthan T ofsinglecrystas (Bl and IR 22.23 anc SN (BB 24 Recent esuls show that in_progress | 48ba234393

The (CaRE) 112 La,Pr,Nd, Sm, Eu while the (C&C&J112 compound did not show superconductivity, even at temperature as low as K. Kudo et al reported that the
double-doping of (CaRE) 112 with Sb ncreased the T c o 47, 43,43, and 43K for RE = La, Ce,Pr, and NG, respectively [13]

Notice that, high-pressure metallic phases of the elements and compounds of VI-VII groups are often super- conducting (e.g., in elemental Sulfur T c $ 10:17K at 90- 160 GPa), 57,58 and hence, one could also anticipate this
effectin SN2P2S6

in_progress | d143899d50

in_progress | 0032e3090a

An outstand- ing example is the pressure effect of F&SE; the T ¢ shows a huge increase from 13637 under 4-6 GPa 10-13 and the large enhancement of T  in FéSe is strongly related to the change in the anion height. in_progress | O0eafe0a3s
Our research suggests that the HIP at 1 GPa leads to high T ¢ (27/K) and high B c2 in Ba(FéC6) 2/A82 mate- ral in_progress | 48ba234393
‘The analysis indicates that annealing at 1 GPa leads to the Ba(F&iC6)2/A82 material with critical temperatures of 277K and Z1ISK at upper critical flux density (B c2) of 14 T. in_progress | 48ba234393
Bi2INITIO'6 compound which shows both magnetic (T M % 58 K) and ferroelectric properties (T C % 513 ) was synthesized under high pressure of § GPa and temperature of 1273K. in_progress | a78f45fbef

It was generally considered that 2§ may dissociate under high pressure, and it is S that records high-temperature superconductivity with the T ¢ of 203K. 23-25) The various stoichiometry and structures of fijdfoger
B have been extensivel tuded. 26-28)and the decomposton pths of SR were prcicted o5 H 25— (28 GPa) MSEREININ - (12 Gra) EETRENEN - (172 Gre) FRISSEESMSIHRENS 29) Hovere:
there s still contro- versy about the and structures of tfor highTc, e.g, XRD at peakintensity of S is much smaller than
expected. 30)

in_progress | 9ad40af6e2

2V oV oVaVaVoVaVaVaVavVavVavVavVavaV z

‘The supercon- ducting transition temperature of the G2=f#H2'S structure was predicted to be 53:74K at 150 GPa. new 9add0afe2

Figure 8.2: Screenshot of the training data management page in the SuperCon?
interface. Each row contains one potential training data example. Each example
comprises a sentence and its extracted entities (highlighted in colour) with potential
annotation mistakes that need to be corrected using an external tool: we used Label-

Studio [3]. The column “Status” indicates whether the example has been sent to
the external tool.

8.3 Curation interface

The workflow is operated through the user interface, which offers several key features
to facilitate the data curation process (Figure 8.1). It provides a comprehensive view
of materials and their properties as a table that includes search, filter, and sorting
functionality (Figure 8.3). The detailed schema, including examples, is reported in
our previous work [24].

During the curation process, it is often necessary to switch back and forth be-
tween the database record and the related context in the paper (the related para-
graph or sentence). Our interface provides a viewer for individual documents, which
visualises a table with the extracted records in the same window and the original
PDF document decorated with annotations that identify the extracted materials
and properties (Figure 8.4).

8.3.1 Manual curation approach

In this section, we discuss our strategy regarding manual curation, which is still
indispensable for developing high-quality structures.
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Figure 8.3: Screenshot of SuperCon? interface showing the database.
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Figure 8.4: PDF document viewer showing an annotated document. The table on
top is linked through the annotated entities. The user can navigate from the record
to the exact point in the PDF, with a pointer (the red bulb light) identifying the
context of the examined entities.
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We selected curators from superconductor domain experts to certify sufficient
data quality. Nevertheless, as confirmed from our experiment in Section 8.4.3, each
individual’s experience may impact the final result. We followed two principles to
guarantee robustness in the curation process. First, we built solid curation doc-
umentation as a form of example-driven guidelines with an iterative approach we
first introduced in [4]. Then, we used a double-round validation approach, in which
the data was initially corrected by one person and validated in a second round by a
different individual.

8.3.2 Curation guidelines

The guidelines consist mainly of the general principles and the correction rules with
examples of solutions. The guidelines are designed to provide general information
applied to corrections and essential explanations containing illustrations for a faster
understanding (e.g. the meaning of the colours of the annotations). Differently from
our previous work [1], these guidelines are divided into examples for different sce-
narios based on the error types mentioned in Section 8.2.1. Each example described
the initial record, its context, the expected corrected record and a brief explanation,
as illustrated in Figure 8.5.

8.3.3 Curation and processing logs

The Supercon? interface gives access to information regarding the ingestion (pro-
cessing log) and the curation process (curation log). The processing log is filled up
when the new data is ingested, and it allows us to explain why certain documents
haven’t been processed (Figure 8.6 top). For example, sometimes documents fail
because they don’t contain any text (image PDF documents) or are too big (more
than 100 pages).

The curation log provides a view of what, when and how a record has been
corrected (Figure 8.6 bottom).

8.4 Results and evaluation

This section illustrates the experiments we have run to evaluate our work. The
evaluation is composed of three sets of results. The anomaly detection rejection
rate (Section 8.4.1) indicates how many anomalies were rejected by curators after
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- Sample input data

Critical Applied Measurement  Document N

Raw Material Name Formula Doping Variables Fabrication Temperature kil Measus ool Flag Actions
Cu0258i2 Cu0258i2 .
(Te 0.01 Se (Te 0.01 Se 32K 1GPa resistivity 11d82d01fe [*]  10.7567/JJAP56.05FB04 /700
099)3 099)3

First, we discuss the drop in at ambient pressure

and its disappearance by compression. Assuming that this
drop and diamagnetism are due to superconductivity in
Cug2sBix(Tepn1Seo99)3l we can consider that the super-
conducting transition at 7. =3.2K vanishes at P =|1 GPz.
* Motivation
The system failed to link the correct items (formula-Tc-pressure)
(here, at P=1 GPa, superconductivity vanishes, and Tc = 3.2K is a value for ambient pressure)

- Action
Edit -> Set “pressure” to "0 GPa"

- Expected output

critical

Raw Material Name Formula Doping Varlables Fabrication Temperature  APPlied Nossorsiment, st 001 Flag Actions
Cu0.258i2 Cu0258i2 -
(Te 0.01Se (Te 0.01Se 32K 62 resistivity 11d82601fc [*]  10.7567/JJAP56.05FB04 /00
0.99)3 0.99)3 0 a

Figure 8.5: Sample curation sheet from the curation guidelines. The sheet is com-
posed of the following information: a) Sample input data: a screenshot of the record
from the “SuperCon? Interface”, b) Context represented by the related part of the
annotated document referring to the record in exams. ¢) The Motivation, describing
the issue, d) the Action to be taken, and the Expected output.

SuperCon? | Processing log

Message Service Path Document 1 2 Timestamp 4 1 Status
extraction -

Exception| X all <

g grobid.cor t ] Cannot process input ile. org.grobid.core.exceptions. GrobidException:
[PDFALTO_CONVERSION_FAILURE] PDF to XML conversion failed on pd file /opt/grobid/grobid-home/tmp. extraction oot o 6cossfifia ¥ 1114/22,2:50 PM 500
Joriging944883326384040027 pdlf P

g.grobid core except ] Cannot process inpu file. org.grobid core exceptions. GrobidException:
[PDFALTO_CONVERSION_FAILURE] PDF to XML conversion failed on pdf file /opt/grobid/grobid-home/tmp extraction /'/;f’;j;‘:f;d%‘;”"‘e"‘um' 975d147fc9 'Y 1/14/22,2:50 PM 500
/origin7819941934028118367.pdf e P

bid t ] Cannot process input ile. org.grobid.core.exceptions. GrobidException:

[PDFALTO_CONVERSION_FAILURE] PDF to XML conversion failed on pdf file /opt/grobid/grobid-home/tmp extraction /{;f;;";;;‘;gdgg;‘"‘e’“s*”“' b7cfa11c03 ¥ 1/14/22,2:50 PM 500
Jorigin3252254549490230814.pdf

SuperCon? | Correction log

Update

Record id count  Document Timestamp 1 ool Latest errortype Stats
Al -~ ol -

63f56769d2b56b182455e36e 1 14fce539b1 Y 2/22/23,9:52 AM 10.1088/1361-6668/aac246 composition_resolution curated

0 14fcc539b1 7 2/9/23,10:21 AM 10.1088/1361-6668/aac246 te_classification removed

0 14fcc53961 Y 2/9/23,1021 AM 10.1088/1361-6668/aac246 tc_classification removed

0 14fcc539b1 Y 2/9/23,10:15 AM 10.1088/1361-6668/aac246 te_classification removed

0 14fcc539b1 Y 2/9/23,10:08 AM 10.1088/1361-6668/aac246 te_classification removed
6331d1ff8fa3814924169ab6 0 139182067 7 2/2/23,10:37 AM 10.1063/1.5053650 extraction removed

Figure 8.6: Top: Processing log, showing the output of each ingestion operation and
the outcome with the detailed error that may have occurred. Bottom: Correction
log, indicating each record, the number of updates, and the date/time of the last
updates. Clicking on the “Record id”shows the latest record values.
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validation. Then, we demonstrate that the training data automatically selected
contributed to improving the ML model with a small set of examples (Section 8.4.2)
Finally, we evaluated the quality of the data extraction using the interface (and
the semi-automatic TDM process) against the classical method of reading the PDF
articles and noting the experimental information in an Excel file. In Section 8.4.3,
we find that using the interface improves the quality of the curated data by reducing
missing experimental data.

8.4.1 Anomaly detection rejection rate

We evaluated the anomaly detection by observing the “rejection rate”, which consists
of the number of detected anomalies rejected by human validation. Running the
anomaly detection on a database subset with 667 records found 17 anomalies in
T., one anomaly in applied pressure, and 16 in the chemical formulas. Curators
examined each reported record and rejected 4 (23%) anomalies in T, six anomalies
(37%) in chemical formulas and 0 anomalies in applied pressure. This indicates
an appropriately low rate of false positives, although a study with a larger dataset
might be necessary.

8.4.2 Training data generation

We selected around 400 records in the Supercon? Database that were marked as
invalid by the anomaly detection process, and we corrected them following the cu-
ration guidelines (Section 8.3.2). Then, we examined the corresponding training
data corrected by the interface (Section 8.2.3) and obtained a set of 352 training
data examples for our ML models. We call the obtained dataset curation to be
distinguished from the original SuperMat dataset, referred to as base.

We prepared our experiment using SciBERT [(7] that we fine-tuned for our
downstream task as in [24]. We trained five models we evaluated using a fixed
holdout dataset from SuperMat, averaging the results to smooth out the fluctuations.
We use the DeLFT (Deep Learning For Text) [110] library for training, evaluating,
and managing the prediction models. A model can be trained with two different
strategies:

1. “from scratch”: when the model is initialised randomly. We denote this
strategy with an (s).
2. “incremental”: when the initial model weights are taken from an existing

model. We denote this strategy with an (7).
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The latter can be seen as a way to “continue” the training from a specific checkpoint.
We thus define three different training protocols:

1. base(s): using the base dataset and training from scratch (s).

2. (base+curation)(s): using both the base and curation datasets and train-
ing from scratch (s).

3. base(s)+(base+curation)(i): Using the base dataset to train from scratch
(s), and then continuing the training with the curation dataset (i).

We merge “curation” with the base dataset because the curation dataset is tiny
compared to “base”, and we want to avoid catastrophic forgetting [110] or overfitting.

Table 8.1: Fl-score from the evaluation of the fine-tuned SciBERT models. The
training is performed with three different approaches. The base dataset is the original
dataset described in [1], and the curation dataset is automatically collected based
on the database corrections by the interface and manually corrected. s indicate
“training from scratch”, while ¢ indicate “incremental training”. The evaluation
uses the same holdout dataset from SuperMat [1]. The results are averaged over 5
runs of train and evaluation.

base(s) (base+tcuration)(s) base(s)+(base+curation)(i)

Nb total examples 16902 17254 16902(s), 17254 (i)
<class> 70.41 73.02 71.86
<material> 79.37 80.09 80.37
<me_method> 66.72 66.57 66.95
<pressure> 46.43 48.42 47.23
<tc> 80.13 80.92 80.34
<tcValue> 78.29 78.41 79.73
All (micro avg.) 76.67 77.44 77.48
A avg. w/ baseline - +0.77 +0.81

The trained models are then tested using a fixed holdout dataset that we designed
in our previous work [24], and the evaluation scores are shown in Table 8.1.

This experiment demonstrates that with only 352 examples (2% of the Super-
Mat dataset) comprising 1846 additional entities (11% of the entities from the Su-
perMat dataset) (Table 8.2), we obtain an improvement of Fl-score from 76.67%?>

2In our previous work [24] we reported 77.03% F1l-score. There is a slight decrease in absolute
scores between DeLFT 0.2.8 and DeLFT 0.3.0. One cause may be using different hyperparameters
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to values between 77.44% (40.77) and 77.48% (+0.81) for (base+curation)(s) and
base(s)+(base+curation)(i), respectively.

Table 8.2: Data support, the number of entities for each label in each dataset used
for evaluating the ML models. The base dataset is the original dataset described
in [1], and the curation dataset is automatically collected based on the database
corrections by the interface and manually corrected.

base base+curation A

<class> 1646 1732 86
<material> 6943 7580 637
<me_method> 1883 1934 51
<pressure> 274 361 87
<tc> 3741 4269 528
<tcValue> 1099 1556 457
Total 15586 17432 1846

This experiment gives interesting insight relative to the positive impact of se-
lecting the training data. However, there are some limitations: the curation dataset
is small compared to the base dataset. This issue could be verified by correcting
all the available training data, repeating this experiment, and studying the interpo-
lation between the size of the two datasets and the obtained evaluation scores. A
second limitation is that the hyperparameters we chose for our model, particularly
the learning rate and batch size, could still be better tuned to obtain better results
with the second and third training protocols.

8.4.3 Data quality

We experimented with evaluating the effectiveness and accuracy of data curation
using two methods: a) the user interface (interface), and b) the “traditional” manual
approach consisting of reading PDF documents and populating an Excel file (PDF
documents).

We selected a dataset of 15 papers, which we assigned to three curators — a senior
researcher (SD), a PhD student (PS), and a master’s student (MS). Each curator
received ten papers: half to be corrected with the interface and half with the PDF
Document method. Overall, each pair of curators had five papers in common, which
they had to process using opposite methods. For instance, if curator A receives

in version 0.3.0, such as batch size and learning rate. However, the most probable cause could
be the impact of using the Huggingface tokenizers library which is suffering from quality issues
https://github.com /kermitt2/delft /issues/150.
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paper 1 to be corrected with the interface, curator B, who gets the same paper 1,
will correct it with the PDF document method. After curation, a fourth individual
manually reviewed the curated content. The raw data is available in Tables 8.3
and 8.4.

We evaluated the curation considering a double perspective: time and correct-
ness. Time was calculated as the accumulated minutes required using each method.
Correctness was assessed using standard measures such as precision, recall, and the
F1-score. Precision measures the accuracy of the extracted information, while recall
assesses the ability to capture all expected information. F1-Score is a harmonic
means of precision and recall.

Discussion

Overall, both methods required the same accumulated time: 185 minutes using the
interface and 184 minutes using the PDF Document method. Not all the curators
were familiar with the interface method when the experiment was conducted. Al-
though they had access to the user documentation, they had to get acquainted with
the user interface, thus the accumulated 185 minutes included such activities.

We examined the quality of the extracted data, and we observed an improvement
of +5.55% in precision and a substantial +46.69% in recall when using the interface
as compared with the PDF Document method (Table 8.5). The Fl-score improved
by 39.35%.

The disparity in experience significantly influenced curation accuracy, particu-
larly regarding high-level skills. Senior researchers consistently achieved an average
F1-Score approximately 13% higher than other curators (see Table 8.6). Further-
more, we observed a modest improvement between master’s and PhD students.
These findings may suggest that for large-scale projects, employing master students
instead of PhD students may be a more cost-effective choice. Thus, using only a
few senior researchers for the second round of validation (Section 8.3.1). However, a
new experiment with more people should be conducted to confirm this hypothesis.

Finally, the collected data suggest that all three curators had overall more cor-
rected results using the interface as illustrated in Table 8.7.

The results of this experiment confirmed that our curation interface and work-
flow significantly improved the quality of the extracted data, with an astonishing
improvement in recall, thus preventing curators from overlooking important infor-
mation.
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Table 8.3: Timetable recording the time spent for each of the 15 articles. Each
row indicates the time and the event (Start, Finish) from each of the curators:
Master Student (MD), PhD Student (PD), and Senior Researcher (SR). Duration is
expressed in minutes.

Time Event | Document ID  Curator | Duration (mins)

14:40  Start 02bf1b3db9 PS 0
14:49  Finish | 02bflb3db9 PS 9
14:53  Start 00b50fc0a8 PS 0
14:58  Finish | 00b50fc0a8 PS 5
14:37  Start 0aalb3161f MS 0
14:50  Start 0454e07f64 SR 0
14:58  Finish 0454e07f64 SR 8
15:01  Start 02¢bc58819 PS 0
15:06  Start 00c320764 SR 0
15:07 Finish | 0aalb3161f MS 30
15:08 Finish | 02cbc58819 PS 7
15:08  Start 044939701d PS 0
15:12  Start 0021fd339f MS 0
15:15  Finish | 00c32076f4 SR 9
15:17  Finish 044939701d PS 9
15:17  Start 08elch8f4f PS 0
15:20  Start 0c7d3163ea SR 0
15:31  Finish 08elch8f4f PS 14
15:32  Finish 0021£d339f MS 20
15:32  Start 039105663f MS 0
15:37  Finish | 0c7d3163ea SR 17
15:53  Finish 039105663f MS 21
15:55  Start 02c4£00127 MS 0
15:58  Start 0454e07{64 PS 0
16:02  Start Odabfebabf SR 0
16:08 Finish | 0454e07f64 PS 10
16:09 Finish | 02c4f00127 MS 14
16:11  Finish Odabfebabf SR 9
16:11  Start 0012333581 SR 0
16:12  Start 00c320764 PS 0
16:18  Start 021c413172 MS 0
16:22  Finish | 00c32076f4 PS 10
16:23  Start 0c7d3163ea PS 0
16:30 Finish | 0012333581 SR 19
16:32  Finish 021c¢413172 MS 14
16:37  Start 02bf1b3db9 MS 0
16:38 Finish | 0c7d3163ea PS 15
17:32  Finish 0021£d339f SR 12
17:34  Start 039105663f SR 0
17:55 Finish | 039105663f SR 21
17:56  Start 02400127 SR 0
18:00 Finish | 02c4f00127 SR 4
18:00  Start 021c413172 SR 0
18:09 Finish 021c413172 SR 9
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Table 8.4: Evaluation scores obtained for each document and method (I: Interface,
P: PDF) combination. TP: True positive, FP: False positive, FN: False negative. P:
Precision, R: Recall, F1: Fl-score

Document ID # pages | Method | # TP #FP #FN | P R F1
Senior Researcher (SR)
0454e07f64 4 I 6 0 0 100.00 100.00 100.00
00c32076f4 13 P 8 0 0 100.00 100.00 100.00
Oc7d3163ea 9 I 13 1 0 92.86 100.00  96.30
0dabfebabf 11 P 8 0 1 100.00  88.89 94.12
0012333581 13 I 11 0 0 100.00 100.00 100.00
0aalb3161f 5 I 9 0 1 100.00 90.00 94.74
0021£d339f 14 P 4 0 8 100.00 33.33  50.00
039105663f 9 I 11 1 0 91.67 100.00  95.65
02c4{00127 13 P 0 0 3 100.00  0.00 0.00
021c413172 ) I 15 0 0 100.00  100.00 100.00
PhD Student (PS)
02bf1b3db9 7 I 5 0 2 100.00 71.43  83.33
00b50fc0a8 11 P 2 0 7 100.00  22.22 36.36
02cbchH8819 4 I 4 0 3 100.00 57.14 72.73
044939701d 12 P 4 0 2 100.00 66.67  80.00
08elch8f4f 16 I 5 1 1 83.33  85.71  84.51
0454e07£64 4 P 0 1 ) 0.00 16.67 0.00
00c32076f4 13 I 8 0 0 100.00 100.00 100.00
0c7d3163ea 9 P 9 0 ) 100.00 64.29 78.26
0dabfebabf 11 I 9 0 0 100.00 100.00 100.00
0012333581 13 P 4 4 3 50.00 7273 59.26
Master Student (MS)

0aalb3161f ) P 1 0 9 100.00  10.00 18.18
0021£d339f 14 I 12 3 3 80.00 100.00  88.89
039105663f 9 P 4 1 7 80.00  41.67  54.79
02c4100127 13 I 3 1 1 75.00 100.00 85.71
021c413172 ) P 7 1 7 87.50 53.33 66.27
02bf1b3db9 7 P 2 0 ) 100.00 28.57  44.44
00b50fc0a8 11 I 7 2 0 77.78 100.00 87.50
02cbchH8819 4 P 5 0 2 100.00 71.43  83.33
044939701d 12 I 5 0 1 100.00 83.33  90.91
08elch8f4f 16 P 1 0 6 100.00  14.29 25.00
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Table 8.5: Evaluation scores (P: precision, R: recall, F1: Fl-score) between the
curation using the SuperCon? interface (Interface) and the traditional method of
reading the PDF document (PDF document).

Method P (%) R (%) F1 (%) # docs
PDF document 87.83 45.61 52.67 15
Interface 93.38 92.51 92.02 15

Table 8.6: Evaluation scores (P: precision, R: recall, F1: Fl-score) aggregated by
experience (MS: master student, PD: PhD student, SR: senior researcher). Each
person corrected ten documents.

Experience P (%) R (%) F1 (%) # docs # pages

MS 90.03 60.26 64.50 10 96
PD 83.33 65.69 69.45 10 100
SR 98.45 81.22 83.08 10 96

Table 8.7: Evaluation scores (P: precision, R: recall, F1: Fl-score) listed by expe-
rience (MS: master student, PD: PhD student, SR: senior researcher), and method
(PDF document, Interface).

Experience Method P (%) R (%) F1 (%) +# docs # pages
MS PDF Document 94.58 36.55 48.67 6 46
Interface 83.19 95.83 88.25 4 50
PD PDF Document 70.00 48.51 50.78 5 49
Interface 96.67 82.86 88.11 5 51
SR PDF Document 100.00 55.56 61.03 4 51
Interface 97.42 98.33 97.78 6 45
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8.5 Code availability

This work is available at https://github.com/lfoppiano/supercon2. The repository
contains the code of the SuperCon? interface, the curation workflow, and the inges-
tion processes for harvesting the SuperCon? Database of materials and properties.
The guidelines are accessible at https://supercon2.readthedocs.io.

8.6 Conclusions

In this contribution, we presented a semi-automatic ”staging area“ to validate ef-
ficiently new experimental records automatically collected from superconductor re-
search articles (SuperCon? Database [24]) before they are ingested into the existing,
manually-build database of superconductors, SuperCon [7]. The system provides a
curation workflow and a user interface (SuperCon? Interface) tailored to efficiently
support domain experts in data correction and validation with fast context switching
and an enhanced PDF viewer. Under the hood, the workflow ran “anomaly detec-
tion” to automatically identify outliers and a “training data collector” based on
human corrections to efficiently accumulate training data to be feedback to the ML
model. Compared with the traditional manual approach of reading PDF documents
and extracting information from an Excel file, SuperCon? significantly improves the
quality of curation by approximately 6% and +47% for precision and recall, respec-
tively.
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Chapter 9

Conclusion

We propose an end-to-end pipeline for extracting material information from the
scientific literature to improve the efficiency and quality of materials databases.
This work describes the end-to-end construction of a comprehensive TDM process
to extract databases of experimental data automatically. This work represents a
novel application of information extraction in materials science. Our effort resulted
in the creation of SuperCon? Database (Chapter 7), consisting of 40324 materials
and properties records collected from 37000 articles.

In Chapter 3 we describe the automatic system that reads PDF documents, ex-
tracts relevant information (Chapter 4) and stores them in a tabular format where
each entry represents a material and its related properties (T., applied pressure,
measurement methods, etc.) using a combination with Grobid-quantities: a general
system for identification and standardisation of physical quantities and measure-
ments, described in Chapter 6. ML models have been trained and evaluated using
SuperMat (Chapter 5), a dataset we developed with domain experts that provides
annotations and relations between entities in 164 scientific documents from supercon-
ductor research. Material expressions are carefully managed with a specific material
parser that combines different methods to decompose mixed information (doping,
shape, formula, name, etc.). In Chapter 8, we describe a staging area using the
obtained ”SuperCon? Database” with machine-collected entities. Using a user inter-
face, "SuperCon? Interface”, we allow domain experts to examine and correct the
data by accessing the exact location in the original PDF document decorated with
the extracted information. Our interface significantly improves the curation quality
by increasing precision and recall by approximately 6% and 47%, respectively.

This work can be expanded to permanent magnetic materials, spintronics, and
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thermoelectric research domains. The SuperMat dataset can be expanded to sup-
port more properties, such as current, or by adding documents from related domains,
for example, magneto-caloric materials research. Finally, with the advent of Large
Language Models (LLM), we can replace the relation extraction rule-based algo-
rithm with integration with fine-tuned LLM models, which we have demonstrated
promising capabilities in material-properties interaction [25].
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