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Abstract

Extracting composition expressions from materials science patent documents is essential for
patent document searches. Composition expressions describing a single unit of elements
and quantities (e.g., “Al: 0.02% or more and 0.08% or less”) tend to appear clustered
together. In such cases, researchers in the field of materials science who conduct patent
searches have found that boundary-indicating phrases are effective for searching. However,
there are no concrete examples that have implemented this approach, and the validity
of this approach has not been evaluated to date. In this paper, we propose a Separator
Tag (SEP-tag) framework as an explicit boundary for composition expressions in named
entity recognition labels. This allows the named entity recognition model to simultaneously
perform entity recognition and pattern boundary learning within a single end-to-end
process. Furthermore, we propose a four-axis evaluation framework that extends the
conventional single-entity F1 score to evaluate named entity recognition models using
SEP-tags. (1) Entity F1 score excluding structural tags, (2) Exact match rate for correct
spans, (3) Predicted span pattern extraction F1 score, (4) Pattern extraction F1 score. We
conducted evaluations using RoBERTa-base and BERT-base-Japanese on materials science
patent datasets in English (10,166 sentences) and Japanese (975 sentences). Experimental
results show that training the model with SEP-tags improved the span exact match rate on
the English dataset by approximately 59.72 percentage points (from 15.95% to 75.67%), and
reduced false positives in pattern extraction to 1/117 (F1 score: 0.0784 — 0.8503). In the
Japanese dataset, false positives were reduced to 1/123 (F1 score: 0.0361 — 0.4877). For
both languages, the entity F1 score was equivalent to that of the model without SEP-tags
(English: |AF1| < 0.002, Japanese: |AF1| < 0.001), with no significant difference found for
any of the 13 labels. These results demonstrate that explicit structural boundary tokens are
highly effective for extracting composition expression patterns in domain-specific named
entity recognition.

Keywords: named entity recognition; materials science; composition expression; patent
documents; pattern extraction

1. Introduction

Materials informatics is emerging as a key field for accelerating materials discov-
ery by extracting structured knowledge from the growing body of scientific and patent
literature [1-3]. In particular, in the field of materials science, composition expressions
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described by combinations of entity tokens such as element names, composition values,
units, and constraints play a central role in describing the properties of new alloys and
compounds [4,5]. Named entity recognition is a technique used to extract such entities
from text [6-10]. In this study, we use named entity recognition to extract information on
composition expressions from patent documents in the field of materials science. Composi-
tion expressions tend to be described in clusters, and they can be efficiently identified by
utilizing words that mark the boundaries of these clusters. It is well-established among
researchers in the field of materials science that words such as “comprising” and “wherein”
are commonly used to mark these boundaries and typically appear immediately before the
composition expressions [11]. Nevertheless, extracting complete composition expressions
from patent documents remains challenging [12,13]. Although transformer-based mod-
els perform well at recognizing individual entities, they often fail to identify the correct
boundaries of composition expressions consisting of multiple entities [14—16]. There are
several types of composition expressions. In this study, we will refer to them as composition
expression patterns.

Typical composition expressions in patents in the field of materials science include the
following: “wherein the steel comprises Al: 0.02% to 0.08%, Si: 0.1% to 0.5%,”. A standard
named entity recognition model correctly labels {A1, 0.02%, 0.08%} and {Si, 0.1%, 0.5%} as
the element, lower limit, and upper limit, respectively. However, without explicit boundary
information, it cannot group {Al, 0.02%, 0.08%} as one composition expression pattern
and {Si, 0.1%, 0.5%} as another (See Section 4). This confusion regarding the boundary
leads to a large number of false positives when attempting to enumerate composition
patterns. Our research goal is to rapidly narrow down pattern candidates from a large
volume of patent documents at low training and inference cost. The reason for this is that
in practical patent searches, if search systems cannot return results quickly, search efficiency
decreases. Therefore, we aim to extract composition expression patterns using a method
that minimizes both training and inference costs as much as possible.

To address this issue, we propose and define the SEP-tag as a separator. The SEP-tag
is a new label class introduced into named entity recognition labeling that allows for the
explicit identification of the start and end boundaries of composition expression patterns.
Specifically, following the conventions of BIO encoding, the start and end of a composition
expression pattern are distinguished by a single SEP-tag. By treating the boundary SEP-
tag as a single entity during training, the model can simultaneously learn token-level
entity recognition and pattern-level segmentation in a single end-to-end process. Since
the SEP-tag is a structural entity with properties different from conventional entities, its
effectiveness cannot be fully evaluated using standard entity-level F1 scores. Therefore, this
paper defines and evaluates a four-axis evaluation framework. This framework enables
multifaceted evaluation of not only entity-level performance but also the extraction of
composition expression patterns using SEP-tags. The first axis (Axis 1) evaluates the entity-
level F1 score excluding structural tags. This is a general entity-level evaluation. The second
axis (Axis 2) evaluates the correct span exact match rate, which measures the proportion
of predicted entity sequences that exactly match the correct spans in true SEP-tag spans.
The third axis (Axis 3) evaluates the F1 score for the extraction of composition expression
patterns from predicted spans, which measures the precision and recall of the composition
expression patterns derived from the predicted SEP-tag boundaries. Finally, the fourth axis
(Axis 4) evaluates composition expression pattern extraction F1 score based solely on the
boundaries predicted by models with and without SEP-tags, respectively.

The main contributions of this paper are as follows:

*  We propose the SEP-tag which denotes the boundaries of composition expression
patterns, to efficiently extract such patterns from materials science patent documents.
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This method introduces explicit structural boundary tokens into named entity
recognition training.

*  We propose a four-axis evaluation framework that comprehensively assesses both
entity recognition and pattern-level extraction quality. We demonstrate on English
(10,166 sentences) and Japanese (975 sentences) materials science patent datasets that
SEP-tag training achieves significant improvements in composition expression pattern
extraction F1 score while preserving entity F1 score.

*  We confirmed that phrases assigned SEP-tags are lexically distinct from composition
expression pattern components. We also confirmed that there is no segmentation
caused by SEP-tags in either the English or Japanese data.

*  Based on the correlation between SEP-tag prediction quality and extraction accuracy
of composition expression patterns, we confirmed that accurate prediction of SEP-tags
directly leads to improved composition expression pattern extraction accuracy.

This paper is organized as follows. Section 2 provides an overview of related work.
Section 3 describes our proposed method, the SEP-tag framework and evaluation design.
Section 4 describes the experimental setup and results. Section 5 provides analysis and
discussion. Section 6 concludes the paper.

2. Related Work
2.1. Named Entity Recognition Approaches

The BIO (Beginning—Inside-Outside) encoding scheme [17] is the de facto standard
for sequence labeling in named entity recognition. Extensions such as BIOES (adding End
and Single tags) have been shown to improve performance on fine-grained boundaries [18].
Span-based approaches [19,20] enumerate candidate spans and perform adjacency scoring,
thereby avoiding the strict constraints of left-to-right sequential decoding. All of these
methods focus on the boundaries of individual entities or spans. Therefore, they do not
address the problem of grouping multiple entities into a single pattern.

LLM-Based Approaches

More recently, large language model (LLM)-based approaches have reframed named
entity recognition as an open generative task, departing from fixed BIO tag sets entirely.
Wang et al. [21] proposed a method for representing boundaries using special markers
such as @Q. . . ## when having LLMs perform named entity recognition. Zhou et al. [22]
proposed UniversalNER, which distils the entity recognition capability of ChatGPT into
smaller models through mission-focused instruction tuning, achieving state-of-the-art
performance across 43 datasets and 9 domains without domain-specific supervision.

The SEP-tag framework proposed in this study differs from these approaches in
two key ways. First, while both BIO/BIOES and span-based methods focus on identifying
individual entities or spans, SEP-tags address the problem of grouping co-occurring entities
into a single composition expression pattern. This grouping problem cannot be solved by
BIO/BIOES or span-based methods. Second, while span-based methods require dedicated
span enumeration and scoring mechanisms, SEP-tag can be directly applied to BERT-based
models simply by extending the label set. SEP-tag introduces label categories dedicated
to structural boundaries without utilizing an LLM-based decoder structure. Unlike LLM-
based methods, it does not reformulate NER as open-ended text generation. Since our
method can be applied directly to BERT-based models, it is well-suited for specialized
domains with limited labeled data.
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2.2. Named Entity Recognition in Materials Science
2.2.1. Early and Pre-Trained Models

Named entity recognition has been widely applied to scientific literature to extract
structured information regarding materials, processes, and properties [2]. Kim et al. [23]
conducted early research on the rule-based extraction of composition-related entities from
patent documents. Weston et al. [1] proposed an LSTM-based model to extract mentions of
inorganic materials, sample descriptors, phase labels, material properties and applications,
as well as the synthesis and characterization methods used. Subsequent research explored
domain-adaptive pre-training. Gupta et al. [24] released MatSciBERT, a BERT model trained
on materials science papers, which achieved state-of-the-art performance on multiple
downstream tasks, including named entity recognition. Trewartha et al. [25] similarly
proposed MatBERT, pre-trained on materials science literature, and demonstrated its
effectiveness for downstream named entity recognition tasks. Mavracic et al. [26] proposed
the automatic extraction of material properties using ontologies.

2.2.2. Recent Advances

More recently, Huang et al. [27] reformulated materials science named entity
recognition as a machine reading comprehension task, achieving state-of-the-art perfor-
mance on five public benchmarks by treating entity types as natural-language questions.
Foppiano et al. [28] showed that even LLMs such as GPT-4 fail to match the zero-shot
accuracy of fine-tuned BERT for materials science named entity recognition. Similarly,
Potu et al. [29] compared in-context learning using LLMs with domain-specific language
models such as MatSciBERT [24] and DeBERTa [30] in ontology-constrained named entity
recognition. Their results showed that domain-specific language models outperform LLMs.

Despite advances ranging from domain-specific pre-training to LLM-based formu-
lations, the majority of existing systems focus on recognizing individual entity tokens
(such as elements, property values and units) rather than extracting grouped composition
expression patterns. This distinction is crucial in patent analysis. Patents may describe
several types of compositions, and correctly grouping related tokens into a single com-
position expression pattern is essential for improving search accuracy and identifying
related patents.

2.3. Structural and Relational Annotation in Named Entity Recognition

Several studies have introduced auxiliary annotation layers to encode structural
relationships between entities. Luan et al. [31] proposed a multitask framework that
jointly trains named entity recognition and relation extraction in scientific papers, enabling
the utilization of structural dependencies between entity spans. Wadden et al. [32] ex-
tended this work to nested entities and coreference, demonstrating that structural signals
improve entity recognition accuracy. The most closely related prior study is the use of
sentence-level bracket tokens in dialogue state tracking [33], which is a method that inserts
special tokens into the input tokens to delimit slot value spans. A similar approach has
also been attempted for relation extraction. Soares et al. [34] performed relation extrac-
tion by inserting [E1]...[/E1] into the input, demonstrating the origin of the idea of
inserting brackets into the input. Zhou et al. [35] demonstrated improved performance
for sentence-level relation extraction by incorporating entity representations using typed
markers. Sainz et al. [36] demonstrated that explicitly encoding annotation guidelines
into LLM fine-tuning substantially improves zero-shot information extraction, under-
scoring the broader principle that precise structural annotation design directly benefits
extraction performance.
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These studies collectively demonstrate that various forms of explicit structural an-
notation, including boundary markers, typed entity markers, and annotation guidelines,
consistently improve information extraction quality. In contrast to relation extraction,
which labels directed links between pre-identified entity pairs, the SEP-tag approach pro-
posed in this study encodes composition pattern boundaries directly into the named entity
recognition label sequence. This allows boundary information to be learned using an
end-to-end sequence labeling model. Unlike boundary marker techniques, which insert
special tokens into the input sequence, SEP-tags are label classes assigned to tokens that
already exist within the text. Consequently, the input sequence remains unchanged, and
structural boundary information is encoded solely in the label space. This study is the
first to formalize the expertise of materials science experts regarding composition pattern
boundaries as a named entity recognition label.

3. Proposed Method
3.1. Task Definition and Composition Expression Pattern Structure

Let x = (x1,x2,...,x7) be a token sequence from a patent sentence. The goal of
composition expression pattern extraction is to identify a continuous subsequence of tokens
that collectively describes a single sequence of composition entities (such as elements,
composition ranges and units) that constitutes a composition expression pattern. We define
a composition expression pattern region as a token span enclosed by SEP-tags. In the
annotation scheme, a composition expression pattern region takes the following form:

SEP e1 e --- ¢ SEP @
—_——— —

content entities

where, ¢; is the label of an entity (e.g., atom, fig_LL). At least one SEP-tag is required at
the start and end boundaries. A SEP-tag and the sequence of entities enclosed between
SEP-tags are extracted as a single composition expression pattern.

Figure 1 shows an annotated example sentence. A single sentence contains multiple
composition expression pattern regions (one region per composition expression pattern).
Table 1 shows all 16 entity labels used in both datasets. The 13 content labels represent
the semantic roles of tokens within composition expression patterns, while the structural
labels (SEP, limitation, selection) indicate auxiliary roles for extracting composition
expression pattern boundaries and content labels. Frequency statistics for entities in the
English and Japanese datasets are shown in Appendix C.

Pattern 1: RRAEO04 Pattern 2: RRAEO4

CEn o memn Do nnnmes s

. atom
) unit

atom

fig LL limitation fig UL atom fig LL limitation fig UL

() fig LL/fig UL ) limitation

() SEP

Figure 1. SEP-tag annotation for the sentence fragment “comprises Fe 0.01 to 0.3 mass%, Al 1.0 to
5.0 mass%.”. Gold tokens (SEP) are separator words in the patent text. They enclose Pattern 1 and
Pattern 2. Each color corresponds to one entity label type (see legend).
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Table 1. Entity label schema (16 types shared across English and Japanese datasets). Structural labels
(SEP, limitation, selection) are excluded from entity-level F1 score (Axis 1).

Label Type Description and Example

Chemical element or material name

atom content .

(Fe, aluminum, carbon)
fig LL content Lower bound numeric value (0.01, 1.0)
fig UL content Upper bound numeric value (0.3, 5.0)
fig content Single numeric value (no bound distinction) (5)
unit content Unit of measurement (mass%, wt%, %)
unit_def content Unit definition prefix (in mass %, by weight)
use content Intended use or product name (steel, alloy)
substance  content Compound or substance name (oxide, carbide)
variable content Variable or parameter symbol (x, 1)
formula content Chemical formula (Fe3C, Al,O3) or formula

(Mo + W) = 4.3%)
balance content Remainder/balance expression (balance, remainder)
f_no content Formula or figure reference number (Formula (1))
sum content Sum or total expression (total, in sum)

limitation structural Constraint or comparison keyword (to, or less, at most, <)
selection  structural Selection expression (one or more of, selected from)
Composition expression pattern boundary separator
(wherein, comprising)

Italic text indicates example tokens.

SEP structural

3.2. SEP-Tag Named Entity Recognition Model

We fine-tune a pre-trained transformer model for token classification with the aug-
mented label set £ = Lentity U Lspp, where Lggp = {B-SEP, I-SEP}. Given a tokenized
input x, the model produces a contextualized representation H = (hy,..., hy) € RT*4
from the transformer encoder. A linear classification head maps each token representation
to a label distribution:

P(y: | x) = softmax(Wh; +b), W € RILIxd )

The model is trained end-to-end using a cross-entropy loss over all tokens. For the En-
glish dataset we use RoBERTa-base [37] (roberta-base), and for the Japanese dataset
we use BERT-base-Japanese [38] (cl-tohoku/bert-base-japanese-whole-word-masking)
(https:/ /huggingface.co/tohoku-nlp /bert-base-japanese-whole-word-masking, accessed
on 19 April 2026). Both models use standard WordPiece/BPE subword tokenization with
a maximum sequence length of 512 tokens. We deliberately restrict our comparison to
standard BERT-derived models to isolate the effect of SEP-tag training from confounding
factors such as model architecture or pre-training corpus differences. Evaluating the im-
pact of SEP-tags on larger or more recent models (e.g., RoBERTa-large, LLMs) remains a
direction for future work.

The baseline without SEP-tags is trained under the same settings with Lsgp = O,
meaning tokens annotated with SEP-tags are treated as 0 during training. Hereinafter,
the model trained with SEP-tag labels is referred to as the “model with SEP-tags”, and
the model trained with SEP-tag labels replaced by O is referred to as the “model without
SEP-tags”.

3.3. Extraction of Composition Expression Patterns from Predicted Labels

Given a sequence of predicted labels y, we extract SEP-tags and the composition
expression patterns enclosed by them. Specifically, we identify SEP-tags by scanning the
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token sequence from left to right and collect content entity and structural entity tokens
up to the next SEP-tag. Tokens with the 0 label within the composition expression pattern
region are ignored. This is because they do not affect the identity of the composition
expression pattern.

3.4. Four-Axis Evaluation Framework

In this study, we define a four-axis evaluation framework to evaluate the extraction of
composition expression patterns using SEP-tags. Standard entity-level F1 score typically
measures only the recognition of individual entity tokens. Since SEP-tags are structural
entities with properties different from conventional entities, standard entity-level F1 score
cannot fully evaluate their effectiveness. Beyond standard entity-level scoring, three
additional evaluation aspects are necessary. First, we assess whether entity labels within
composition expression patterns are correctly recognized, independently of boundary
prediction (using true SEP-tag spans as correct boundaries). Second, we assess whether
the model with SEP-tags can identify the correct composition expression patterns from its
own predicted boundaries. Third, we compare both models on pattern extraction accuracy
without any boundary oracle, which most closely reflects real-world extraction conditions.
Therefore, in this study, we conduct a four-axis evaluation based on these evaluation criteria.
Table 2 shows the four evaluation axes.

Table 2. Summary of the four-axis evaluation framework.

Axis

Name

Comparison Unit Model Overview

1
2
3
4

Entity-level F1 score

Standard named entity recognition accuracy. Structural

Token (entity span) Both labels excluded.

Correct span exact match rate Entity sequence Both Ground-truth SEP-tag spans provided. Isolates entity labeling.

Predicted span pattern extraction The model

F1 score
Pattern extraction F1 score

Entity sequence Self-predicted SEP-tag boundaries. End-to-end span plus entity.

with SEP-tags
Pattern ID Both No boundary hint. Most practical evaluation.

3.4.1. Axis 1: Entity-Level F1 Score

We calculate the standard seqeval [39] entity-level F1 score, excluding all auxiliary
structural labels (SEP, limitation, selection). Note that in our previous research [11],
we found that auxiliary structural labels contribute to improving the accuracy of content
entity labels for elements and composition values we wish to extract. In this study, we also
exclude auxiliary structural labels from the overall F1 score calculation. This allows us to
evaluate whether training using SEP-tags degrades entity-level recognition.

3.4.2. Axis 2: Correct Span Exact Match Rate

We extract entity sequences from each span by using the correct SEP-tags bound-
aries as spans. We then verify whether the predicted entity sequences exactly match the
correct sequences. In other words, Axis 2 assesses the recognition performance of entity
labels within composition expression patterns, excluding SEP-tags. This allows us to
evaluate the recognition capability of composition expression patterns independently of
boundary prediction.

3.4.3. Axis 3: Predicted Span Pattern Extraction F1 Score

We extract composition expression patterns from the predicted SEP-tags and compare
them with those extracted from the true SEP-tags to calculate the precision, recall, and F1
score for the multiset of composition expression pattern sequences. Tokens with the 0 label
are ignored within SEP-tags. This measures the model’s ability to position and identify
correct composition expression patterns using its own predicted boundaries.
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3.4.4. Axis 4: Pattern Extraction F1 Score

We compare both models fairly against the same ground-truth composition expression
patterns. The model with SEP-tags uses the predicted SEP-tags as the extraction window,
while the model without SEP-tags uses continuous entity groups (any sequence of tokens
other than 0) as the extraction window. In other words, Axis 4 purely evaluates the
performance of composition expression pattern extraction. This evaluation is the most
representative of real-world performance.

4. Experiments

4.1. Datasets
4.1.1. English Dataset

We constructed a dataset of 10,166 English-language materials science patent sentences
extracted from the USPTO (United States Patent and Trademark Office), focusing on US
registered patents classified under CPC C22 issued between January 2000 and December
2004. This corpus consists of 1000 manually annotated sentences and 9166 pseudo-labeled
sentences. The pseudo-labeled sentences were labeled using a RoBERTa-large model
trained on the 1000 manually annotated sentences. For the 1000 sentences, 900 were used
as training data and 100 as validation data for fine-tuning, achieving an F1 score of 0.9333
on the validation data. We randomly sampled 100 of the 9166 pseudo-labeled sentences
and manually verified them, achieving a micro F1 score of 0.9772 (Precision: 1.0000, Recall:
0.9553). The dataset contains 16 types of entity labels (13 content labels + 3 structural labels
including SEP-tags), and includes 1074 complete composition expression pattern instances
corresponding to 33 of the 50 predefined composition pattern templates (66.0% coverage).
Predefined composition expression patterns will be discussed later. All four axes are
evaluated using 5-fold cross-validation.

4.1.2. Japanese Dataset

Although patent specifications contain a variety of descriptions, this study focuses
on the “claims”. The claims are a critical component that sets forth the requirements for
defining an invention and clearly delineates the scope of the invention to be protected.
Furthermore, the specifications of patent applications cover a wide range of technical
fields. Therefore, utilizing the International Patent Classification (IPC) categories related to
“alloys”, we extracted 15,053 registered patents belonging to IPC class C22C (Alloys) that
were published between January 2000 and August 2021. All of these patents include the
term “composition” in their claims. This determination was based on expert advice, as it
was judged that sentences containing “composition” represent expressions indicating the
lower and upper limits of elemental and compound content. Of the 15,053 registered patents
mentioned above, we use sentences from 975 patents that were annotated entirely by hand.
We use the same entity label schema as the English dataset. Similarly, we evaluate the model
using 5-fold cross-validation. For the Japanese dataset, a single expert in materials science
performed the annotation based on the defined entity labels and composition expression
patterns. For the English dataset, annotation was performed by one expert in materials
science and one researcher. Regarding the entity labels and composition expression patterns
defined by the materials science expert, the two individuals cross-checked each other’s
work to ensure consistency in their understanding before proceeding with the annotation.
In such cases, the opinion of the materials science expert was adopted.

4.1.3. Definition of Composition Expression Patterns

Table 3 shows typical composition expression patterns defined by domain experts
in materials science, which encode the structure of general composition expressions. A
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complete list of all composition expression patterns in English and Japanese is provided in
Appendices A and B, respectively.

Figure 2 shows the frequency distribution of 33 observed composition expression
pattern templates in the English dataset (stacked plots of the manually annotated and
pseudo-labeled portions). The distribution shows a strong skew, with the top five composi-
tion expression patterns accounting for 611 out of 1074 cases (56.89%), while 17 composition
expression patterns have fewer than 10 instances.

Table 3. Definitions of typical composition expression patterns common to both English (En) and
Japanese (Ja). atom: element; fig_LL/fig_UL: lower/upper bound; unit: unit; limitation: con-
straint keyword. En/Ja counts indicate total instances in each corpus.

Token Sequence Relation En ID JaID Count (En/Ja)
atom — fig LL — limitation — fig UL — unit Compo_RA RRAE04 RRAQ008 95/1710
atom — fig LL — unit — limitation Compo_OS ROSE01 ROS002  133/50
atom — fig LL — limitation — fig_ UL Compo_RA RRAE01 RRAQ01 125/38
atom — fig LL — unit — limitation — fig UL — unit Compo_RA RRAE(02 RRAQ02 47/68
fig UL — unit — limitation — atom Compo_OS ROSE09 ROS007  44/35
Pattern Frequency Distribution (English, 10,166 samples, 1,074 instances)
1209 & 109
100 o5
£ ol
° 60 4
a0
201
° 6 > > > I N - T S Ry W S N PP S S P R S TR S Y
FEPEEEFEIE PP I PSS PGS ISP PSS
Pattern ID

Figure 2. Frequency distribution of 33 defined composition expression patterns in the English dataset
(10,166 sentences, 1074 total instances). Blue: pseudo-labeled portion; orange: manually annotated
portion. Composition expression patterns are sorted in descending order by total count.

Figure 3 shows the corresponding distribution for the Japanese dataset (18 of
27 patterns were observed, totaling 3359 instances). The Japanese data distribution is even
more concentrated: the top two composition expression patterns (RRA008 and ROS004)
alone account for 2678 out of 3359 instances (79.72%).

Pattern Frequency Distribution (Japanese, 975 samples, 3,359 instances)

1710
Human-annotated

1600

1400 -

1200 -

Count

> Y © >
N & &
& ¥ S S
<€ & & < <€

6’"
&
Pattern ID
Figure 3. Frequency distribution of 18 defined composition expression patterns in the Japanese dataset
(975 sentences, 3359 total instances). All data are manually annotated. Composition expression
patterns are sorted in descending order by total count.

https:/ /doi.org/10.3390/bdcc10070217


https://doi.org/10.3390/bdcc10070217

Big Data Cogn. Comput. 2026, 10, 217

10 of 22

4.2. Training Settings

Table 4 summarizes the training settings used for both models with and without
SEP-tags.

Table 4. Training settings.

Model/Hyperparameter Value

roberta-base
cl-tohoku /bert-base-japanese-whole-word-masking

English base model
Japanese base model

Maximum sequence length 512 tokens

Batch size 8

Learning rate 4 x 102 (AdamW [40])

LR scheduler Linear warmup (10%) + linear decay
Maximum epochs 20

Early stopping patience 5 epochs

4.3. Main Results

Table 5 shows the results for each entity in Axis 1 for both the English and Japanese
datasets (English: left table, Japanese: right table). For English, the micro F1 score on
a 5-fold cross-validation is 0.9201 (without SEP-tags) and 0.9216 (with SEP-tags). For
Japanese, the values are 0.8992 (without SEP-tags) and 0.8984 (with SEP-tags), confirming
that entity recognition performance is maintained in both languages.

Table 5. Axis 1: Entity-level F1 score (structural labels excluded, 5-fold CV). Left: English
(10,166 sentences), Right: Japanese (975 sentences).

(Left) (Right)
Model Precision Recall F1 Model Precision Recall F1
without SEP-tags 0.9095 0.9310 0.9201 without SEP-tags 0.8875 09111 0.8992
with SEP-tags 0.9110 0.9324 0.9216 with SEP-tags 0.8853 0.9119 0.8984
Diff. +0.0015 +0.0014 +0.0015 Diff. —0.0023 +0.0007 —0.0008

Underline indicates the higher value between the model without SEP-tags and the model with
SEP-tags.

Table 6 shows the results for both the English and Japanese datasets in Axes 2—4
(English and Japanese columns shown side-by-side). In Axis 2 (correct span exact match
rate), we confirmed that the exact match rate was significantly higher for the model with
SEP-tags in both English and Japanese. Since the model with SEP-tags learns SEP-tags, it
is believed that it also learns the named entity structure within composition expression
patterns, leading to an increase in the number of matched composition expression patterns.

Axis 3 (predicted span pattern extraction F1 score) evaluates the ability of the model
with SEP-tags to extract entity sequences within the SEP-tags it predicted, independently
of boundary detection based on SEP-tags. The model with SEP-tags achieved an F1 score
of 0.8807 (precision: 0.8680, recall: 0.8937) in English, and an F1 score of 0.6803 (precision:
0.7830, recall: 0.6014) in Japanese. The low recall rate for Japanese may be attributed to the
difference in the size of the training data (975 cases vs. 10,166 cases) and the morphological
complexity of Japanese composition expressions. Next, in Axis 4 (pattern extraction F1
score), the baseline without SEP-tags achieved a high recall rate (0.8354) in the English
dataset. The model without SEP-tags generates consecutive entity groups from tokens
other than 0, resulting in 56,739 candidate composition expression patterns across all CV
folds. While it generates nearly all true composition expression patterns, resulting in a
high recall rate, the high number of false positives limits the precision to 0.0412 and the
F1 score to 0.0784. In contrast, the model with SEP-tags uses predicted SEP-tags to limit
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candidate composition expression patterns to 2878 across all five CV test folds, reducing
false positives by a factor of 117 while maintaining a recall of 0.8630. We observed a similar
trend in the Japanese dataset as well.

Table 6. Axes 2, 3, and 4 (5-fold CV). Axis 2: Correct span exact match rate. Axis 3: Predicted span
pattern extraction F1 score. Axis 4: Pattern extraction F1 score. Column headers abbreviate “the
model with SEP-tags” as w/ SEP-tags and “the model without SEP-tags” as w/o SEP-tags.

English (10,166) Japanese (975)

Axes  Metric

w/o SEP-Tags w/ SEP-Tags Diff. w/o SEP-Tags w/ SEP-Tags Diff.
2 Exact match rate 0.1595 0.7567 —+0.5972 0.1754 0.8655 +0.6901
3 Precision — 0.8680 — — 0.7830 —
3 Recall — 0.8937 — — 0.6014 —
3 F1 score — 0.8807 — — 0.6803 —
4 Precision 0.0412 0.8381 +0.7969 0.0185 0.5613 +0.5428
4 Recall 0.8354 0.8630 +0.0276 0.7826 0.4312 —0.3514
4 F1 score 0.0784 0.8503 +0.7719 0.0361 0.4877 +0.4516
4 False positives 54,404 466 X 1 11,485 93 X 133

Underline indicates the higher value between the model without SEP-tags and the model with
SEP-tags.

4.4. Statistical Significance Tests

This section discusses statistical significance tests for each evaluation. Axis 1: To
verify whether the performance difference at the entity level is statistically significant, we
apply a label-specific Wilcoxon signed-rank test with Benjamini-Hochberg (BH) correction
(« = 0.05) to the 5-fold cross-validation results of the 10,166-sentences English dataset and
the 975-sentences Japanese dataset. Table 7 shows the results for both languages. No labels
showed a statistically significant difference in either language (minimum raw p = 0.0754,
0 out of 13 labels were significant after BH correction).

Table 7. Axis 1: Per-label entity F1 score significance test (Wilcoxon signed-rank with BH correction,
a = 0.05; 5-fold CV). Positive mean diff indicates with SEP-tags > without SEP-tags. Top-4 labels by
raw p-value shown per language. All others raw p > 0.3.

Label English (10,166) Japanese (975)

e Mean Diff p-Value Mean Diff p-Value
atom —0.0126 0.0955 — —
balance — — —0.0179 0.1797
fig -+0.0595 0.1683 — —
fig_ UL — — +0.0089 0.0754
substance — — —0.0306 0.2619
sum +0.0564 0.1688 — —
unit — — —0.0073 0.2845
variable +0.0148 0.1048 — —

(all BH-corrected p > 0.43, 0/13 significant after BH correction)

To complement the analysis by label, we also applied the Wilcoxon signed-rank test to
the overall micro-average F1 score calculated for each sample (excluding structural labels
and performing seqeval entity-level evaluation). Note that the sample-level average F1
score shown in Table 8 is calculated differently from the aggregated micro-F1 score in
Table 5. While the aggregated micro-F1 score is calculated by summing the TP, FP, and FN
across all samples, the sample-level average is the mean of the F1 scores for each individual
sample, and tends to be lower due to the influence of samples with fewer entities. In
English, a slight improvement of 0.0023 points was found to be statistically significant in
the model with SEP-tags (p = 0.0147), while in Japanese, there was no significant difference
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(p = 0.3308). Both results are consistent with the analysis by label. Training with SEP-tags
preserves entity recognition in both languages. For Axis 2 (correct span exact match rate),
the McNemar test showed x? = 0.1552, p = 0.6936 (English), and x? = 0.0000, p = 1.0000
(Japanese), confirming that there is no significant difference in the quality of matches
at the span level. Note that the Japanese result (x> = 0.0000, p = 1.0000) reflects the
extremely small number of discordant span pairs: no span was detected only by the model
without SEP-tags, and only one span was detected only by the model with SEP-tags, out of
48 ground-truth SEP-tag spans. The McNemar test lacks statistical power in this setting
and does not contradict the large absolute improvement in exact match rate (+0.6901).

Table 8. Axis 1: Overall micro-average F1 score Wilcoxon signed-rank test (two-sided, « = 0.05).
Per-sample entity-level F1 score (structural labels excluded, evaluated using seqeval).

Dataset n Without SEP-Tags With SEP-Tags Diff. p-Value
English 10,166 0.8190 0.8212 +0.0023 0.0147
Japanese 975 0.8652 0.8625 —0.0027 0.3308

Underline indicates the higher value between the model without SEP-tags and the model with
SEP-tags. Bold p-value indicates statistical significance (p < 0.05).

Regarding Axis 4 (pattern extraction F1 score), Fisher’s exact test on the 10,166 English
examples using 5-fold cross-validation confirms that the improvement in precision is highly
significant (p < 10710, without SEP-tags: 0.0412, with SEP-tags: 0.8381). Similar results
were obtained with the Wilcoxon signed-rank test at the sample level (p < 1071, average
improvement +0.5374, see Section 5.3). For the Japanese data, similar results were also
obtained. In Japanese, the improvement in the precision is highly significant (p < 1071,
without SEP-tags: 0.0185, with SEP-tags: 0.5613). Similar results were obtained using the
Wilcoxon signed-rank test on a per-sample basis (p < 1070, average improvement +0.3069).

5. Analysis
5.1. Why SEP-Tags Do Not Lower Entity F1 Score?

Training to add SEP-tags as entities results in SEP-tags being added as a new class for
classification. Nevertheless, the results for both English and Japanese show that the change
in entity F1 score is negligible (|AF1| < 0.002 for English, |AF1| < 0.001 for Japanese)
(see Table 5). In this study, we believe there are two factors contributing to this. First,
SEP-tags are semantically distinct from content entities. Typically, they are function words

e

or punctuation marks (e.g., “wherein,” “comprising,” or commas in Japanese) and do not
appear as entity tokens. Therefore, the model learns to separate SEP-tags with minimal
interference. Second, the Transformer’s self-attention mechanism [41] can utilize SEP-tags
as contextual anchors. The presence of SEP-tags provides additional structural context
and has the potential to improve entity recognition capabilities within bounded regions.
This is suggested by the fact that the recall of the model with SEP-tags is slightly higher on
the English dataset (model with SEP-tags: 0.9324 vs. model without SEP-tags: 0.9310). A

similar trend in recall is observed in Japanese (see Table 5).

5.2. Results for Composition Expression Patterns in Axis 4

Table 9 shows the results for Axis 4, broken down by composition expression pattern,
for the dataset of 10,166 English sentences. For all composition expression pattern defini-
tions with ten or more correct examples, the model with SEP-tags consistently outperforms
the model without SEP-tags. While the F1 score for the model without SEP-tags is close
to zero for many composition expression patterns, the model with SEP-tags achieved F1
scores ranging from 0.714 to 0.887. Significant improvements were also observed in the
“OTHER” category (2319 composition expression patterns that did not match the defined
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composition expression patterns). (F1 score by the model without SEP-tags = 0.080 vs. F1
score of the model with SEP-tags = 0.857) The “OTHER” category targeted those with one
or more entity types. These results indicate that the SEP-tag generalizes beyond the defined
composition expression patterns.

Table 9. Per-pattern Axis 4 results on the English dataset (10,166 sentences). Support: number of
ground-truth instances, AF1 = with SEP-tags — without SEP-tags. Patterns with support > 10 are shown.

Without SEP-Tags With SEP-Tags
Pattern Support — — AF1
Precision Recall F1 Score Precision Recall F1 Score

RRAE19 116 0.014 0.155 0.025 0.895 0.879 0.887 +0.862
RTOEO1 106 0.038 0.292 0.067 0.791 0.821 0.806 +0.738
RRAE04 40 0.000 0.000 0.000 0.791 0.850 0.819 +0.819
ROSE11 29 0.002 0.034 0.004 0.844 0.931 0.885 +0.881
ROSEO02 21 0.000 0.000 0.000 0.714 0.714 0.714 +0.714
RRAE21 20 0.010 0.050 0.017 1.000 0.650 0.788 +0.771
ROSEQ3 20 0.200 0.050 0.080 0.737 0.700 0.718 +0.638
RRAE18 19 0.004 0.053 0.008 0.778 0.737 0.757 +0.749
ROSE04 14 0.000 0.000 0.000 0.800 0.857 0.828 +0.828
RRAEO06 14 0.000 0.000 0.000 0.833 0.714 0.769 +0.769
RRAEQ02 10 0.067 0.100 0.080 0.750 0.900 0.818 +0.738
OTHER 2319 0.042 0.928 0.080 0.841 0.873 0.857 +0.776

Underline indicates the higher value between the model without SEP-tags and the model with

SEP-tags.

5.3. Why Does the Precision of the Model Without SEP-Tags Decline in Axis 4?

The model without SEP-tags achieves an entity-level F1 score of 0.9201 in the English
dataset (see Table 5). However, in Axis 4, the precision at the composition expression
pattern level drops to 0.0412 (see Table 6). This gap clearly demonstrates that a separator
such as the SEP-tag is necessary to extract composition expression patterns. One reason
is that, while individual token labeling achieves high accuracy without SEP-tags, it is
unable to organize those tokens into meaningful compositional groups as composition
expression patterns. In the English 5-fold CV evaluation (10,166 sentences), the model
without SEP-tags generates 56,739 consecutive entity groups from token spans other than O.
Of these, 54,404 are false positives. Since there are only 2795 correct composition expression
patterns, the majority of these false positives result from the erroneous segmentation of
long text regions into multiple overlapping composition expression pattern candidates.
In contrast, the model with SEP-tags is constrained by the SEP-tags and generates only
2878 candidate groups across all 5-fold CVs, of which 83.8% match the correct composition
expression patterns (FP = 466 out of 2878 predictions). To confirm that this difference is
statistically significant, we performed Fisher’s exact test on the aggregated TP /FP counts
(Hj: Precision (without SEP-tags) < Precision (with SEP-tags)) and a sample-level Wilcoxon
signed-rank test for Axis 4 (Hy: Flyith sEP-tags > Flwithout SEP-tags)-

Fisher’s exact test indicates an odds ratio of 8.0 x 1073, p < 10~!? (Precision: with-
out SEP-tags = 0.0412, with SEP-tags = 0.8381). The sample-level Wilcoxon test (for
n = 2407 samples with correct composition expression patterns) shows p < 1071? and an
average F1 score improvement of +0.5374. Both tests confirm that the improvement in pre-
cision and F1 score for the model with SEP-tags in Axis 4 is highly statistically significant.

Error Analysis

To better understand the causes of false positives, we performed a qualitative analysis
of all 466 FP from the model with SEP-tags in Axis 4 on the 10,166 sentences English 5-fold
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CV. As a result, we identified three types of errors. (1) Prediction of empty composition
expression patterns (188 cases, 40.3%): Cases where the model predicts an SEP-tag but no
entity exists within it, resulting in an SEP-tag being predicted in an area where there is no
composition. (2) Predictions outside composition expression patterns (OTHER, 195 cases,
41.9%): Sequences that do not belong to defined composition expression patterns, with
unit_def alone accounting for the majority. (3) Predictions within composition expression
patterns with no correct answer (83 cases, 17.8%): Cases where the predicted composition
expression pattern ID is correct, but there is no corresponding correct answer within the
same sample.

In the model without SEP-tags (FP = 54,404 cases), the dominant error type is a single
entity prediction. atom alone accounts for approximately 13,084 cases (24.0%), use alone
accounts for 9135 cases (16.8%), and substance alone accounts for 6494 cases (11.9%). The
reason for this is that the model without SEP-tags can accurately label individual entities.
However, since it lacks a mechanism to group them into multi-element compositional units,
isolated entities are extracted as individual candidate composition expression patterns.
Consequently, almost all of them do not match predefined composition expression patterns.
These findings confirm that the SEP-tag directly resolves the segmentation problem that
causes a decrease in precision rate under settings without SEP-tags.

As future improvements, we discuss approaches to address these three types of errors.
First, regarding (1) Prediction of empty composition expression patterns, one possible
post-processing method is to exclude predictions where no entity exists between SEP-tags
from the list of candidate composition expression patterns. Applying this post-processing
is expected to reduce false positives of this error type. Next, we describe approaches for
(2) Predictions outside composition expression patterns. Among the composition expres-
sion patterns falling under (2), there is a possibility that they include useful composition
expression patterns that could not be discovered during the manual annotation stage.
Therefore, as a future direction, we expect to expand the definition of composition expres-
sion patterns by manually inspecting the composition expression patterns extracted under
error type (2). Finally, regarding (3) Predictions within composition expression patterns
with no correct answer, it is possible to reduce false positives by improving SEP-tag pre-
diction accuracy and by adding or revising annotations to supplement the corresponding
ground-truth patterns, as further discussed in the Section 5.5.

5.4. Analysis of False Negatives in the Japanese Dataset

In Evaluation 4 of the Japanese dataset, the recall dropped from 0.7826 to 0.4312 after
introducing SEP-tags. Since the model with SEP considers only the range enclosed by the
predicted SEP-tags as pattern candidates, the true patterns of sentences where SEP-tag
prediction failed are not generated as candidates and result in false negatives. In the
Japanese dataset, one factor contributing to conservative SEP-tag prediction is the size of
the training data. The Japanese dataset consists of 975 sentences, which is approximately
one-tenth the size of the English dataset (10,166 sentences). Another factor is the diversity
of words assigned SEP-tags (see Section 5.5). The number of distinct strings assigned
SEP-tags was 165 in the English dataset and 299 in the Japanese dataset. In the Japanese
dataset, the problem is considered difficult because boundaries must be predicted for a
wide variety of tokens. Furthermore, since the number of training sentences per fold is
limited, the model tends to choose the O label for uncertain boundaries, resulting in an
increase in false negatives. Therefore, expanding the Japanese dataset is a key approach to
improving recall, and this will be a focus for future work.

https:/ /doi.org/10.3390/bdcc10070217


https://doi.org/10.3390/bdcc10070217

Big Data Cogn. Comput. 2026, 10, 217

15 of 22

The Correlation Between SEP-Tags and the Accuracy of Composition Expression
Pattern Extraction

To quantify the relationship between SEP-tag prediction accuracy and the quality of
extracted composition expression patterns, we calculated the F1 score for SEP-tags and the
F1 score for composition expression patterns based on Axis 4 for 2407 samples, each of
which contained at least one correct composition expression pattern. As a result, Pearson
r = 0.543 and Spearman p = 0.555, indicating a moderate positive correlation for both
metrics. Additionally, Table 10 shows the F1 scores for extracting composition expression
patterns within each F1 score range when detecting SEP-tags. In samples where the F1
score for SEP-tag > 0.8 (2214 out of 2407), the average F1 score for Axis 4 reaches 0.899, but
in samples where the F1 score for SEP-tag € [0.6,0.8), the average F1 score for Axis 4 drops
to 0.476. This confirms that the 40.3% false positive rate identified in the error analysis in
Section 5.3, which consisted of predictions of empty composition expression patterns, was
primarily due to samples where SEP-tag prediction failed, and that further improvements
in SEP-tag prediction accuracy directly lead to improved composition expression pattern
extraction accuracy.

Table 10. Axis 4 of the model with SEP-tags segmented by SEP-tag F1 scores per sample. Axis 4:
Average F1 score (English 5-fold CV, 2407 samples with correct composition expression patterns).

SEP-Tags F1 Score Range Samples Axis 4 Average F1 Score
[0.8,1.0] 2214 0.899
[0.6,0.8) 146 0.476
[0.4,0.6) 39 0.252
[0.2,0.4) 8 0.125

5.5. Validation of the Non-Crossing Hypothesis

A key assumption underlying the SEP-tag approach is that SEP-tags do not span
composition expression patterns. In other words, since SEP-tags do not appear within
composition expression patterns, a single composition expression pattern is never de-
scribed across multiple SEP-tags. In this study, we tested this hypothesis using three
main procedures.

5.5.1. Method 1: Semantic Categorization of Strings with SEP-Tags

Analysis of SEP-tagged strings in annotated materials science patent documents
(1000 English and 975 Japanese) revealed that they can be classified into three main semantic
categories. (i) Composition Enumeration Starters (e.g., English: comprising, wherein;
Japanese: karanaru, woganyuushi), which are strings indicating the start of a composition
enumeration. (ii) Composition Enumeration Separators (e.g., English: comma, semicolon,
and; Japanese: comma, oyobi), which are strings that separate individual composition
expression patterns. (iii) Clause/Sentence Terminator (e.g., English: period, Japanese:
dearu), a character sequence that terminates a sentence or clause. All three categories
indicate boundaries rather than compositional content. Table 11 shows that 98.9% (English)
and 95.9% (Japanese) of the SEP-tags in the annotation data belong to these three categories.
The remaining categories included case particles and relative clauses, none of which
were components of composition expression patterns and did not belong to any of the
three semantic categories.
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Table 11. The semantic categories of SEP-tags and the number of instances in annotation data. Ja:
Japanese, En: English.

Category En Example Ja Example En Coverage Ja Coverage
Composition Enumeration Starters comprising, wherein  karanaru, woganyuushi 30.2% 17.0%
Composition Enumeration Separators 0 and oyobi, narabini 53.3% 66.3%
Clause/Sentence Terminator " dearu 15.4% 12.5%
Other - - 1.1% 4.1%

5.5.2. Method 2: Lexical Distinctness of SEP-Tag Strings from Content Entities

We directly verify that strings labeled with SEP-tags are lexically distinct from content
entities (such as atom and fig). The results of the lexical overlap analysis are summarized
in Table 12. The number of strings assigned SEP-tags was 165 types in the English data
and 299 types in the Japanese data. Of these, 97.0% of the SEP-tags in the English data
and 99.0% of the SEP-tags in the Japanese data do not appear as content entity tokens. In
other words, these are strings assigned only by SEP-tags. On the other hand, the number
of strings assigned to both SEP-tags and content entity tokens was 5 in the English data
and 3 in the Japanese data. All of these few duplicate forms are considered to be context-
dependent bracket numbers (e.g., (1), (1)) or annotation errors, and it has been confirmed
that they do not represent true compositional content.

Table 12. Verification of strings assigned SEP-tags. Number of unique SEP-tag types that do not
appear as content entity tokens.

Dataset Unique SEP Types Non-Overlapping Overlapping
English (1000 human) 165 160 (97.0%) 5
Japanese (975) 299 296 (99.0%) 3

5.5.3. Method 3: SEP-Tag Non-Crossing Verification

At the annotation level, we examined all SEP boundary spans in both datasets (40,232
in English and 6146 in Japanese) and confirmed that no composition expression patterns
spanned across SEP boundaries in either language.

Based on these three pieces of evidence, we consider this sufficient to validate the
hypothesis that SEP-tags do not span composition expression patterns.

5.6. Cross-Lingual Consistency

In this study, we evaluated the proposed SEP-tag method across two different lan-
guages: English (10,166 sentences, roberta-base) and Japanese (975 sentences, BERT-base-
Japanese). Despite differences in language, tokenization strategy, and dataset size, the
results showed a remarkably consistent pattern of results across all four evaluation metrics.

5.6.1. Entity F1 Score (Axis 1)

The change in entity-level F1 score when adding SEP-tags is minimal in both languages.
In English, AF1 = +0.0015, and in Japanese, AF1 = —0.0008; statistical significance tests
confirmed that neither difference is significant. Therefore, adding SEP-tags as new entities
does not negatively impact entity recognition performance.

5.6.2. Reduction of False Positives (Axis 4)

The model with SEP-tags significantly reduces false positives in both languages. In
English, the ratio is 1/117 (FP: 54,404 — 466), and in Japanese, it is 1/123 (FP: 11,485 — 93).
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These results confirm that SEP-tags significantly reduce false positives in both languages,
supporting the robustness of the SEP-tag approach.

5.6.3. Differences Between Languages

The results of Axis 2 indicate that there is a difference in the correct span exact match
rate between the two languages. In the model with SEP-tags, the 5-fold cross-validation
for Japanese achieved an exact match rate of 0.8655, while the 5-fold cross-validation for
English achieved an exact match rate of 0.7567. Both were evaluated using 5-fold cross-
validation with identical hyperparameters. This gap may partially reflect the small size
and homogeneity of the Japanese dataset (975 cases, 171 ground-truth SEP-tag spans).
Furthermore, in the Axis 3 F1 score (predicted span pattern extraction), the Japanese
micro F1 score (0.6803) is lower than the English micro F1 score (0.8807), suggesting that
boundary prediction is more difficult in Japanese. This may be due to the high ambiguity in
Japanese, where punctuation and particles have multiple roles. In any case, the qualitative
conclusions are the same for both languages, which supports the generalizability of the
proposed approach.

5.7. Comparison of Computational Costs

In this section, we conclude by comparing the proposed method with other methods
in terms of training and inference costs and constraints. Table 13 shows a comparison
of computational costs across different methods for extracting composition expression
patterns. The training cost referred to here pertains solely to the task-specific computational
overhead, excluding the encoder component of BERT. The method using BIO/BIOES and
SEP-tags involves only fine-tuning the BERT model. Since it involves token-by-token
learning for label prediction in the task head, the complexity is O(#), resulting in a low
training cost. Furthermore, since inference requires only O(#) computations, the inference
cost is also low. However, pattern extraction is difficult with the BIO/BIOES model. In the
case of LLMs, no training costs are required since only the prompt needs to be designed.
However, inference costs are high because API costs are incurred during inference. Fur-
thermore, LLMs face challenges regarding privacy issues and reproducibility when the
model is modified. Additionally, Foppiano et al. [28] have shown that even LLMs such as
GPT-4 cannot match the zero-shot accuracy of fine-tuned BERT for materials science NER,
indicating challenges in terms of accuracy as well. In span-based NER, all combinations of
start and end positions are enumerated as span candidates, so the training cost for span
enumeration is O(n?). The same applies during inference. Therefore, the SEP-tag approach
proposed in this study requires only an initial annotation cost, but training and inference
costs can be kept low.

Table 13. Comparison of computational costs by method for extracting composition expression patterns.

Method Training Cost Inference Cost Constraints

BIO/BIOES Low (O(n)) Low (O(n)) Cannot be patterned
SEP-tags Low (O(n)) Low (O(n)) Initial annotation only
LLM None High (API) * Privacy and reproducibility

Span-based Medium (O(n?)) Medium (O(n?)) Span enumeration required

T LLM inference cost refers to API billing cost, not local computational complexity.

6. Conclusions

In this study, we propose the SEP-tag, a separator tag for extracting composition
expression patterns in materials science patent documents. By introducing entities that
explicitly mark structural boundaries as named entity recognition labels, the model can
learn both entity recognition and composition expression pattern segmentation through
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a single end-to-end fine-tuning process. We comprehensively evaluated performance at
both the entity level and the composition expression pattern level using the proposed
four-axis evaluation framework. Experiments on English (10,166 sentences) and Japanese
(975 sentences) datasets showed that training with the SEP-tag improved the correct span
exact match rate by 59.72 percentage points on the English dataset (Axis 2), reduced false
positives in composition expression pattern extraction to 1/117 in English and 1/123 in
Japanese (Axis 4), and maintained the entity F1 score across all 13 labels in both languages
without any statistically significant decline (Axis 1).

Analysis by composition expression pattern confirmed that the improvement general-
ized across all observed composition expression pattern templates. Improvements were
also observed in the “OTHER” category (2319 cases outside predefined patterns) (F1 score:
0.080 — 0.857). Error analysis revealed that the dominant type of remaining false positives
was empty composition expression pattern predictions (40.3% of SEP-tags false positives),
and sample-level analysis showed a moderate correlation between SEP-tag prediction
accuracy and composition expression pattern extraction accuracy (Pearson r = 0.543).

The following issues remain to be addressed:

¢ Adding rule-based post-processing to the without SEP-tag baseline. We believe that
this baseline without SEP-tags provides a fair comparison with the model that uses
SEP-tags, as it employs the same architecture and training data, except for the differ-
ence in the presence or absence of SEP-tags. On the other hand, adding rule-based
post-processing is expected to further enhance the competitiveness of the baseline.

¢ Improving recall by expanding the Japanese dataset.

¢ Direct improvement of SEP-tags prediction quality. As SEP-tags F1 score increases,
the accuracy of composition expression pattern extraction improves consistently, and
for samples with SEP-tags F1 score > 0.8, the average F1 score has already reached
0.899 in Axis 4.

e  Evaluation using independent test data consisting solely of gold labels. We have con-
firmed that the errors in the pseudo-labels generated by the RoBERTa-large training
model are limited and sufficient in quality. However, since the test fold also contains
pseudo-labeled data, we cannot dismiss the possibility of performance overestima-
tion. In the future, we expect to further enhance the reliability of the evaluation by
conducting assessments using independent test data composed solely of gold labels.

e Extraction of composition expression patterns through the introduction of SEP-tags
into other domains. This approach may be applied to domains where structural pat-
terns consisting of multiple entities exist and where the vocabulary defining the bound-
aries of these patterns is well-defined. For example, in domains such as academic
papers and legal documents, similar structural pattern extraction can be expected if
domain experts define the vocabulary that indicates these boundaries as SEP-tags.

Author Contributions: Conceptualization, T.S.; software, T.S.; validation, T.S.; investigation, T.S.;
data curation, T.S. and N.C.; writing—original draft, T.S.; writing—review and editing, T.S. and T.M.;
supervision, T.M.; project administration, T.S.; funding acquisition, T.M. All authors have read and
agreed to the published version of the manuscript.

Funding: This study is supported in part by KAKENHI JP26K03045 and JP26K00542.
Institutional Review Board Statement: Not applicable.
Informed Consent Statement: Not applicable.

Data Availability Statement: The datasets presented in this article are not readily available because
the data were annotated by employees of a co-author company and contain proprietary information
that cannot be disclosed externally.

https:/ /doi.org/10.3390/bdcc10070217


https://doi.org/10.3390/bdcc10070217

Big Data Cogn. Comput. 2026, 10, 217 19 of 22

Acknowledgments: The authors thank Kimiyuki Arashiba for assistance with annotation of the
English dataset.

Conflicts of Interest: Author Nobuhiko Chiwata was employed by the company Proterial, Ltd. The
remaining authors declare that the research was conducted in the absence of any commercial or
financial relationships that could be construed as a potential conflict of interest.

Appendix A. English Pattern Templates (Complete List)

Table A1 lists the 33 observed composition expression pattern templates in the English
dataset. “Count” is the number of SEP-segment-bounded instances observed in the full
English corpus (all 10,166 sentences including pseudo-labeled; 1074 total). Note that
this differs from the “Support” column in Table 9, which counts ground-truth instances
extracted from 5-fold CV test fold labels only.

Table A1. English composition expression patterns. Sorted by descending instance count.

Pattern ID  Relation Token Sequence Count
ROSE05 Compo_OS  atom — limitation — fig UL 149
ROSEO01 Compo_OS  atom — fig LL — unit — limitation 133
RRAEO1 Compo_RA  atom — fig LL — limitation — fig_ UL 125
ROSE04 Compo_OS atom — limitation — fig LL — unit 109
RRAE04 Compo_RA  atom — fig LL — limitation — fig UL — unit 95
RRAE18 Compo_RA  fig LL — unit — limitation — fig UL — unit — atom 65
ROSE13 Compo_OS limitation — fig UL — atom 52
RRAEQ2 Compo_RA  atom — fig LL — unit — limitation — fig UL — unit 47
ROSE09 Compo_OS  fig UL — unit — limitation — atom 44
ROSE10 Compo_OS  fig LL — unit — limitation — atom 44
RRAE21 Compo_RA  limitation — fig LL — limitation — fig UL — unit — atom 43
RRAE17 Compo_RA  fig LL — limitation — fig UL — atom 30
RRAEO05 Compo_RA  atom — limitation — fig LL — unit — limitation — fig UL — unit 28
RRAE20 Compo_RA  limitation — fig LL — unit — limitation — fig UL — unit — atom 23
RRAEQ3 Compo_RA  atom — fig LL — unit — limitation — fig UL — unit — limitation 16
RRAE25 Compo_RA  fig LL — unit — limitation — fig UL — unit — udef — atom 10
RRAE22 Compo_RA  fig LL — unit — limitation — fig UL — unit — limitation — atom 9
RRAE14 Compo_RA  fig LL — unit — limitation — atom — limitation — fig UL — unit 8
RRAEQ7 Compo_RA  atom — fig LL — unit — limitation — limitation — fig UL — unit 6
RRAEQ9 Compo_RA  atom — fig UL — unit — limitation — limitation — fig LL — unit 6
RRAE10 Compo_RA  atom — limitation — fig LL — unit — limitation — fig UL — unit — udef 6
ROSEO08 Compo_OS  atom — limitation — fig UL — unit — udef 4
RRAE26 Compo_RA  limitation — fig LL — unit — limitation — fig UL — unit — udef — atom 4
ROSE14 Compo_OS fig UL — limitation — atom 3
ROSE07 Compo_OS  atom — fig UL — unit — limitation — udef 2
RRAEO08 Compo_RA  atom — limitation — fig LL — unit — fig UL — unit — limitation 2
RRAE12 Compo_RA  atom — fig LL — unit — limitation — fig UL — unit — udef 2
RRAE13 Compo_RA  atom — fig LL — limitation — fig UL — unit — udef 2
RRAE23 Compo_RA  fig LL — unit — limitation — limitation — fig UL — unit — atom 2
RRAE24 Compo_RA  fig UL — unit — limitation — limitation — fig LL — unit — atom 2
RRAE11 Compo_RA  atom — fig LL — unit — limitation — limitation — fig UL — unit — udef 1
RRAE15 Compo_RA  fig LL — limitation — atom — limitation — fig UL — unit 1
RRAE16 Compo_RA  fig LL — limitation — atom — limitation — fig UL 1

Appendix B. Japanese Pattern Templates (Complete List)

Table A2 lists the 18 observed compositional pattern templates in the Japanese dataset.
“Count” is the total number of observed instances in the Japanese corpus (3359 total).

Table A2. Japanese composition expression patterns. Sorted by descending instance count.

Pattern ID Relation Token Sequence Count
RRA008 Compo_RA  atom — fig LL — limitation — fig UL — unit 1710
ROS004 Compo_OS atom — fig UL — unit — limitation 968
RRA006 Compo_RA  atom — fig LL — unit — limitation — fig UL — unit — limitation 254
RRAO007 Compo_RA  fig LL — limitation — fig UL — unit — atom 82
RRA002 Compo_RA  atom — fig LL — unit — limitation — fig UL — unit 68
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Table A2. Cont.

Pattern ID Relation Token Sequence Count
ROS005 Compo_OS  atom — limitation — fig UL — unit 52
ROS002 Compo_OS atom — fig LL — unit — limitation 50
RRAO001 Compo_RA  atom — fig LL — limitation — fig UL 38
RRAO11 Compo_RA atom — fig LL — limitation — fig UL — unit — limitation 36
ROS007 Compo_OS fig UL — unit — limitation — atom 35
ROS009 Compo_OS  limitation — fig UL — unit — atom 24
ROS008 Compo_OS fig LL — unit — limitation — atom 10
ROS003 Compo_OS  atom — fig UL — limitation 10
RRA004 Compo_RA  fig LL — unit — limitation — fig UL — unit — atom 9
RRA009 Compo_RA  fig LL — limitation — fig UL — unit 4
ROS006 Compo_OS atom — limitation — fig LL — unit 4
ROS001 Compo_OS atom — fig LL — limitation 3
RRA003 Compo_RA  fig LL — limitation — fig UL — atom 2

Appendix C. Entity Label Frequency Statistics

Tables A3 and A4 report the number of entity instances per label type in the English

and Japanese corpora, respectively. Counts are aggregated at the entity level (each span is

counted once, regardless of BIO prefix).

Table A3. Entity label instance counts in the English corpus (10,166 sentences, 132,923 total entity

instances). Sorted by descending count within each group.

Label Count Ratio (%)
atom 19,933 15.0
unit 12,557 9.4
fig UL 11,548 8.7
fig LL 9450 7.1
use 9015 6.8
substance 6776 5.1
unit_def 1573 1.2
variable 1346 1.0
formula 1205 0.9
balance 827 0.6
fig 628 0.5
f_no 562 04
sum 230 0.2
limitation 14,563 11.0
selection 2478 19
SEP 40,232 30.3

Table A4. Entity label instance counts in the Japanese corpus (975 sentences, 33,515 total entity

instances). Sorted by descending count within each group.

Label Count Ratio (%)
atom 6122 18.3
unit 4691 14.0
fig UL 4170 124
fig LL 2939 8.8
use 992 3.0
variable 594 1.8
unit_def 453 14
balance 382 1.1
substance 382 1.1
formula 365 1.1
f_no 285 0.9
sum 97 0.3
fig 19 0.1
limitation 4923 14.7
selection 955 2.8
SEP 6146 18.3
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