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Abstract
This study investigates whether typical Japanese concep-

tual metaphors can be derived from the BCCWJ-Metaphor
corpus using a large language model (LLM). We automati-
cally extract source and target domains from metaphorical
constructions and compare two approaches: (i) provid-
ing an LLM with a predefined domain inventory and (ii)
inferring conceptual metaphors by leveraging higher-level
semantic categories. Based on evaluations by native speak-
ers, we find that the former approach achieves higher recall
but lower precision, while the latter yields higher precision
with lower recall. In particular, the first approach enables
the extraction of 72 or 76 conceptual metaphors, demon-
strating its effectiveness in broad coverage of Japanese con-
ceptual metaphor usage.

1 Introduction
According to Conceptual Metaphor Theory [1], abstract

concepts are understood through more concrete ones, re-
flecting a fundamental mechanism of human cognition.
For example, in Japanese, the conceptual metaphor 感情
は水 (EMOTION IS WATER) is commonly used, seen
in expressions such as 気分にひたる (to be immersed
in a feeling, lit. to be soaked in a feeling) and 愛着が沸
く (to develop an attachment, lit. attachment boils up). In
this example, EMOTION is the target domain, which is the
abstract concept we try to understand, and WATER is the
source domain used to describe EMOTION.

Previous studies on conceptual metaphors in Japanese
have mainly focused on analyzing metaphors related to a
specific target domain [2, 3, 4, 5]. These studies typically
examine how a target domain is structured across multi-
ple source domains, often through qualitative analyses of

selected examples. However, it remains unclear to what ex-
tent these conceptual metaphors are realized in large-scale
corpora.

To address this gap, we propose an automatic method for
extracting conceptual metaphors in Japanese using a large
language model (LLM). Kato et al. [6] annotated metaphor-
ical expressions in the Balanced Corpus of Contempo-
rary Written Japanese (BCCWJ) [7], creating the BCCWJ-
Metaphor corpus, which provides explicit information on
metaphors in Japanese. Using the BCCWJ-Metaphor cor-
pus, we investigate how many typical Japanese concep-
tual metaphors can be recovered from metaphorical ex-
pressions. Specifically, we focus on the inventory of
Japanese conceptual metaphors proposed by Nabeshima
[8] and use it as a reference list. This enables us to exam-
ine to which extent these theoretically proposed conceptual
metaphors appear in corpus data and whether their source
and target domains can be systematically identified. In
particular, we focus on noun–verb, noun–adjective, and
noun–noun constructions, and propose a method for auto-
matically inferring source and target domains from these
expressions. Native speakers then evaluate whether the
conceptual metaphors we derive from these metaphorical
expressions are plausible.

2 Related Work
Several studies have examined specific target domains

in Japanese conceptual metaphors. Oishi [2] conducted
a comparative study of 感情 (EMOTION) metaphors in
Japanese and English, proposing a classification aimed at
cross-linguistic comparison. Other work has also focused
on a single target domain in Japanese, including 情報
(INFORMATION) [3], 心 (MIND/HEART) [4], and 時
間 (TIME) [5], using corpus-based, cultural, or structural
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analyses. From a computational perspective, Zhu et al. [9]
proposed a system for detecting metaphorical expressions
using the BCCWJ-Metaphor corpus.

Although LLMs have been applied to extracting source
and target domains of conceptual metaphors, most prior
work has focused on English, with little attention to
Japanese. Recent studies have explored LLM-based
metaphor processing in various settings. For example,
Boisson et al. [10] examined metaphor extraction and con-
ceptual mapping in literary texts, while Wachowiak et al.
[11] evaluated GPT-3’s ability to detect metaphorical ex-
pressions and predict source domains without predefined
domain lists. In addition to these studies focusing on
metaphor identification, other work has addressed related
tasks involving source–target domain modeling, includ-
ing domain based metaphor generation [12] and word-pair
based metaphor detection [13]. More recently, Zheng et
al. [14] proposed an emotion-guided LLM approach to
metaphor detection that infers source and target domains
through emotion-aware domain mapping.

3 Data

3.1 BCCWJ-Metaphor

In this study, we used the BCCWJ-Metaphor corpus re-
leased by Kato et al. [6]. In addition to the annotation
of metaphors, the corpus also includes metaphorical con-
structions and metaphor types. Figure 1 shows an example
from the BCCWJ-Metaphor corpus.

Figure 1 Example of BCCWJ-Metaphor

In the corpus, a BIO label is assigned to every short-unit
word, indicating whether it is the beginning of a metaphor-
ical expression (B), inside a metaphorical expression (I), or

outside any metaphorical expression (O). The metaphorical
expression in this example is気分に浸る (to be immersed
in a feeling). The noun気分 (feeling) is labeled B, mark-
ing the beginning of the metaphorical span. The following
particleに and the verb浸る (to be soaked/immersed) are
labeled I, indicating that they belong to the same metaphor-
ical expression. A continuous sequence of B and I labels
constitutes a single metaphorical expression span. In this
study, we emphasize the construction (結合) correspond-
ing to each span, as it represents the core of the metaphori-
cal expression. Japanese constructions resemble frames in
English, but often involve noun–verb or noun–noun word
pairs rather than being verb centered. Specifically, we focus
on constructions consisting of noun–verb, noun–adjective,
and noun–noun combinations. Out of the total 11,364
constructions in the corpus, 8,411 constructions fell within
the scope of our target construction types.1）Of these tar-
get constructions, 3,739 were noun–verb constructions,
415 were noun–adjective constructions, and 4,257 were
noun–noun constructions.

3.2 Reference Domain List

We used the conceptual metaphors presented in the book
by Nabeshima [8], 日本語のメタファー (Japanese
Metaphor), as reference conceptual metaphors. The book
describes 255 conceptual metaphors, and this list serves
as the basis for identifying the underlying conceptual do-
mains involved in the metaphorical constructions. Based
on the conceptual metaphors, we constructed two domain
inventories: a list of 111 unique target domains and a list
of 155 source domains.

4 Experiments
We conducted experiments with two methods using the

OpenAI API with GPT-4o2）model to extract conceptual
metaphors from Japanese metaphorical expressions. Ex-
periments aim to infer source and target domains of the
conceptual metaphors from metaphorical construction in
BCCWJ-Metaphor and to compare the results with the
reference conceptual metaphors in the predefined list. Fig-
ure 2 illustrates the overall workflow of the two methods
conducted in this study. The two methods differ in how

1） Constructions that were not included in the experiments consisted
of those containing, for example, two verbs or other combinations
outside our scope.

2） https://platform.openai.com/docs/models/gpt-4o
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Figure 2 Workflow of Methods (*prompts used in noun-verb construction experiments are shown in Fig 3 and Fig 4)

candidate domains are identified.

• Target Domain Mining Target domain mining be-
gins with metaphorical constructions in the corpus,
for which part-of-speech information is used to iden-
tify the noun (first noun in noun–noun constructions).
For example, in 気分に浸る ("to be immersed in a
feeling"), the noun気分 ("feeling") is extracted as in-
put to the LLM. In method 1, an LLM directly selects
applicable target domains from the target domain list
based on the noun. For example, 気分 (feeling) is
mapped to target domains such as Emotion and State.
In method 2, an LLM first generates 10 hypernyms for
the target noun, such as emotion, state of mind, and
mental state. These hypernyms are then compared
with the target domain list, and matching domains are
selected as target domain candidates.

• Source Domain Mining Initially, an LLM is provided
with the original sentence, the metaphorical span, the
construction, and the part-of-speech of the construc-
tion. Based on this information, an LLM generates
five literal constructions in which the verb or adjective
(second noun in a noun-noun construction) is used in
a literal sense, such as お風呂に浸る (to soak in
a bath) and 水に浸る (to soak in water). Then, an
LLM identifies the nouns in these literal construc-
tions, such as お風呂 (bath) and 水 (water). In
method 1, an LLM directly selects applicable source

domains from the list of source domains. In method
2, an LLM generates ten hypernyms for each noun in
the literal constructions. These hypernyms are then
matched with the source domain list to identify source
domain candidates.

• Evaluation In both approaches, extracted tar-
get–source domain pairs were compared with
Nabeshima’s conceptual metaphor inventory, and
matching pairs were evaluated by two native speak-
ers. Annotators assessed the compatibility between
each conceptual metaphor and its construction using
four labels: yes (clearly appropriate), maybe (possi-
bly appropriate), miss (incorrect and how the error
occurred is predictable), and no (clearly inappropri-
ate). The union of matched pairs from both meth-
ods, which includes 2,116 unique pairs were anno-
tated. Inter-annotator agreement was measured us-
ing Cohen’s kappa score (𝑁 = 2,116, 𝑛 = 2, 𝑘 = 4).
The kappa score was 0.36 with the four-label setting
and increased to 0.51 when the labels were merged
into a binary classification (yes/maybe as positive and
miss/no as negative), indicating moderate agreement.

5 Results
Table 1 shows the precision results for the two meth-

ods. Precision is calculated as the proportion of conceptual
metaphor–construction pairs annotated as yes or maybe.
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A total of 1,758 conceptual metaphor–construction pairs
were extracted in method 1, while 579 pairs were extracted
in method 2. Overall, method 2 achieved higher preci-
sion than method 1, although it extracted fewer conceptual
metaphor–construction pairs.

Method 1 Method 2
Annotator 1 0.251 (442/1,758) 0.345 (200/579)
Annotator 2 0.237 (418/1,758) 0.24 (139/579)

Average 0.244 0.293
Table 1 Precision of Conceptual Metaphor-Construction pair

We also evaluated recall at the level of conceptual
metaphor types, using Nabeshima’s inventory of 255 con-
ceptual metaphors as the reference set. Method 1 extracted
145 distinct conceptual metaphors, whereas method 2 ex-
tracted 45. Recall was defined as the proportion of concep-
tual metaphor types with at least one associated pair anno-
tated as yes or maybe. Table 2 reports the recall values.
The higher recall of method 1 suggests that directly map-
ping constructions to predefined domains enables broader
coverage of conceptual metaphor types. Figure 5 presents
the list of conceptual metaphors that were judged as correct
(yes or maybe) by both annotators in method 1.

Method 1 Method 2
Annotator 1 0.282 (72/255) 0.133 (34/255)
Annotator 2 0.298 (76/255) 0.125 (32/255)

Table 2 Recall of Conceptual Metaphor Type

6 Discussion
In this section, we discuss cases in which the method suc-

ceeded as well as cases in which it failed. When conceptual
metaphors are formulated as "A is B", diverse possible lin-
guistic realizations are reduced to a single expression. As
a result, our system may inadvertently exclude other valid
alternatives. A representative case in which method 1 suc-
ceeded but method 2 failed is 契約が切れる (a contract
breaks), which formed the conceptual metaphor RELA-
TIONSHIP IS A LINE. In method 1, literal constructions
such asロープが切れる (a rope breaks) and糸が切れ
る (a thread breaks) enabled the model to identify source
domain 線 (LINE) from rope and thread. In method 2,
however, hypernyms generated for rope and thread did not
include LINE. Instead, they consisted of more general cat-
egories such as material and object, which did not match
the source domain list.

On the contrary, a case in which method 2 succeeded
while method 1 failed is話題をよぶ (to attract attention,
lit. to call a topic), which formed the conceptual metaphor
IDEA IS PERSON. In method 2, hypernym generation for
the target noun話題 (topic) producedアイデア (idea), en-
abling alignment with the target domain IDEA. However,
in method 1, 話題 (topic) was mapped to domains like
COMMUNICATION and LANGUAGE, which did not di-
rectly correspond to the predefined target domain list. This
example demonstrates that the hypernym based method can
facilitate the recovery of higher level conceptual metaphors
by bridging lexical variation at the noun level.

Some failures reveal limitations of the literal construc-
tion based approach. For example, the construction研究が
一流 (the research is top-class) was incorrectly associated
with the conceptual metaphor THEORY IS A BUILDING.
In this case, literal constructions such as レストランが
一流 (the restaurant is top-class) and美術館が一流 (the
museum is top-class) led the model to identify BUILD-
ING as a source domain. However, the adjective 一流
(top-class) is widely used across diverse entity types, in-
cluding people, organizations, and abstract activities, and
primarily expresses evaluative quality rather than spatial
or structural properties. As a result, inferring source do-
mains from nouns in such cases leads to a semantic mis-
match. This example shows that inferring source domains
from literal constructions can place too much weight on
the substituted nouns, resulting in incorrect source domain
assignments.

7 Conclusion
This paper examined the automatic extraction of

Japanese conceptual metaphors from the BCCWJ-
Metaphor corpus using an LLM. By comparing a domain
inventory based approach with a hypernym based inference
approach, we showed that LLMs can recover a substan-
tial portion of Japanese conceptual metaphors from corpus
data, with a trade-off between recall and precision. In
particular, domain inventory based approach extracted 72
or 76 conceptual metaphors, demonstrating broad cover-
age. At the same time, our analysis revealed systematic
errors caused by a semantic shift. Generated literal con-
structions often led to inappropriate source domain assign-
ments, especially for evaluative adjectives and idiomatic
expressions, indicating directions for future improvement.
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Figure 3 Translated prompts of source domain mining

Figure 4 Translated prompts of target domain mining

Figure 5 List of conceptual metaphors extracted on which both annotators agreed
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