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Abstract

The concepts expressed by words and their
translations in different languages do not al-
ways align. Despite advancements in ma-
chine translation, such differences can still
lead to misunderstandings. Therefore, we pro-
posed a method to extract conceptual differ-
ences in translation pairs from WordNet and
Open Multilingual WordNet. We applied the
proposed method to Japanese, Chinese, and In-
donesian WordNets to investigate how many
translation pairs with conceptual differences
they have. Furthermore, we validated the ex-
tracted conceptual differences using human
evaluators.

1 Introduction

Improvements in machine translation (hereinafter,
this is called “MT”) are reducing language bar-
riers in multilingual communication. However,
since languages evolve with their unique cultures
and histories, their conceptual systems can differ,
leading to misunderstandings. In particular, Asian
languages tend to have lower similarity to English
compared to European languages (Chiswick and
Miller, 2005). This may result in a correct trans-
lation, but with differences in the concepts ex-
pressed between words. In this study, we propose
a method to quantify the concepts represented
by words using WordNet and Open Multilingual
WordNet (hereinafter, this is called “OMW”) to
identify such conceptual differences across lan-
guages. We focus on Japanese, Chinese, and In-
donesian, detecting conceptual differences across
the three languages based on WordNet Synsets.
The following two challenges can be identified:

Quantification of the range of concepts
It is challenging to articulate the meanings
and ranges of concepts associated with words
because concepts are abstract. Therefore, we
extract the linked concepts of each word as a

set using a conceptual dictionary, allowing us
to quantify the concepts of each word.

Detection of conceptual differences

Due to the unique conceptual systems of each
language, comparing concepts expressed by
words across languages is challenging. To
address this, we utilize WordNet for the En-
glish concept system and OMW for aligning
other languages, allowing us to compare and
extract conceptual differences based on the
English system.

2 Conceptual Differences in Multilingual
Communication

2.1 Conceptual Difference

The advent of MT is making communication with
people from different cultures and languages eas-
ier. However, communication through MT carries
the potential for misunderstandings due to differ-
ences in the concepts expressed by words. For
example, Yamashita and Ishida (2006) analyzed
communication between speakers of different lan-
guages, observing that in conversations using MT,
dialogues sometimes broke down when the mean-
ing of a polysemous word changed during trans-
lation. In that case, the difference in concepts
arose because the word had multiple meanings, but
even words with the same meaning can express
different concepts. For example, in the Japanese
and English translation pair “[4¥ (dango)” and
“dumpling”, the latter broadly refers to boiled,
ball-shaped foods, while Japanese distinguishes *
[f]-F (dango)” as items without fillings, categoriz-
ing stuffed foods like “B& ¥ (gyoza)” and “/NEETL
(xiao long bao)” differently. In translation, there
is no exact equivalent for the word “[H¥- (dango)”
in the English conceptual system, so the transla-
tion result becomes “dumpling”.

This issue is also present in the construction
of Multilingual WordNet. Fellbaum and Vossen



Table 1: Conceptual differences between English and
other languages

Total Concept .
Lang Word Pair Differelll)ce Ratio
ja 477,031 33,190 7.0%
zh 199,724 12,327 6.1%
id 220,128 20,587 9.4%
nl 245,068 15,857 6.5%
fr 313,473 14,974 4.8%
es 165,224 8,705 5.3%
it 228,055 144,36 6.3%

xja:Japanese, zh:Chinese, id:Indonesian,
nl:Dutch, fr:French, es:Spanish, it:Italian

(2012) pointed out that even words deemed syn-
onymous between different languages often only
partially overlap in their meanings and concepts.
Multilingual WordNet is created based on the
synsets of the English WordNet. As a result, in
non-English languages, a word may not corre-
spond to a single synset but may instead be linked
to multiple adjacent synsets (hypernyms and hy-
ponyms). This happens because the conceptual
system of the target language may differ from
that of English. Table.1 illustrates the number of
translation pairs where non-English words appear
across adjacent synsets. It reveals that less than
10% of word pairs exhibit such differences. In this
study, we define such variations in the concepts
expressed by words as conceptual differences and
focus on detecting these differences.

2.2 Related Works
2.2.1 Cross-Language WordNet

In addition to the initiatives related to the
Japanese, Chinese, and Indonesian WordNets,
which are the focus of this study, we introduce re-
search efforts on cross-lingual WordNets.
Fellbaum and Vossen (2012) analyzed the chal-
lenges of aligning WordNets across different lan-
guages from a linguistic perspective. Isahara et al.
(2008) developed the Japanese WordNet by trans-
lating words within WordNet into Japanese. Wang
and Bond (2013) aligned Chinese with WordNet.
Additionally, Choi et al. (2004) developed a cross-
linguistic WordNet that aligns Korean, Japanese,
and Chinese. Putra et al. (2008) proposed the
development of the Indonesian WordNet through
manual annotation by human annotators. Addi-
tionally, Open WordNet Bahasa, which aligns with

both Indonesian and Malay, was developed by
Noor et al. (2011). Rudnicka et al. conducted a
study aimed at mapping the Polish WordNet to the
English Princeton WordNet. In addition, they pro-
posed a system to detect gaps and mismatches be-
tween the Polish and English WordNets (Rudnicka
et al., 2023).

These studies focused on the development of
WordNets in various languages and their align-
ment with other languages.

2.2.2 Conceptual Difference Detection

Next, we discuss research on detecting conceptual
differences between languages caused by cultural
and linguistic variations.

Yoshino et al. (2015) proposed a method to
detect conceptual differences between Japanese
and Chinese using Wikipedia category informa-
tion and descriptions. We detected conceptual dif-
ferences between languages due to cultural vari-
ations, using image similarity and an optimized
threshold for automatic detection (Pituxcoosuvarn
et al.; Nishimura et al., 2020). Li et al. (2019) con-
ducted research on measuring semantic similarity
between texts in different languages. In this study,
they calculated the similarity between Chinese and
Lao texts using WordNet. Stoyanova et al. (2013)
proposed a method for identifying relationships
between English and Bulgarian concepts by using
word similarity within WordNet.

These studies detect interpretation differences
among speakers of different languages. This re-
search aims to automatically identify conceptual
differences among Japanese, Chinese, and Indone-
sian, using WordNet and OMW based on the En-
glish conceptual system.

3 Extraction Method of Conceptual
Difference

3.1 Quantification of the Concept Range

To extract the conceptual differences between
translation pairs, quantifying the range of concepts
for each word is necessary. We propose a method
for quantifying the conceptual range of words us-
ing WordNet and OMW!. Our method’s feature
is that by leveraging the structure of OMW, which
links various languages to the conceptual system
represented by English WordNet, it allows for the
comparison of word concepts based on WordNet

'"OMW version 1.4



synsets across different languages with distinct
conceptual systems (Bond and Foster, 2013).

We target the languages Japanese (ja), Chinese
(zh), and Indonesian (id) to extract word pairs
with conceptual differences across these three lan-
guages. Asian languages, in comparison to Euro-
pean languages, tend to show lower similarity to
English. Therefore, in WordNet, which is based
on the English conceptual framework, these lan-
guages are mapped to a different conceptual sys-
tem. By comparing Asian languages using Word-
Net as the reference point, we can detect a greater
number of conceptual differences.

The first step of our proposal is to quantify the
range of concepts for each word. The synsets in
the WordNet and their superordinate-subordinate
relationships are represented by a graph G, as in
Equation 1.

G=(V,E) (1

A graph G has a set V of synsets and a set E whose
edges are is-a relations between synsets.

V:{Ul,'l)Q,Ug,"‘ 7Ul} (2)
Also, a graph G is a directed graph using an is-a
relation called hypernym, which identifies upper-
level synsets from lower-level synsets.

If v; be the upper synset and v; the lower synset,
the edges are represented as (v;,v;). Due to the
structure of WordNet, each synset has a word rep-
resenting its concept because synsets are defined
by a collection of synonymous words, and there is
a set of words W as in Equation 3.

W:{wl,MQ,W3,"' 7wTL} (3)
Some synset v; as in Equation 4 is a set of words
as in Equation 5.

v, eV “4)

v; C W,wy € v; )

We define the set of synsets C', that is the range
of the concept of a word wy. First, C, has v;
(v; € Cy,) because wy € wv;. For any synset
v € Cy,,, the parent node v, child node v., and
sibling node vy, are used to obtein the set of synsets
associated with the word wy, (Equation 6). In this

paper, this set C', is the concept range of word
We .

Cw, = Cy, U
{vp | veCy,, (v,vp) € E,wy, € vp} U
{ve | v € Cuys (Ve,v) € Eywj € ve} U
{vp | v € Cuyy, (v,0") € B, (vp,0") € E,
wg € v} (6)
3.2 Extraction of Conceptual Difference

The second step of our proposal is to extract word
pairs with different conceptual ranges between
words in one language and its translation in an-
other. Specifically, we compare the concept ranges

C i and C iz for words w? in language {1 and
k W

w! i in different language [o contalned on the same
synset. If C W #C iz then w ! and wk are as
k

word pairs with conceptual difference. We get
concept-differential word pairs in three languages:
Japanese, Chinese and Indonesian.

There are seven patterns of conceptual differ-
ences obtained between the two languages de-
pending on how the conceptual ranges are com-
bined. First, the common set (ComSet) of concept
ranges of words (wk , wk ) in the two languages
(I1, l2) is Equation 7 .

C’omSet(wk ,wk) C Wl NncC wl2 @)

The symmetric difference set (DiffSet) of concept
ranges of words (wk , wk 2) in the two languages
(I1, l2) is Equation 8. For word pairs with concep-
tual difference C',u + C iz, 50 Dif f Set # 0.

D’Lffset(wk 7wk )

(szl — CwZQ) U (CwZQ — szl) ®)
k k k k

We classify as horizontal types the cases in which
the synsets in the common set and the synsets in
the symmetric difference set are siblings, as in
Equation 9.

Vg Yoy ((ve € ComSet(wk ,wfj’)
Ny € szfSet(wk ,wﬁf)) =
Ju(v € VA (vz,v) € EN (vy,v) € E))) (9)

In addition, we define a horizontal (part com-
mon) type as one that satisfies the 10 equation.

_Cwif)#@) —Cw?)#@)
(10)

(C A(C 2
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Figure 1: Type of conceptual difference

®

Figure 1a is an example of the horizontal-(part
common) type. In Figure la, the nodes vy, va,
vs and v4 are each synset and the edges between
the nodes are Hypernym. The conceptual range

I - . .
C’w? of a word w;' in language [; is the circle en-
closing node vy and node vs, the conceptual range

C w'? of a word wé in language [ is the circle

enclosmg node v3 and node vy, which is the cir-
cle enclosing vy. Cw? = {vg,v3} and Cwi? =

{vs,v4} as shown in Figure 1a, the common set is
C’omSet(wk ,wfj) = {v3}, the symmetric differ-
ence set is szfSet(wél,wk ) = {v2,v4}. They
satisfy the Equation 9 and Equation 10. The two
concept ranges are partially common because w?
and wﬁf overlap the concept of node vz and have
concepts (nodes vy and v4) that can only be repre-
sented by their respective concept ranges.

On the other hand, among the horizontal types,
those satisfying the Equation 11 are considered
horizontal (inclusive). Figure 1b is an example of
the horizontal (inclusive) type, the concept ranges
of wl and w2 are Cw? = {v2,v3} and waf =

{vo,v3,v4}. Since C’w? encompasses waj’ w?

expresses a broader meaning than wfcl and is an
inclusion relation.
((Cwil - Cw?) =0)v

((CwLQ - Cwil) =0)

1D

As in the Equation 12, we classify the con-
ceptual difference as vertical type if there exists
at least one parent-child relationship between the
synset in the common set and the synset in the
symmetric difference set.

v, vy ((ve € ComSet(wk ,wff)/\
vy € szfSet(wk ,wk 2)) =
((vz,vy) € EV (vy,v) € E) (12)

Among the vertical types, the vertical (lower in-
clusive) type is the one that satisfies the Equation
13. As in the example in Figure 1c, the vertical
(lower inclusive) type is the case where the synset
in the symmetric difference set is the upper synset
of the synset in the common set.

Vg € ComSet(wk ,wff)
Vo, Yo, (((vg,vy) € E N (vs,0,) € E) =
(vy (ComSet(wk ,wk 2)U szfSet(wk ,wk 2))
ANv, & szfSet(wk ,wff)) (13)

There are vertical types that satisfy the Equation
14. The synset in these symmetric difference sets
is a subsynset of the synset in the common set. As
shown in Figure 1d, the one satisfying the Equa-
tion 10 and the Equation 14 is the vertical (upper
common) type. The others are the vertical (upper
inclusive) type (as shown in Figure 1g).

Vg € ComSet(wk ,wf)
Vo, Y (((ve, vy) € E N (vs,0,) € E) =

(vy ¢ szfSet(wk ,wk 2N

(ComSet(wk ’wk )UszfSet(wk vwk 2))
(14)

As in the Equation 15, there is at least one
parental relationship and at least one child rela-
tionship between the synset of the symmetric dif-
ference set and the synset of the common set here.
Among them, those satisfying the Equation 10 are
the vertical (part common) type, and those satis-
fying the Equation 11 are the vertical (inclusive)
type. An example of the vertical (part common)
type is shown in Figure le and an example of the
vertical (inclusive) type is shown in Figure 1f.

In these inclusion relation, the conceptual range
of one word is broader than that of the other, so
there can be a discrepancy in communication in
one direction, as in dumpling and dumpling, but



Table 2: Number of word pairs extracted

. Concept
Lang Word Pair Difference
ja-zh 236,590 27,005
ja-id 398,048 60,581
zh -id 111,450 14,175
Word Triplets 11,571 1,375

xja:Japanese, zh:Chinese, id:Indonesian

not in the other. On the other hand, partial or su-
perordinate commonality may lead to discrepan-
cies in conversation in either orientation.

Fvy Fvg Fvy F0, ((Vw, Ve € C’omSet(wé1 , wﬁf)
AUy, v, € DiffSet(wfql,w?)) =

(v, vy) € EN(vz,05) € E))  (15)

4 Human Judgements of Conceptual
Differences

The creation of the correct labels is the result of
manually determining the conceptual differences
between words using a questionnaire.

4.1 Creating Word Triplets

In this section, we describe a method for manu-
ally creating the correct labels in order to evaluate
the accuracy of the proposed method. Our pro-
posal could find word pairs with conceptual dif-
ferences between the Japanese, Chinese and In-
donesian. As a result, 27,005 word pairs were
obtained out of 236,590 total word pairs in ja-
zh, 60,581 out of 398,048 word pairs in ja-id and
14,175 out of 111,450 word pairs in zh- id (Table
2) Word triplets are Japanese-Chinese-Indonesian
word combinations that are filtered in two steps
for word pairs, and they are created from the re-
maining word pairs (Table 2). The first filtering
is to remove abstract concepts that are difficult to
determine conceptual differences. The top-level
concepts of synsets on WordNet: physical entity,
abstraction and thing, which are located one level
below entity, and word pairs extracted from the
lower-level concepts of abstraction are excluded.
The second filtering is to check the bilingual re-
lationship between word pairs. In order to target
word pairs that are most likely to appear as transla-
tion results in MT, word pairs where neither trans-
lation result was the other when each word was
translated by MT are deleted. In the word pairs
w? and wfj, word pairs where the Google MT of

Query: [”craft” —"vessel ship” ="boat” |

we

Query: [”vessel ship” ="boat” |

Figure 2: Images and queries in questionnaires

w? does not result in wff and the translation of
wﬁf does not result in wi} are removed.

The next step is to create word triplets from the
filtered Japanese-Chinese, Japanese-Indonesian
and Chinese-Indonesian word pairs. Word pairs
with words in common between any two lan-
guages are retrieved. If the three words in the
two word pairs have a common part of the con-
cept range, the three words are a word triplet. For
example, there is a word pair wi" and wi" in ja-
zh, and a word pair wia and w}'ﬁd in ja-id. If the
concept range ijk;a A szh A Cwid # (), then

(wia, wgh, w};d) is a word triplet. There are 11,571
word triplets created from word pairs between all
languages (Table 2). Of these, 1,375 are from
word pairs with conceptual differences.

4.2 Design of the Questionnaire and
Collection of Images

In one task of the questionnaire, respondents were
asked to select images that matched a word in
their mother tongue from a group of images cor-
responding to the word triplet. The subjects
were Japanese, Chinese and Indonesian, and we
checked whether there were differences in re-
sponses between languages.

The image groups used in the questionnaire are
the images obtained by image retrieval using the
synsets in each concept range, if the word triplet
of words are ja:wia, zh:wgh and id:wzd. We make
the query for Image Search from an English word



Table 3: Sample word triplet and image selection re-
sults for Japanese (7R — ), Chinese (fi), and Indone-

sian (kapal)
Answer
1 2 3 4 5
Japanese | A B.G | C,G | Non | D.F | GH,I
Chinese | G HJI | H,I I GH, | GH

Table 4: The tallyed table generated from the query
“boat”| in Table 3

matching no matching
image image
found found
Japanese 3 2
Chinese 5 0

that is randomly selected from a synset in C' ja

uc, zn U Cu id. It is necessary to differ be-
tween hlgher and lower level synsets. the query
was created so that it was an AND search with
the higher synset words minus the lower concept
words. The query is an AND search based on the
relationship between synsets in C' wi® uc, zn U

C wids where the higher concept Words are sub-
tracted from the lower concept words. For ex-
ample, there is a word triplet (R — k (bo-to), fifi
(chuan), kapal). If union of the concept range of
these words has {v1,v2,v3}, we get one word at
random from the English words in v, veandvs:
(vy:craft, vo:vessel ship, ws:boat). If the par-
ent relation ((v2,v1) € E) A ((vs,v2) € E)
holds in the order v1, va, vs, then query for vy is
lcraft”-“vessel ship” -“boat” ] , the query for vy
is [“vessel ship” - “boat” | and the query for v3 is
“boat”] . The “-” in the query means NOT and
words with “-” are deleted. We use the top three
images (Figure 2) that are got from Image Search
with these query in the questionnaire.

4.3 Judgements of the Conceptual Difference

Judgement of the conceptual difference is to to-
taling up of the questionnaire answer by language
and is to check if there is a difference in the an-
swer between languages. If there is a difference
in the aggregated answers, it is judged as having
a conceptual difference; if there is no difference
in the answers, it is judged as having no concep-
tual difference. This process involves evaluating
each tally table generated from the query by apply-

Table 5: Assessment results

ja-zh ja-id zh-id

Accuracy 0.81 0.70 0.69
Precision 043 044 0.32
Recall 0.87 080 0.71
F-Score 0.58 057 044

xja:Japanese, zh:Chinese, id:Indonesian

ing Fisher’s exact test to identify conceptual differ-
ences. Tasks with significant differences in any of
the tallied tables are a conceptual difference. As
an example, to judge the conceptual differences
between (7R — b (bo-to), fifi (chuan), kapal) in
Japanese and Chinese, responses from Japanese
and Chinese speakers will be collected based on
the following categories: [ “craft” -“vessel ship” -
“boat” |, [““vessel ship”-“boat”] ,and “boat”] .
Fisher’s exact test will be performed on each of
the three generated contingency tables to deter-
mine if there is a statistically significant difference
between the responses of Japanese and Chinese
speakers. The contingency tables will be created
based on whether the respondents judged that one
or more images matched the keyword. For each
language, the tables will count the number of peo-
ple who determined ’matching image found’ and
‘no matching image found.” In the case of the
contingency table for [“boat”| from the (K —
b (bo-to), filt (chuan), kapal) set, selecting one or
more images from Image G, Image H, or Image
I (Figure 2) will be classified as *matching image
found’, while selecting none will be classified as
’no matching image found.” For example, in the
("R— b (bo-to), fifi (chuan), kapal) task, if the re-
sponses follow Table 3, the contingency table for
“boat”] appears as in Table 4. I will create
similar contingency tables for other queries, and
if any show statistically significant differences, I
will conclude that this task reflects a conceptual
difference. We used the 1,375 word triplets iden-
tified by the proposed method as having concep-
tual differences (Table 2) as analysis data. Fif-
teen participants (5 Japanese, 5 Chinese, and 5 In-
donesian) manually judged the conceptual differ-
ences. The results showed 528 triplets with dif-
ferences between Japanese and Chinese, 476 be-
tween Japanese and Indonesian, and 471 between
Chinese and Indonesian.



Table 6: Classification of conceptual differences and breakdown of data

ja-zh ja-id zh-id
Type of Ratio of Ratio of Ratio of

Conceptual Difference Pair | the Conceptual || Pair | the Conceptual || Pair | the Conceptual

Difference Difference Difference
horizontal (part common) 43 (+)72.0% || 105 (+) 49.5% 81 (+) 56.8%
horizontal (inclusive) 637 35.5% || 758 34.4% || 758 33.2%
vertical (lower inclusive) 280 39.6% | 248 40.8% || 278 35.6%
vertical (upper inclusive) || 634 347% || 575 32.7% || 621 35.3%
vertical (part common) 26 26.9% 62 38.7% 59 44.1%
vertical (inclusive) 27 (+) 63.0% 52 25.0% 89 (-)11.2%
vertical (upper common) 62 (+)51.6% | 111 (+)45.0% || 109 29.4%

| Equivalence [ 24] 333% || 13 ] 23.1% [ 17 ] 29.4% |

S Evaluation and Analysis

5.1 Evaluation

We evaluated the proposed method using four
metrics: accuracy, precision, recall, and F-score.
As the evaluation dataset, we use 100 randomly
selected triplets from the total of 11,571 word
triplets in Table 2. These are assigned as correct
labels based on the results of human judgments of
conceptual differences. Table 5 presents the re-
sults. In the evaluation dataset between Japanese
and Chinese (85 cases without conceptual differ-
ence, 15 with), the proposed method classified 30
out of 100 data points as having a conceptual dif-
ference. For Japanese and Indonesian (75 cases
without, 25 with), 45 out of 100 were determined
to have a conceptual difference. In the Chinese
and Indonesian comparison (83 cases without, 17
with), 38 out of 100 were classified as having
a conceptual difference. The proposed method
demonstrates a consistently high recall across all
languages, with a precision of approximately 43%.
This indicates that the method tends to over-detect
conceptual differences. Consequently, the F-score
hovers around 50%. However, since conceptual
differences can serve as a root cause of misunder-
standing, over-detection is arguably less problem-
atic than failing to detect such differences. There-
fore, the relatively low precision and F-score of the
proposed method are not considered critical short-
comings.

5.2 Discussion

Based on the classification of conceptual differ-
ences, we categorize the analysis data and analyze
the detection accuracy of conceptual differences

for each type.

Table 6 shows the breakdown of data by classi-
fication in the analysis dataset. The “Equivalence”
classification refers to data where no concep-
tual difference was found between the languages,
though differences were observed between other
language pairs. Conversely, the remaining seven
types are cases where the proposed method de-
tected conceptual differences. We examined the
independence of classification and detection accu-
racy for each language using the Chi-squared test.
To perform the test, a contingency table was cre-
ated based on the breakdown of data by the seven
classifications, and the test was conducted. The
results indicated that for all language pairs, the p-
value was less than the significance level of 0.01,
suggesting that there was a significant difference
in detection accuracy based on the classification
of conceptual differences. Further residual analy-
sis was conducted to identify which classifications
showed significant differences. (+) or (-) marks
indicate where the adjusted residuals exceeded an
absolute value of 1.96. The results of the residual
analysis suggest that for all language pairs, the de-
tection accuracy was high for the horizontal (part
common) type of conceptual differences. On the
other hand, for the zh-id pair, the detection accu-
racy was low for the vertical (inclusion) type. An
example of the horizontal (part common) type is
the triplet (&5, 285, bekas). The Japanese term
“9X 7% refers to small containers used in daily
life, while the Chinese term “Z#%" encompasses
containers in general. As a result, in the survey,
Japanese respondents chose images of items like
bowls and garbage bins, whereas Chinese respon-
dents selected images of not only bottles but also



large containers used on container ships. This
indicates that, in the case of the horizontal (part
common) type, there are differences in conceptual
range at the same level, making it easier for human
raters to perceive conceptual differences.

6 Conclusion

Translation pairs can have differing concepts ex-
pressed by words across languages, potentially
leading to misunderstandings in multilingual com-
munication. This study used WordNet and OMW
to quantify concepts and extract conceptual differ-
ences by comparing ranges across language pairs.
From the three languages of Japanese, Chinese,
and Indonesian, we formed word pairs based on
the same synset, detecting conceptual differences
in 27,005 pairs (Japanese-Chinese), 60,581 pairs
(Japanese-Indonesian), and 14,175 pairs (Chinese-
Indonesian) out of the total 236,590, 398,048, and
111,450 pairs, respectively. We also classified the
differences in conceptual ranges topologically and
found significant differences in detection accuracy
based on classification type among the three lan-
guages.
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