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Abstract

Lexical acquisition extends beyond the learning of surface-level word forms and encompasses underlying cognitive
characteristics as well as broader processes that involve the learner. Nevertheless, in Japanese, as in many other
languages, word difficulty has been characterized primarily by frequency and surface-level properties. Far less
is known about the cognitive and affective dimensions that influence whether words are easier or more difficult
to process. To address this gap, this study introduces a novel dataset that incorporates six psycholinguistic
dimensions—familiarity, affective valence, arousal, imageability, abstractness, and understandability—collected
through large-scale surveys of Japanese second language learners. Preliminary analyses of responses from 536
participants across 15 countries demonstrated that the dataset is both theoretically coherent and empirically reliable,
consistent with established theories and findings while also yielding new insights into lexical processing. In addition
to supporting more accurate estimations of word difficulty, the dataset provides a resource for future research by
enabling systematic exploration of how lexical processing is shaped through the interaction of visual, affective,
cognitive, and contextual factors.

Keywords: word difficulty, psycholinguistic dimensions, second language acquisition (Japanese), cognitive
and affective processing, lexical dataset

1. Introduction (e.g., word length and the number of morphemic
components), semantic features (e.g., polysemy
Empirical evidence has demonstrated that the accu-  and domain specificity), exposure-related variables
rate identification of words constitutes a fundamen-  (e.g., frequency and familiarity), imageability and
tal prerequisite for reading comprehension (Duff ~ concreteness (i.e., the extent to which a word elicits
et al., 2015; Killingly et al., 2025). Consistent with  mental imagery), and psychological factors (e.g.,
this view, interactive models of text comprehension  affective valence, ease of cognitive processing, and
developed in the 1990s highlighted the dynamic ~ memory retention). Consequently, the estimation
interplay between bottom-up processes (e.g., word  of word difficulty remains a complex task. In current
recognition and other lower-level operations) and  linguistic and educational research, the common
top-down processes (e.g., meaning construction  practice has been the manual selection of words
and the integration of background knowledge) as  assigned to different difficulty levels. Such human
essential components of successful reading com-  evaluation, however, is labor-intensive and inher-
prehension (Kintsch, 1998; Perfetti, 1999). More-  ently restricted in scale. For this reason, mechani-
over, vocabulary coverage not only constrains the  cal and quantitative approaches to word difficulty
range of thought but also serves as a robust indica-  estimation have become increasingly necessary.
tor of cognitive ability (Bruce and Bell, 2022). Re-  To develop reliable models, it is essential to iden-
search with preschool children has further revealed tify the key determinants of word difficulty and to
a significant bidirectional relationship between ex-  elucidate the magnitude of their contributions.
ecutive functioning and vocabulary size (Schmitt Among the numerous factors influencing word
et al., 2019). Therefore, vocabulary knowledge en-  difficulty, frequency effect is the most widely rec-
tails more than the acquisition of linguistic symbols;  ognized. High-frequently words are typically ac-
it also supports efficient language processing and  quired more rapidly and processed more easily,
the development of cognitive control (Bransford  whereas low-frequency words are more likely to be
etal., 2000; Jucks and Paus, 2012). Consequently,  perceived as difficult. Hashimoto and Egbert (2019)
the capacity to construct meaning from text, as well  reported a correlation of —0.50 between word fre-
as to regulate and adapt to cognitive activity, canbe  quency and difficulty. Extending this finding, Stew-
understood as fundamentally rooted in word-level  art et al. (2022) demonstrated that when a broader
processing. frequency range is examined and a logarithmic
On the other hand, information about word dif-  transformation is applied, the correlation strength-
ficulty contributes to more efficient vocabulary ac-  ens to —0.80. Other usage-related factors include
quisition. However, word difficulty is determined by ~ age of acquisition (Hiebert et al., 2019), regularity
multiple factors, including morphological features  (e.g., word bigrams; Ha et al., 2024), and contex-
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tual dependence (e.g., word co-occurrence; Ha
etal., 2024). In contrast, intrinsic word-level proper-
ties include length (Cervetti et al., 2015), polysemy
(Vitta et al., 2023; Canning et al., 2024), and the
knowledge required for comprehension (Yamakawa
and Tajima, 2024). As most of these indicators are
derived from count-based values, their reliability de-
pends heavily on the linguistic resources (corpora)
used.

In addition to quantitative indicators, there are
qualitative indicators that are less dependent on
specific linguistic resources. These include (1)
word familiarity (i.e., the perceived familiarity of
words among language users; Leroy and Kauchak,
2014), (2) image-related semantic properties such
as imageability and concreteness (Kumcu and
Thompson, 2020), and (3) psychological factors
such as affective valence and memory retention
(Barrett, 2017). Unlike corpus-based frequency in-
dicators, these indicators are less susceptible to
textual distribution biases and may therefore offer
a more universal estimation of word difficulty.

Word familiarity With respect to word familiar-
ity, Zheng (2024) estimated word difficulty using
five dimensions of familiarity: “knowing,” “hearing,”
“speaking,” “writing,” and “reading.” In general, famil-
jarity scores tend to be higher for easier words and
lower for more difficult ones. However, the analysis
revealed two atypical categories: “easy but unfamil-
iar words” and “difficult but familiar words.” When
these outliers were removed through anomaly de-
tection, the classification accuracy of beginner-,
intermediate-, and advanced-level words improved
from 0.66 to 0.93. Nevertheless, because the learn-
ing environments of native speakers and second
language (L2) learners differ, there are words for
which familiarity and difficulty do not align across
groups. This discrepancy suggests that familiar-
ity data used in this work may reflect a mixture of
responses from both native speakers and L2 learn-
ers.

Image-related semantic factors With respect
to image-related semantic factors, it is well estab-
lished that words referring to perceptually salient
and highly imageable objects or concepts are re-
called more easily than those associated with less
imageable ones (Marschark and Cornoldi, 1991).
In this context, Kumcu and Thompson (2020) ar-
gued that low-difficulty words are typically more
imageable and concrete, thereby reducing cogni-
tive load and facilitating more accurate recall.

Affective valence and arousal With respect to
affective valence, emotion has been recognized
as a central concept in applied linguistics, playing
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a fundamental role in cognition and receiving in-
creasing attention for its role in foreign language
acquisition (Dewaele, 2015). Previous research
has introduced concepts such as “emotionally en-
hanced memory” (Talmi et al., 2007) and “affec-
tive input enhancement” (Truscott, 2015). More-
over, Kanazawa (2021, 2023) demonstrated that
emotion-based processing facilitates the retrieval of
target words. Hashimoto and Egbert (2019) further
incorporated affective valence—an emotional di-
mension associated with word difficulty—alongside
with other lexical variables such as word length and
contextual distinctiveness. However, linguistic re-
sources developed on the basis of native speakers’
responses are not necessarily applicable to foreign
language learners, whose mental lexicons differ
substantially. This discrepancy underscores the im-
portance of developing foreign language-specific
versions of such databases, particularly for subjec-
tive attributes (Kanazawa, 2021).

Taken together, these findings indicate that word
difficulty cannot be explained by a single factor;
rather, it must be evaluated within a broader multidi-
mensional framework that integrates both linguistic
and psycholinguistic factors. The Tool for the Auto-
matic Analysis of Lexical Sophistication (TAALES;
Kyle et al., 2018), developed to assess the diffi-
culty of English words, incorporates more than 400
indicators. Because most of these indicators are
statistical measures, such as frequency, they are
relatively straightforward to interpret; however, they
remain dependent on corpora or dictionary-based
databases. In contrast, lexical properties grounded
in psychological and cognitive factors (e.g., famil-
iarity, imageability, abstractness, and affective va-
lence) capture dimensions of word difficulty that
cannot be fully explained by frequency-based statis-
tics alone.

To address these limitations, this study con-
structed a dataset for learners of Japanese as a
second language with the aim of enabling more
precise estimation of word difficulty. The dataset in-
corporates six psycholinguistic features—familiarity,
affective, arousal, imageability, abstractness, and
understandability—thereby capturing the cognitive
complexity of lexical processing from multiple per-
spectives.

The remainder is structured as follows. Sec-
tion 2 describes the procedures used to develop
the dataset. Section 3 presents the data structure
both quantitatively and visually. Section 4 evalu-
ates the effectiveness of the dataset in estimating
word difficulty and reports benchmark experiments.
Finally, Section 5 concludes with a summary.



2. Data Collection

2.1. Selection of Target Words

The objective of this study was to construct a com-
prehensive and reliable dataset for the evaluation
of word difficulty. As discussed in the preceding
sections, word difficulty is a multidimensional con-
struct shaped by diverse linguistic, cognitive, and
psychological factors. Accordingly, the availabil-
ity of highly reliable word difficulty information of
paramount importance for both dataset develop-
ment and subsequent analyses.

For this purpose, the words included in the
Japanese Language Learner’s Dictionary were se-
lected as the targeted words (Sunakawa et al.,
2012). This dictionary contains 17,920 entry words
derived from two major lexical resources: (1) a lex-
ical survey of the Balanced Corpus of Contempo-
rary Written Japanese (BCCWJ)—a corpus specif-
ically designed to capture the overall characteris-
tics of contemporary written Japanese and cur-
rently the only available balanced corpus of the
language—and (2) a corpus of Japanese language
textbooks, comprising electronic data from 100
commercially available textbooks ranging from be-
ginner to advanced levels (unpublished resource).
The adoption of this dictionary as the basis for tar-
get word selection provides distinct advantages.
Because its vocabulary was systematically sam-
pled from both a balanced national corpus and ped-
agogical materials spanning all proficiency levels,
the resulting word list ensures broad representative-
ness across genres and registers while maintain-
ing direct applicability to second-language learning
contexts.

In detail, each entry in the dictionary is anno-
tated with multiple layers of information, including
standardized orthographic form, spelling, difficulty
level, part of speech (POS), and word type (i.e., na-
tive Japanese words, Sino-Japanese words, loan-
words, and hybrid formations). The difficulty of
each entry word was classified into six different
levels—lower/upper elementary, lower/upper inter-
mediate, and lower/upper advanced—based on
the subjective judgment of experienced Japanese
language teachers. Representative examples are
provided in Table 1.

2.2. Survey Design

For each word, the survey items were presented
as illustrated in Figure 1. Note that the question-
naire itself was presented in Japanese. Because
Japanese includes homographs with different pro-
nunciations, which may influence perceived diffi-
culty, the stimuli were presented in the form of “word
+ reading.” Participants were asked to evaluate their
cognitive and affective impressions of the given
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word from two perspectives:

1. Familiarity Thisitem assessed the degree
of familiarity with the target word. Participants
rated their familiarity degree across four us-
age contexts—uwriting, reading, speaking, and
listening—as well as their overall impression
(four items in total). Responses were provided
on a seven-point Likert scale ranging from Not

at all to Strongly think so.

. Meaning and Image This item elicited sub-
jective evaluations of the semantic and psycho-
logical properties of the target word. Specifi-
cally, participants rated five aspects: Negativ-
ity (affective valence: pleasant—unpleasant),
Calmness (arousal: calming—exciting), Ease
of evoking an image (imageability: ease of elic-
iting a mental representation), Abstractness
(degree of conceptual difficulty), and Ease of
understanding (understandability: perceived
difficulty of learning). These responses were
also recorded on a seven-point Likert scale.

Please evaluate the word [FX&Y(7¥YYY)] from the following
perspectives.

1. Familiarity ()

2. Meaning and Image [T}

think so Thinke so

Figure 1: Survey items (translated). The question-
naire itself was presented in Japanese.

In this survey, participants were presented with a
set of seven words, and two sets (14 words in total)
were administered. These words were randomly
selected from the vocabulary list of the applied dic-
tionary, with the design ensuring representation
from all six levels of word difficulty. Because the
task did not involve correct or incorrect answers,
participants’ intuitive judgments were prioritized.
To assess response reliability, two words were du-
plicated across the sets, requiring participants to
evaluate the same item twice. To minimize mem-
ory and order effects, the duplicated words were



Standardized orthographic form Spelling

FKEZXY (autumn festival) TX 7
1 (fondness/enthusiasm) 743w
7 4 A (ice cream) TAA

7% % 1 (empty can) TX

Difficulty level POS Word type

upper intermediate noun native Japanese word
lower advanced noun Sino-Japanese word
lower elementary noun loanword

lower intermediate  noun  hybrid word

Table 1:
Dictionary.

inserted at fixed intervals. The presentation se-
quence followed the format: A (5 words) —» C (2
words) —» B (5 words) —» C (2 words). In addi-
tion, demographic information regarding gender,
age, nationality, and learning level was collected
at the end of the questionnaire. For learning level,
five categories ranging from beginner to advanced
were provided, each accompanied by explanatory
descriptions to facilitate accurate self-assessment.
The question was phrased as follows:

Please indicate your level of Japanese (select
the one that is closest to your level).

» Beginner (able to engage in simple greetings
and self-introductions)

Upper Beginner (able to conduct basic conver-
sations, e.g., hobbies, schedules)

Intermediate (able to understand slow-paced
conversations and simple texts)

Upper Intermediate (able to understand mod-
erately complex conversations and texts, and
to use Japanese in both daily life and work
contexts)

Advanced (able to understand newspapers,
news, and specialized content, and to speak
naturally)

2.3. Survey Administration and
Screening

The questionnaire was developed using Qualtrics
and administered online via URL or QR code. The
study received ethical approval from the Ethics Re-
view Committee of university (approval no. NUHM-
25-17). All participants provided informed consent
online prior to the start of the survey. In Japan,
cooperation was requested from Nagoya Univer-
sity as well as 202 Japanese language schools na-
tionwide. In China, collaboration was sought from
Peking University, Jinan University, Capital Normal
University, Dalian University of Foreign Languages,
and Shanghai International Studies University. In
addition, participation was solicited through social
media platforms such as Facebook.

The survey began in Augest 2025 and is currently
ongoing. The estimated completion time was ap-
proximately 10—18 minutes. At the start of the sur-
vey, participants were presented with an informed
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Representative examples of target words selected from the Japanese Language Learner’s

consent form describing the study, and responses
were recorded only after consent was provided. As
compensation, participants who submitted valid re-
sponses received an electronic gift card valued at
300 yen (15 RMB in China). To increase sample
size, multiple submissions from the same partici-
pant were permitted, with a maximum of ten entries.

To ensure the validity of responses, entries with
missing values were first excluded. Subsequently,
for each participant, the ratings provided for the two
duplicated words were compared. The Likert-scale
responses, ranging from “Not at all” to “Strongly
think so”, were converted into numerical values on
a 0-6 scale. Response consistency was then evalu-
ated using two measures: the mean absolute error
(MAE) and the exact agreement rate (Agree). The
Agree index is easy to interpret; however, because
the agreement rate disregards directionality, it does
not differentiate between minor discrepancies (e.g.,
+1) and major discrepancies (e.g., =3 or more).
Therefore, it was employed in combination with
MAE, which captures the magnitude continuous
error.

For each duplicated word i = 1, 2, numerical eval-
uations of the items j = 1,...,10 are denoted as
a;; (first rating) and b;; (second rating). ltems with
missing values are excluded from the calculation.

Mean Absolute Error (MAE)

The range is 0-6, where values closer to 0 indicate
higher consistency between the two ratings.

Exact Agreement Rate
10

> 1(aij = bij)

j=1

Agree, = —
gree; = 1o

(2)
The range is 0-1, where 1 indicates perfect agree-
ment across all items.

Furthermore, the mean values of MAE and agree-
ment across the two duplicated words were calcu-
lated. Because human decision-making inherently
involves uncertainty, it cannot be assumed that the
two ratings for duplicated words would consistently



coincide. This uncertainty is considered to stem pri-
marily from two sources. First, due to limitations in
the information and computational resources avail-
able to individuals, “bounded rationality” emerges
(Simon, 1955, 1972). In other words, individuals
are unable to analyze situations in a fully rational
and exhaustive manner, and instead rely on ap-
proximate judgments within the constraints of their
cognitive resources. Second, cognitive processes
such as perception, memory, and reasoning are
inevitably subject to “information-processing noise”
(Faisal et al., 2008; Kahneman et al., 2021), which
introduces variability into judgments even under
identical conditions. Through the interaction of
these two factors, human decision-making is in-
trinsically variable. The thresholds were then es-
tablised as follows.

 High reliability: MAE < 1.0 (average de-
viation within one scale point) and Agree >
0.70 (perfect agreement in more than 70% of
cases).

* Review required (gray zone): 1.0 < MAE <
2.0 or 0.20 < Agree < 0.70.

* Low reliability: Otherwise.

3. Data Structure and Statistical
Processing

3.1.

Valid responses were obtained from 536 partici-
pants across 15 countries: China, South Korea, the
Philippines, Myanmar, France, the United States,
Vietnam, Malaysia, Thailand, Mongolia, Australia,
Turkey, the United Kingdom, India, and Bangladesh.
Of these, 273 responses (51%) were classified as
high reliability, while 263 responses (49%) were
classified as requiring further review.

Figure 2 illustrates the distributions of MAE and
agreement, calculated from the two ratings for du-
plicated words and their averages. The histograms
depict the frequency distributions of the two indices,
while the overlaid kernel density estimation (KDE)
curves highlight their distributional tendencies and
modal peaks. The MAE exhibited a right-skewed
distribution, with most cases concentrated below
1.0, indicating relatively small discrepancies be-
tween responses for duplicated words. By con-
trast, agreement displayed a bimodal distribution
with peaks around 0.6 and 0.8, with a pronounced
concentration near 0.8, suggesting that response
consistency was generally high.

Moreover, after excluding outliers, the mean re-
sponse time was 727.77 seconds, which fell within
the expected range identified in the pilot study
(600—-1080 seconds). These findings indicate that

Data Structure
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MAE

W Duplicated word1
6| mmm Duplicated word2

Agree

W Duplicated word1
W Duplicated word2

= Mean = Mean

14

Density

Figure 2: Distributions of MAE and agreement for
duplicated words and their averages.

Learning level Frequency Rate

Intermediate 214 0.40
Upper Intermediate 147 0.27
Advanced 139 0.26
Upper Beginner 33 0.06
Beginner 3 0.01

Table 2: Distribution of participants’ proficiency
levels

the survey was conducted in a formally appropriate
manner, with most participants devoting a reason-
able amount of time to their responses. These re-
sults provide strong evidence supporting the overall
reliability of the survey data.

Participants’ ages ranged from 18 to 42 years,
with a mean of 25 years and a standard deviation
of 4.28. Regarding gender, 329 participants were
female (61.38%), 205 were male (38.24%), and
two identified otherwise. Self-assessed Japanese
proficiency levels are summarized in Table 2. The
largest group was Intermediate, comprising approx-
imately 40% of the sample (214 participants), fol-
lowed by Upper Intermediate at 27% (147 partic-
ipants) and Advanced at 26% (139 participants).
Overall, the majority of respondents (93%) fell be-
tween the intermediate and advanced levels, sug-
gesting that most participants had already attained
a relatively high level of Japanese proficiency.

3.2. Statistical Processing

Each valid response included 14 words, yielding a
total of 7,504 word instances. However, because
some words were rated by multiple responses, the
final dataset contained 1,229 unique words. To en-
hance generalizability, it was desirable to collect as
many responses as possible for each word. There-
fore, in the present study, only words with at least
five responses (N = 556) were retained for dataset
evaluation.

The collected data were subject to potential bi-
ases stemming from both word-specific character-
istics (e.qg., abstractness) and respondent-specific
tendencies (e.g., a general inclination to assign
higher ratings). To address these sources of varia-



tion, ratings were estimated using a Bayesian Lin-
ear Mixed Model (BLMM), in which word-specific
effects and participant-specific effects were incor-
porated as random effects.

The estimation was performed across ten dimen-
sions: five related to familiarity (writing, reading,
speaking, listening, and overall impression) and
five related to meaning and image (negativity, calm-
ness, imageability, abstractness, and understand-
ability). All ratings were originally collected on a
seven-point Likert scale (Not at all — Strongly think
so) and were treated as continuous values ranging
from 0 to 6.

Let yfjk) denote the rating given by participant j to
word i on dimension k. The model was formalized
as follows:

*) . StudentT (v, us;
y’L] uden (V7 Hig U)’ (3)

(@)

(4)
Yword u

+ 7% bj-

Hij =+ (4)

(i

,ngrd ~ N(Nworda Oword) @

Vsubj ™~ N(Nsubja Usubj)~
)

Here, a represents the overall mean, fy\fjgrd de-
notes the word-specific effect, and véjgj denotes
the participant-specific effect. These random ef-
fects were assumed to follow hierarchical normal
distributions. In addition, a Student-t distribution
was employed for the observation noise rather than
a normal distribution, allowing for more robust esti-
mation in the presence of outliers.

Parameter estimation was carried out using the
No-U-Turn Sampler (NUTS). For each chain, 2,000
samples were drawn from the posterior distribu-
tion, with 1,000 iterations used for warm-up (tun-
ing). Four independent chains were run in parallel,
yielding a total of 8,000 samples. The target accep-
tance rate was set to 0.9 to suppress divergences
and ensure stable convergence. Furthermore, the
response variables were standardized (mean = 0,
standard deviation = 1) to improve the stability of
model estimation. As a result, the Gelman—Rubin
convergence diagnostic statistic R was 1.0 for all
parameters, confirming that all models successfully
converged.

The estimation results are shown in Figure 3.
The magnitudes of variation across words and
across participants were represented by the stan-
dard deviations oyeq and oy, respectively. The
results indicated that the posterior means of both
oword @Nd ogyp; deviated from zero. Moreover, al-
though some variability was observed in the ratings
of individual words, differences in response ten-
dencies across participants contributed more sub-
stantially. In other words, in the present dataset,
individual differences among participants exerted
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a stronger influence on the ratings than did the
inherent characteristics of the words themselves.

—4— o_word
—4— o_subj

o o o o
be o ® S

Estimated SD (mean + 95% Cl)

o
@

0.2

WS goading Svea\mg Us\en\nq overd Neqa‘”‘“ ca\m“ess\magea"‘“\ibs“ac‘“ess a0y
v

derst®

Figure 3: Estimated standard deviations of word
and participant effects with posterior means and
95% credible intervals.

4. Evaluation and Benchmarking

Although the dataset is still under construction, this
section sketches potential evaluation frameworks
and benchmark experiments. Figure 4 illustrates
the distribution of predicted mean scores across
ten dimensions (Writing, Reading, Speaking, Lis-
tening, Overall, Negativity, Calmness, Imageability,
Abstractness, and Understandability), with max-
min normalization applied to constrain the data to
the range of -3 and 3. Figure 5 presents a heatmap
of the correlation matrix among the predicted mean
scores for these dimensions. Based on the correla-
tion structure in Figure 5, four distinct clusters were
identified.

Interrelation of language skills The four lan-
guage skills—writing, reading, speaking, and
listening—showed very strong intercorrelations
(0.81-0.90). Each skill was also highly correlated
with Overall (0.89-0.94). This findings are consis-
tent with previous research in second language
acquisition and language assessment, which have
emphasized the interdependent development of
the four skills (Quinn et al., 2015; Zheng, 2024).
The findings further confirmed, both statistically
and conceptually, that Overall functions as an inte-
grated index of the four core language skills.

Semantic properties and affective valence Ab-
stractness was negatively correlated with both Im-
ageability (—0.28) and Understandability (—0.17),
while showing a positive correlation with Negativity
(+0.22). This pattern suggests that abstract, less
comprehensible, and less imageable words are
more likely to be associated with negative affect.
Kousta et al. (2010) and Vigliocco et al. (2013)
reported that abstract words are more strongly as-



sociated with affective dimensions such as valence
and arousal than concrete words. This finding sug-
gests that abstract words, which are difficult to visu-
alize and require context-dependent interpretation,
tend to evoke negative emotions in learners due
to this dual processing burden. At the same time,
it reflects the possibility that abstract words rein-
force their meanings through the mediation of neg-
ative affect (Ponari et al., 2018). Taken together,
these results support the view that affective va-
lence is not merely ancillary but instead consti-
tutes a critical factor that interacts with the abstract-
ness—concreteness dimension in shaping cogni-
tive processing. Thus, the observed correlation
structure appropriately captures the intersection
between semantic properties (abstract—concrete)
and affective valence (negative—positive).

Understandability and imageability A strong
positive correlation (0.76) was observed between
Understandability and Imageability. This suggested
that the semantic processing of words is reinforced
through visual and sensory imagery, consistent
with the psycholinguistic perspective that semantic
representations are grounded in sensorimotor ex-
perience (Barsalou, 2008), a framework commonly
referred as grounded cognition. Moreover, Under-
standability was highly correlated with each of the
four language skills and with Overall (0.66—0.73),
whereas Imageability showed moderate correla-
tions with the skills and Overall (0.53-0.60). These
results indicate that ease of processing—whether in
terms of comprehension or imageability—is closely
associated with language proficiency.

In summary, these results not only support es-
tablished theories of lexical processing but also
strengthen the validity of the present survey data.

Additionally, as a supplement to the correlations
presented in Figure 5 and the identified four clus-
ters, Figure 6 presents pairwise scatter plots among
Overall, Negativity, Imageability, and Understand-
ability. The scatter plots indicate that Overall pro-
ficiency is strongly predicted by both Imageabil-
ity and Understandability, underscoring the cen-
tral role of cognitive processing dimensions in lexi-
cal access. By contrast, Negativity exhibited only
a weak negative correlation with Overall and no
meaningful relationship with Imageability or Under-
standability, suggesting that affective valence con-
stitutes a distinct psychological dimension. This
pattern is consistent with psycholinguistic accounts
in which abstract negative words rely on affective
content to strengthen their semantic representation,
while emotional load operates independently of cog-
nitive processing efficiency. Taken together, these
findings support the view that lexical processing
can be conceived as a dual-route system, compris-
ing a cognitive pathway and an affective pathway
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(Ferré et al., 2025; Kuperman et al., 2014; Palazova
et al., 2013).

5. Conclusion

Japanese, often regarded as one of the most com-
plex and difficult languages to acquire, remains
insufficiently understood with respect to the fac-
tors that influence word difficulty and their relative
contributions. Previous research has largely relied
on corpus-based statistical measures, leaving a
critical gap in data that directly capture the cogni-
tive complexity underlying lexical processing. To
address this limitation, the present study focused
on six psycholinguistic dimensions—familiarity, af-
fective, arousal, imageability, abstractness, and
understandability—and developed a novel dataset
through empirical surveys. Although data collec-
tion is still ongoing, preliminary quantitative evalua-
tions have demonstrated the validity of the dataset,
showing consistency with established theoretical
frameworks and with findings from previous stud-
ies.

Word difficulty is not confined to surface-level
lexical properties; it is also shaped by contextual
factors, sociocultural influences, cognitive process-
ing costs, and affective dimensions. Moreover,
these factors do not operate independently but in-
stead interact in complex ways to influence lexical
processing. Many aspects of this process remain
theoretically and empirically unexplained. Accord-
ingly, the dataset constructed in this study not only
contributes to word difficulty estimation but also
provides a foundation for elucidating the interrela-
tionships and interactions among its contributing
factors.

Future research should address two important
limitations of the present study. First, because
the dataset is based on subjective metalinguistic
ratings, the findings should be interpreted as re-
flecting learners’ perceived lexical difficulty rather
than objective processing difficulty. Further work
should therefore examine how these metacognitive
judgments relate to behavioral measures such as
reaction time, recall, and eye-tracking. Second,
the absence of a paired cross-linguistic dataset
prevents direct evaluation of whether the ob-
served psycholinguistic dimensions are language-
universal or language-specific. Constructing com-
parable datasets across languages would help clar-
ify which determinants of lexical difficulty generalize
across linguistic contexts and which are shaped by
language-specific properties.

Ethical Considerations

This study involved human participants who pro-
vided subjective ratings of related psycholinguistic
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Figure 4: Distribution of predicted mean scores across ten dimensions (Writing, Reading, Speaking,
Listening, Overall, Negativity, Calmness, Imageability, Abstractness, and Understandability). Each
histogram depicts the density of predicted scores with an overlaid kernel density estimate (red line). The
skewness (skew), kurtosis (kurt), and mean values are reported for each dimension.
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Figure 5: Correlation matrix of predicted mean
scores across ten dimensions (Writing, Reading,
Speaking, Listening, Overall, Negativity, Calmness,
Imageability, Abstractness, and Understandability).

properties. All participants gave informed consent
prior to participation. The study protocol was re-
viewed and approved by the institutional ethics com-
mittee of Nagoya University.

While the dataset may be made publicly avail-
able for research purposes, all shared data will be
fully anonymized and distributed under terms that
restrict re-identification and misuse.
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Figure 6: Pairwise scatter plots with regression
lines among four dimensions (Overall, Negativity,
Imageability, and Understandability).
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