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Abstract

Word associations are among the most direct ways to measure word meaning in human minds, capturing various relation-
ships, even those formed by non-linguistic experiences. Although large-scale word associations exist for Dutch, English,
and Spanish, there is a lack of data for Mandarin Chinese, the most widely spoken language from a distinct language family.
Here we present the Small World of Words—Zhongwen (Chinese) (SWOW-ZH), a word association dataset of Mandarin
Chinese derived from a three-response word association task. This dataset covers responses for over 10,000 cue words from
more than 40,000 participants. We constructed a semantic network based on this dataset and evaluated concurrent validity
of association-based measures by predicting human processing latencies and comparing them with text-based measures
and word embeddings. Our results show that word centrality significantly predicts lexical decision and word naming speed.
Furthermore, SWOW-ZH notably outperforms text-based embeddings and transformer-based large language models in pre-
dicting human-rated word relationships across varying sample sizes. We also highlight the unique characteristics of Chinese
word associations, particularly focusing on word formation. Combined, our findings underscore the critical importance of
large-scale human experimental data and its unique contribution to understanding the complexity and richness of language.
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Introduction

Humans store the meaning of tens of thousands of words,
and this mental lexicon supports our daily activities, such as
reading, writing, and communication. This vast repository of
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words is not just a static collection of terms — it exists in our
brains as a dynamic and complex network (Hills & Kenett,
2022). Within this semantic network, each word is not iso-
lated, but interconnected with others through their meanings.
Thus, when we use language, these words and their interre-
lations assist us in efficiently understanding and expressing
thoughts. While some semantic networks, such as WordNet
(Fellbaum, 2010) or ConceptNet (Speer et al., 2017), have
been built primarily based on linguistic annotation, empiri-
cal semantic networks can be more directly derived from a
free word association task. In this task, participants list the
first words that come to mind when presented with a cue
word. This method is easy and remarkably efficient, cov-
ering a wide range of semantic relations without the need
to spell out full propositions (Szalay & Deese, 1978). The
information encoded in word association is unique because
it encodes not only lexical relations but also includes experi-
ential knowledge (De Deyne et al., 2021; Ufimtseva, 2014).

Scaling psychological measures of meaning to include the
most common words requires an immense data collection
effort, which has become feasible through online data col-
lection tools (Chen et al., 2023). The Small World of Words
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(SWOW) project has used online crowd-sourcing to recruit
volunteers since 2010, which has led to the most extensive
word association norms to date in Dutch (De Deyne et al.,
2013), English (De Deyne et al., 2019), and Rioplatense Span-
ish (Cabana et al., 2024). These norms have been adopted
widely to study a range of phenomena related to early word
learning (Cox & Haebig, 2023), creativity (Johnson & Hass,
2022), the prediction of primary semantic dimensions like
concreteness or emotional valence (Meersmans et al., 2022;
Van Rensbergen et al., 2016; Vankrunkelsven et al., 2015),
the interaction between semantics and perceptual modality
(De Deyne et al., 2021), and studies of risk (Meersmans et al.,
2020; Wong et al., 2022; Wulff & Mata, 2022), etc.
Although large-scale word association norms have been
developed for several alphabetic languages, such studies are
currently lacking for Mandarin Chinese, one of the most spo-
ken logographic languages in the world.!The current study
aims to build the first large-scale dataset of Mandarin Chi-
nese associates. As a logographic language, Chinese exhibits
unique characteristics compared to alphabetic languages, par-
ticularly in its semantic structure and the formation of words.
In Chinese, most words are compound, created by combining
single characters that also function as individual words. These
characters are interconnected through a non-inflectional mor-
phological system, displaying intricate relational, semantic,
and syntactic associations (Packard, 2000). Most characters
represent morphemes, but they are also words themselves.
For instance, “H£%#} (topple)” features a cause-effect dynamic
between “HE (push)” and “Fl (turn over).” Similarly, “F/x
(computer)” reflects a semantic link between ““F, (electricity)”
and “fii (brain).” While Chinese words can be made up of any
number of morphemes in theory, they typically contain fewer
than four characters. It is therefore difficult to separate the
effects of morphemes/characters from those of words. As for
cultural differences, previous studies suggested that Chinese
speakers are also more holistic and focus more on context and
relationships between things, while alphabetic speakers are
more analytical in general and pay more attention to details,
rules, and logic (Ji et al., 2000; Nisbett & Masuda, 2003; Nis-
bett & Miyamoto, 2005). Reflected in language, many Chi-
nese words have a nondiscriminatory role, which in turn often
requires contextual information for grammatical processing
and analysis (Vigliocco et al., 2011). Unlike Indo-European
languages, which use inflection or suffixes to signal changes
in part of speech, Chinese words frequently can function as
different parts of speech in the same form. For example, “4£”
can mean “spend/cost [verb],” “flower [noun],” or “colorful
[adjective].” These words are nondiscriminatory depending on
their context. Therefore, it is unclear whether findings from

! Over 1.3 billion people by 2018, see https://www.ethnologue.com/
statistics
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Indo-European languages so far would generalize to Manda-
rin Chinese. Given the aforementioned factors, a systematic
comparison between Chinese and alphabetic languages neces-
sitates comprehensive and fundamental linguistic analyses,
taking into account characteristics unique to Chinese word
formation and production.

To evaluate the norms, we referred to prior reports in Dutch,
English and Spanish, examining how semantic networks, built
from word associations, predict word processing speeds as
measured by reaction times in lexical decision and naming
tasks (Barber et al., 2013; Cails, 1990; Pexman et al., 2008;
Rodd et al., 2002; Yap et al., 2011), as well as human ratings
of relatedness and similarity of word pairs. These validations
involve using text-based external measures, including word
frequency and context diversity (Cai & Brysbaert, 2010; Liu
et al., 2010), as well as distributional word relation estimates
derived from word embeddings (Li et al., 2018), which are
relatively broadly used and are assumed to capture meaning as
well. Previous studies have suggested that incorporating indi-
rect associations into the estimation of word pair relations can
most effectively approximate human perceptions of relatedness
and similarity. To be specific, broad relatedness aligned more
closely with associative relationships (Cabana et al., 2024;
De Deyne et al., 2019), while strict similarity corresponded
to shared semantic features (Vulic et al., 2020). For instance,
while “lion” and “zoo” are highly related, they are not similar.
On the other hand, “lion” and “tiger,” both members of the Fel-
idae family and similar in appearance, exhibit a high degree of
similarity. In addition to differentiating between similarity and
relatedness, our analysis also considers the contextual reliance
characteristic of Chinese. Besides the complexity of Chinese
word relationships mentioned earlier, the inherent ambiguity
of words makes it unclear whether estimates derived from
Chinese word associations might require a larger sample size
compared to other languages. While association networks were
reported to outperform word2vec in some languages (Cabana
et al., 2024; De Deyne et al., 2013, 2019), the consistency
of this advantage in Chinese and with smaller-sized associa-
tion norms remains unclear. To address the sample size issue,
noting that previous results utilized larger participant groups,
we also aimed to determine how sample size might influence
alignment with human ratings.

Furthermore, with the rapid advancement and increased
application of computer models in language processing, par-
ticularly large language models (LLMs) such as GPT and
other transformer-based models like BERT, the current study
also addresses a critical question: Can human big data-based
association norms like SWOW-ZH provide a more nuanced
understanding of human behavior in language tasks compared
to these advanced language models, which primarily leverage
vast amounts of text data? This inquiry is pivotal, as it evalu-
ates whether the inherently different nature of data sources—
human-generated associations versus machine-learned patterns
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from text—Ileads to distinct or complementary insights in
linguistic research. Considering that generative transformers
demonstrated near-human capabilities in next-word prediction
(Goldstein et al., 2022; Schrimpf et al., 2021), we sought to
explore whether generative models like GPT could effectively
capture word relationships and establish association norms in
the same way as SWOW. Across these comparisons, the aim
is not primarily to establish what measure performs best, but
to determine whether good performance can be achieved with
a relatively parsimonious model in terms of data.

The remainder of the article is structured as follows. The
next section provides information about the method and pro-
cedure, and how this project in Mandarin Chinese differs
with related projects in other languages.

Methods
Participants

Participants have been continually engaged in the project
through social media, emails, and lectures since 2016. The
project primarily utilized the SWOW platform, where most
participants contributed without compensation. They took
part in a word association task consisting of 18 cue words.
Up to April 2023, 40,903 individuals had participated in
the word association task, which comprised native speakers
of Chinese, without distinguishing between Mandarin and
Cantonese speakers. At a later stage, to accelerate the con-
struction of the database, our data collection was switched
to NAODAO? (Chen et al., 2023) for a small section of the
data. Participants responded to 80 to 90 cues, and each par-
ticipant was compensated for 15 RMB (2.2 USD).

In data processing, we excluded data from three types of
participants: Cantonese speakers, due to the focus on Man-
darin language in the present study; occasional participants
under 16 years old; and participants that do not fulfill the
quality control criteria (see the Preprocessing section). The
resulting norm contains the data and demographic informa-
tion including age, gender, education level, native dialect,
and optional geographic location.

Procedures

The main task is a three-response continued free association
task, a variant of the single-response free association task
that addresses the issue of response dominance, where most
participants give the same response, and captures weaker

2 Due to the unreliable access to the main SWOW website experi-
enced in mainland China over the past few years, additional data were
collected through the NAODAO platform beginning November 29,
2022.

associations between words, as well (De Deyne et al., 2013;
Nelson et al., 2000). In a three-response free association
task, participants were required to give three words related
to a cue word. The instructions were the same as used in the
English SWOW (De Deyne et al., 2019) for consistency. The
details are described in Appendix 1.

Stimuli

The cues were continuously expanded using a snowballing
sampling procedure. In the seeding set of cues, 983 com-
monly used words, including the most high-frequency words
from Subtlex_CH (Cai & Brysbaert, 2010) and highly fre-
quent words from previous semantic studies, were included.
After presenting the complete set of cues to at least 60 par-
ticipants, a new set of cues was obtained by selecting fre-
quent responses that were not cues. In each iteration, a batch
of around 1000 new cues was selected from the association
responses. As of July 25, 2022, the study had collected a
total of ten cue sets with 10,192 cues, and 8241 of those
were also presented on NAODAO by April 15, 2023.

A separate group of participants was included to validate
the impact of sample size on relation estimates (for more
details, see Appendix 1). 164 cue words were derived from
the relatedness judgment task of De Deyne et al. (2020),
with the number of trials/participants expanding to 80 for
concrete words and 120 for abstract words.

Preprocessing

Preprocessing was performed to ensure the quality of the
responses, and resulted in two datasets that will be publicly
released: raw and balanced. The raw dataset accommodates
diverse research needs by preserving the original responses.
The balanced dataset, prepared through cleaning and stand-
ardizing with exactly 55 trials for each cue word, facilitates
comparison across cue words by controlling the cue presen-
tation rate. This specific trial count, which is lower than sim-
ilar projects in Dutch and English, will be further validated
in subsequent stages of the study to confirm its effectiveness
for the comparative analyses highlighted.

The preprocessing (see Fig. 1) involved merging, clean-
ing, and balancing the data similar to what has been done
before in Dutch, English and Spanish. In the following sec-
tions, if not specified, we used the term “types” to refer to
words as uniquely encoded Chinese words and “tokens” to
refer to the occurrences of a type. Figure 1 shows an over-
view of the preprocessing, with detailed steps described in
Appendix 2. We will outline the steps specifically adjusted to
accommodate the unique characteristics of Chinese, which
differ from the prior SWOW-EN preprocessing protocols.

The raw data were cleaned for responses and participants
one by one. With regard to the data cleaning for responses,
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Particip. Cues Trials
40,137 10,192 708,647
Raw Data
766 8,241 66,659
[ » |Stage 1: Data merging
See details in caption
4
M erg ed Particip. Cues Trials
_ 40,903 10,192 775,306
I---\‘

Stage 2: Data cleaning - words

Traditional to Simplified Chinese
130 cues
6,073 resp.
English resp.
corrected 459 of 3,758 resp.
Joined resp.
separated 868 resp.
Long resp. (>=7 char)

marked the rest with #Long
Non-Chinese characters

corrected/retained 2,172 of 5,3

marked the rest with #Symbol
Retroflex final -er (1)

truncated er off 260 resp.
Duplicated responses

corrected/retained 313 of 6,794 resp.

Stage 3: Data cleaning - participants

Non-words resp. (> 40%)
1,401 participants
Long resp. (>=7 char., > 30%)
7 participants
Non-Chinese resp. (> 40%)
14 participants
English resp. (>40%)
43 participants
Duplicated resp. (> 20%)
103 participants
"Unknown Word" and
"No More Responses" (> 60%)
5,960 participants
Potential Cantonese particip.
4,303 participants

01 resp.

marked 2,118 resp. tokens with #Repeat

Transform #Long, #Symbol, #Repeat and “Missing” to #Missing

}. ___________________________________________
\ %
Particip. Cues Trials
Cleaned i
—_ 30,558 10,062 588,906
Foneoe- > |Stage 4: Data balancing
Transform “Unknown word” to #Unknown
Retain 55 trials per cue
4
Balanced Particip. Cues Trials
Data

30,504 10,024 551,320

Fig. 1 Data preprocessing procedure. The procedure consists of three
stages: merging, cleaning, and balancing. During pre-screening, 85
taboo responses were masked with hexadecimal codes, and 19 taboo

since Chinese words are not separated by white space and
have indefinite lengths, they have a blurry boundary with
multi-word phrases. To eliminate lengthy phrases and sen-
tences, responses exceeding six characters—unless they
were proper nouns—and those containing non-Chinese
characters or considered meaningless were tagged as “Miss-
ing” (tags were coded in the main data file with a preceding

@ Springer

cues were eliminated. The count of responses refers to the number of
unique response types, excluding duplicates. Abbreviations: Particip.
for participant; resp. for response; char. for character

# sign). Three other types of responses underwent the fol-
lowing transformations: Traditional Chinese responses
were converted to their Simplified Chinese form, English
responses were retained and corrected for capitalization, and
retroflex er finals (erhua or erization) were deleted. In the
data cleaning for participants, Cantonese participants and
those who left more than 60% blank were excluded, resulting
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in the exclusion of over 10,000 participants. Preprocessing
codes are available in MATLAB and R.

Constructing the SWOW-ZH network and measures

We constructed the SWOW-ZH network and corresponding
measures based on the aforementioned data. The nodes in
the network represent cues, while the associative strengths
between these cues form the weighted edges. Notably, we
only used the strongly connected component in this directed
and weighted cue-to-cue graph, to ensure that each node,
or cue, was part of a bidirectional relationship with both
inbound and outbound connections. Responses that were
not part of the cue sets, and cue words that were not associ-
ated with other cue words, were not included. The associa-
tive strength was calculated as the conditional probability
between O and 1 of a response given a cue (Abbott et al.,
2015; De Deyne et al., 2019). Two versions of the network,
R1 and R123, were validated and compared in the following
sections. Connections in the R1 network were based on the
first response only and included 9814 nodes (i.e., 97.91%
of the original cues), while the R123 network was based on
all three responses, including 9899 nodes (98.75% of the
original cues).

External validation

To evaluate the effectiveness of SWOW-ZH, we investigated
the extent to which metrics based on SWOW-ZH associa-
tions could explain human performance in word processing.
Following SWOW-EN (English), SWOW-RP (Rioplatense
Spanish) and SWOW-NL (Dutch), we employed external
norms of lexical decision response times (RTs), naming
latencies, and word pair ratings.

In the context of lexical processing, we paid special atten-
tion to the unique aspects of Chinese, particularly the role
of individual characters in composing words during word
naming.

In terms of word relationships, we focused on examining
the differences in explanatory power relative to sample size
between measures derived from SWOW and those based on
large-scale text models in interpreting human rating data.
Finally, we explored the potential of large language mod-
els (GPT-40) to establish SWOW-LLM association norms
by employing the same free association paradigm used in
SWOW.

Lexical decision task

Centrality metrics, such as degree and betweenness, are
expected to impact the prominence of a word in the network
and its accessibility in language understanding. Words more
central in the network are reached quicker and easier during

cognitive processes, such as recall or recognition. Hence,
effective centrality measures should be good predictors of
lexical processing (Barber et al., 2013; Pexman et al., 2008;
Yap et al., 2011). In this study, we aligned SWOW-ZH met-
rics with those from other sources to evaluate their effective-
ness in predicting lexical decision latencies from the MELD-
SCH megastudy (Tsang et al., 2018), aiming to discern which
measures are most effective and their unique contributions.
Two alternative sources, the Unigram subset of Chinese Web
5-g Version 1 (Liu et al., 2010) and SUBTLEX-CH (Cai &
Brysbaert, 2010), were employed for comparisons.

To avoid multicollinearity and assess the unique contri-
butions of each measure, we initially employed backward
stepwise regression to identify significant predictors of lexi-
cal decision RTs, thereby establishing a base model. Subse-
quently, we applied a leave-one-out strategy, systematically
removing each independent variable to form a restricted
model, which was then compared with the base model to
determine the impact of the removed variable by likelihood
ratio test (LRT, Imtest R package, see Hothorn et al., 2022).
Since the base model was identical and AR? was adjusted by
the number of predictors, we can weigh the effects of each
measure by inspecting the AR? values.

Word naming task

Naming latencies and lexical decision times are often used
alternatively as measures of word recognition (Katz et al.,
2012). While the lexical decision task has sometimes been
questioned because it incorporates a decision-making compo-
nent, word naming latencies could be considered more direct
measures, although some studies suggest that monosyllabic
words benefit from the predictable associations between
graphemes and phonemes, which could affect the directness
of word naming latencies as a measure (Balota et al., 2004).
We then investigated whether word centrality, derived from
SWOW-ZH, can effectively predict word naming latencies.
It is also important to note that, unlike alphabetic lan-
guages, Chinese is characterized by its character-based and
analytic structure. The process of retrieving multi-character
words is more transparent and parsimonious, yet more influ-
enced by within-word structures and complexity (Tse et al.,
2017). Although “‘single-character word” naming provides
a simple and informative metric and has been widely used
in previous studies, it is challenging to dissociate it from
“character” naming. Given that SWOW-ZH also encom-
passes a large number of single-character words, it is feasible
to differentiate characters and single-character words in our
analysis. Therefore, we used two datasets of word naming as
the dependent variables: 2423 single-character words from
Liu et al. (2007), and 1922 two-character words from Zhang
et al. (2023). We conducted separate analyses on the charac-
ter- and word-related measures in both datasets, focusing on
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the influence of the characters that constitute words, as well
as their properties as single-character words, on word nam-
ing. In each analysis, both the character- and word-related
measures were included as candidate independent variables
and then filtered using backward stepwise regression, fol-
lowed by LRT to evaluate each selected predictor.

Relatedness and similarity rating tasks

Human ratings of relatedness and similarity are widely
employed in studies of semantic cognition and as bench-
marks for assessing distributional models (Bhatia, 2017,
Mandera et al., 2017). Likewise, previous versions of
SWOW in Dutch, English, and Spanish found that word
associations provide a reasonable representation of the
mental lexicon, which captures the relationships between
words, even those not directly linked. However, it is not
clear to what extent these effects will replicate in a language
with different distributional properties, such as Chinese. To
evaluate SWOW-ZH association norms, we used two behav-
ioral datasets: relatedness judgment from De Deyne et al.
(2020) and semantic similarity ratings (SimLex) from Vuli¢
et al. (2020). The main difference between the two data-
sets is that SimLex tasks focus on similarity, with partici-
pants instructed to judge strict similarity (e.g. coffee—tea),
whereas relatedness judgement tasks assess a broader range
of associations (e.g. coffee—cake) and include distinct sets
of abstract and concrete word pairs.

In addition to the SWOW-ZH association, our analysis
incorporated word embeddings like word2vec and advanced
language models such as BERT (Turc et al., 2019), GPT-2
(Radford et al., 2019). Turbo, the Chinese word2vec, originates
from a publicly available model trained on Baidu Encyclope-
dia using skipgram and negative sampling (Bojanowski et al.,
2017; Liet al., 2018). We also accessed the pre-trained GPT-
2-Medium (trained on Chinese Wikipedia)’ and WoBERT
(training corpus had been processed with word segmentation).*

We also explored the impact of sample size on behavioral
alignment. To investigate this, we increased the number of
SWOW-ZH participants for the words used in the related-
ness judgment task (De Deyne et al., 2020), which included
82 concrete words and 82 abstract words. To assess how
sample size affects estimating relatedness between the 164
words, we gradually increased the number of participants
in intervals of five, from 55 to 120 for abstract words and
from 55 to 80 for concrete words. With each increment in
participant numbers, the new associations contributed by the
extra participants led to a significant reweighting of edges
surrounding these 164 words.

3 https:/huggingface.co/mymusise/gpt2-medium-chinese

# https://github.com/ZhuiyiTechnology/WoBERT?tab=readme-ov-
file
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Finally, we experimentally compared human associations
with large language model generated associations using GPT-
40-2024-08-06 (OpenAl). It received the same instructions
as humans (see Appendix 1 for details) and provided three
responses for each of the 164 cues. To enhance the diversity
of associations, the temperature was set to 1.5 (which could
range from 0 to 2), and the frequency penalty was set at 1.0.
Raising the temperature beyond this level resulted in more
nonsensical responses. To ensure comparability between
human and language model associations, the same number
of “participants” and identical preprocessing procedures were
applied. To estimate word relations based on GPT-40, we
removed the edges from the 164 cues in the SWOW-ZH net-
work and replaced them with responses from GPT-4o0, using
the same algorithm to assess relations among the cues.

Results

The preprocessing trimmed the association counts per cue
to ensure uniformity. Each cue received 55 trials of three
responses from 55 distinct participants, creating a bal-
anced dataset that gave equal weight to all cues. This was
crucial for preventing any potential bias that could arise if
certain cues were overrepresented. The cutoff of 55 asso-
ciations per cue was determined after observing that the
influx of new association types plateaued at this number,
which will be detailed in the section “Types, tokens, and
word distribution.” Our analysis, starting with an examina-
tion of the demographic and lexical characteristics of the
data, is based on this balanced dataset. We then proceed
to external validation, maintaining the use of the balanced
dataset throughout. It is important to note that only the
strongly connected component of the network was utilized
for external validation.

Demographic information A total of 40,903 participants
completed the free association task, with 40,137 partici-
pants coming from the SWOW platform and 766 partici-
pants coming from NAODAO. A total of 30,504 participants
were retained after preprocessing, 80.73% of which were
female, 17.72% male, and 1.55% non-binary. The average
age was 23.04 years (SD=6.15, min= 16, max =99). Most
participants had a college or university bachelor’s degree
or above (91.67%), and 8.09% of the participants were high
school graduates. The majority of the participants (88.37%)
reported Mandarin as their native language, followed by
northern dialects (6.39%) and southeastern dialects (2.71%).
It is worth noting that there was a minor oversight in the
coding process, where Northwestern and Northern dialects
were inadvertently assigned the same code. This made them
appear indistinguishable (see Preprocessing—Stage 3 in
Appendix 2, and the Native Language column in the main
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data file for the exact issue). Most participants were located
in China (88.67%), the United States (4.65%), and Japan
(1.83%). Among those from China, metropolitan areas had
a significant representation of participants, e.g. Shanghai
(16.81%), Beijing (9.65%), and Guangzhou (4.91%).

Missing and unknown responses Responses were marked
as missing when participants skipped a trial by selecting
“Unknown Word” or “No More Responses” if they were
unable to provide a second or third associate. On average,
0.84% of all cues were marked as “Unknown Word,” with a
standard deviation of 2.00%. For R1, where the “No More
Responses” option was unavailable, the missing response
rate was 0.53% +1.32%. In this case, the missing R1
responses were composed of responses categorized as Long,
Symbol, or Repeat during preprocessing. Additionally, fol-
lowing the methodology used in the English, Dutch, and
Rioplatense Spanish norms, we combined the unknown cues
with the missing R1 responses to calculate an “unknown”
cue rate of 1.37%. For R2 and R3, the missing rates, which
included both “No More Responses” and the Missing tags,
were 14.62% +7.60% and 25.60% + 10.19%, respectively.
Compared to the Dutch, English, and Rioplatense Spanish
data, the rate of unknown cues was relatively low in Chi-
nese (SWOW-ZH: 1.37%, SWOW-EN: 1.42%; SWOW-DU:
2.5%; SWOW-RP: 3.3%), but the rates of missing responses
in R2 and R3 were relatively high in Chinese and Rioplat-
ense compared to Dutch and English.

Types, tokens, and word distribution A total of 122,396 types
(unique words) and 1,415,409 tokens (word occurrences)
were retained after preprocessing. Among them, 65,148 types
appeared only once. These hapax legomena responses cov-
ered 53.23% of types but only 4.60% of tokens. For the R1
responses, we retained 65,846 types and 543,775 tokens, of
which 34,099 types (51.79%) appeared only once, covering
6.27% of the tokens. The most common responses in SWOW-
ZH and SWOW-EN are listed in Table 1. The frequent response
types refer to how many cues elicited those responses, with
the denominator being the total number of cues; The frequent
response tokens refer to how many times those responses were
given across all cues, with the denominator being the total times
of cues multiplied by the number of times each prompt was
responded to (which is 55 in the balanced dataset). Notably,
they exhibit a cross-language consistency, as indicated by the
bold format, with most related to instinct and basic needs.

The vocabulary growth curves represent the main distri-
butional characteristic of the balanced dataset (Fig. 2a). The
number of types was introduced as a function of the number
of response tokens. To examine whether SWOW-ZH is scale-
free, we tested how well finite Zipf-Mandelbrot models could
capture the word distribution in SWOW-ZH. The Zipf-Mandel-
brot model, often used in linguistics, suggests that a few words
(types) are used very frequently (high token count), while many
others are rare (Baayen, 2001). The finite Zipf-Mandelbrot
model extends the original concept by considering a finite num-
ber of words, which is more practical for real-world datasets

Table 1 The ten most frequent responses in SWOW-ZH and SWOW-EN norms. These metrics were calculated for the first responses only (R1)
and for all three responses (R123). The bold items represent words that are common to both English and Chinese

Types R1 Tokens R1 Types R123 Tokens R123
SWOW-ZH SWOW-EN SWOW-ZH SWOW-EN SWOW-ZH SWOW-EN SWOW-ZH SWOW-EN

1 A money (54 money A money A money
(man) (money) (man) (man)

2 £ food A food £ water 654 water
(me) (man) (money) (money)

3 (53 water 7K water i food 7K food
(money) (water) (me) (water)

4 7K car 3 car TR red TAE car
(water) (me) (work) (work)

5 S love TAE music 7K love % music
(experiment) (work) (water) (cute)

6 TAE work ¥ old ) work a4 green
(work) (cloth) (experiment) (red)

7 Wk bad B sex 1339 bad Z i red
(game) (math) (game) (teacher)

8 AR good TRk love A fun Vi35 love
(red) (game) (white) (game)

9 She man i dog AREN good I ] work
(white) (exam) (red) (time)

10 1t me AR bird FET man liy3 old
(good) (red) (death) (friend)
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Fig.2 The distributional characteristics of the balanced dataset. a
The growth of types as a function of the number of tokens among
responses. Both R1 and R123 curves were fitted to a finite Zipf-Man-
delbrot model. b The response coverage of cues. The red dashed lines
mark the median response coverage among cues. The y-axis repre-
sents the proportion of tokens summed from each column, with the

where the number of words is limited. The curves based on R1
and R123 were separately predicted by finite Zipf-Mandelbrot
models using the zipfR package (Baroni & Evert, 2014).

As shown in Fig. 2a, for the balanced dataset with 55 partici-
pants, the growth rate decreases with the addition of tokens. It is
anticipated that adding new participants beyond 55 per cue will
result in fewer new types in the balanced dataset. Nevertheless,
extracting the strongly connected component might have led to
a loss of responses. Given that the SWOW-ZH networks were
built based on the strongly connected component and thus dis-
carded non-cue responses, we need to ensure that the SWOW-
ZH networks cover the majority of tokens after the transforma-
tion. To this end, we calculated the response coverage for each
cue—the ratio of its associated tokens in the network to those
in the balanced dataset. The distribution of response coverage
is shown in Fig. 2b. The median response coverage among
cues was 76.36% in the R1 network and 72.73% in the R123
network, indicating that half of the cues retain most of their
associated tokens after network transformation.

We further compared the SWOW-ZH distribution to
the frequency spectra from text-based corpora, such as

@ Springer
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Frequency (log)

denominator being the total tokens in SWOW-ZH networks. ¢ The
coverage of SWOW-ZH cues on Unigram and SUBTLEX-CH. The
x-axis displays word frequency bands labeled with their midpoints
based on corresponding lexicons, while the y-axis shows the number
of words in each band

SUBTLEX and Unigram norms, to gauge its representative-
ness of natural language usage. The results showed a simi-
lar distribution between the frequency spectrum from word
associations and those from the corpora (Fig. 2¢). This simi-
larity indicates that SWOW-ZH can comprehensively rep-
resent the lexical distribution of Chinese natural language.

External validation
Lexical decision task

To evaluate the effectiveness of centrality measures derived
from SWOW-ZH, we compared the node unweighted in-
degree® from SWOW-ZH with an alternative centrality indi-
cator from SUBTLEX-CH, which offers word frequency and

> We also explored several other centrality measures from SWOW-
ZH, such as in-strength (weighted in-degree), PageRank, betweenness
and in-closeness, but found that in-degree performed on par or better.



Behavior Research Methods (2024) 57:34

Page90f22 34

All Words (N = 4,756) Nouns (N = 2,274)

Verbs (N = 601) Adjectives (N = 347)

Length controlled

0.8 Length and k;, controlled
M Length controlled
07 Length, WF and CD controlled
0.6 l
©
£ 04
510 BB
03 l l ] l l l I
0.2
0.1
0.0
¢ & @ o0 & & @ v e & & ® oo & & P e e
Q7 & o [N A, P e R
S AP S S S
FONPN AN P SRS @ & E R L PN PN PN SRS FONUN AN IS SRS
RO N NGO RO NN NN RN RO NP NN RN RO NP NN
F PN T T PN T PPN SN F
& 2 © & 9 © & e 9 © & 2 O N
=) é& =) %Q\ =) %\$ =) ¢_§§

Fig.3 SWOW-ZH word centrality showed a significant correlation
with lexical decision RTs. The absolute values of the partial corre-
lation coefficient r are displayed on the y-axis. The indicators on
the x-axis, from left to right, include three text-based indicators (in
orange: Unigram word frequency, SUBTLEX-CH word frequency,
and word contextual diversity) and two association-based indicators
(in blue: unweighted in-degree of SWOW-ZH R1 and R123). The

contextual diversity based on movie subtitles (Cai & Brys-
baert, 2010). Furthermore, we incorporated word frequency
from the Unigram subset of Chinese Web 5-g Version 1, an
N-gram database developed from web content (Liu et al.,
2010). In upcoming analyses, we accounted for the variability
contributed by these three measures of accessibility in lexical
decision latencies, thereby isolating the unique impact of word
association. These lexical decision latencies were sourced from
Tsang et al. (2018), with word length spanning one to four
characters. All metrics underwent log transformation, consist-
ent with the methodology applied to previous SWOW norms
(e.g. SWOW-EN, De Deyne et al., 2019).

We analyzed the data of Tsang et al. (2018) for the words
that were covered in all the three norms (SWOW-ZH, SUB-
TLEX-CH, Unigram). This resulted in a total of 4756 words.
Each word was annotated with its dominant part-of-speech
(PoS), which was identified as having a higher than 95% PoS
frequency in SUBTLEX-CH database. Figure 3 and Supple-
mentary Table 1 show the partial correlations between lexi-
cal decision latency and word accessibility measurements for
all words combined and split across PoS (nouns, verbs, and
adjectives). The results showed that overall, text-based word
frequencies and contextual diversity had slightly higher cor-
relations with lexical decision task (LDT) performance than
word associations. However, word association, despite the

dark bars represent results controlling for word length (ranging from
one to four characters). The light orange bars show results for word
length alongside two association-based indicators, while the light
blue bars display results for word length and three text-based indica-
tors. The error bars depict 95% confidence intervals based on 1000
bootstraps

relatively small number of observations, demonstrated the
strongest performance specifically within the category of
nouns, outperforming all other measures.

Previous studies suggested that contextual diversity and
word frequency tap into distinct aspects of lexical process-
ing (Adelman & Brown, 2008; Brysbaert & New, 2009).
Similarly, association-based metrics have shown unique
contributions in studies involving different languages. Here
we further examined the unique contributions of word asso-
ciations within the context of Chinese lexical processing.
To tackle multicollinearity among the mentioned metrics,
a backward stepwise regression was initially performed to
discern significant predictors of LDT performance from five
indicators. This process led to the selection of Unigram WF,
contextual diversity (SUBTLEX CD), and the unweighted
in-degree from SWOW-ZH (SWOW-ZH R123 k;,) as pri-
mary predictors. These formed our base model (as shown on
the left side of Table 2). Further model comparisons were
carried out to ascertain the individual contributions of each
predictor within this base model. We used a likelihood ratio
test (LRT) to evaluate the impact of excluding each predic-
tor (details on the right side of Table 3), applying the Imtest
package (Hothorn et al., 2022).

Based on the model comparisons, we found both text-
based and association-based indicators uniquely contribute
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to predicting LDT reaction times. Among them, excluding
the in-degree (k;,) resulted in the largest change in explained
variance, at 4.7%, compared to 2.9% for word frequency
(WF) and 3.6% for contextual diversity (CD). The inde-
pendent contribution of association-based network cen-
trality is consistent with what was found in SWOW norms
in other languages (Cabana et al., 2024; De Deyne et al.,
2013, 2019). The results indicate that in-degree in Chinese
plays a comparably distinctive role compared to text-based
word frequency and contextual diversity. It also indicates
that these results are robust, despite the smaller size of the
Chinese dataset, and the larger lexicon size and ambiguity
of its language system.

Word naming task

Similar to the approach used with the LDT, we evaluated the
contribution of various frequency and contextual diversity
measures in word naming. This consisted of two independ-
ent analyses for single-character word naming datasets and
two-character word naming datasets. Specially, considering
the impact of word formation, we additionally included the
character word frequency (CF) and character contextual
diversity (CCD) soured from SUBTLEX-CH as potential
predictors for single-character naming tasks, besides the five
predictors evaluated in the LDT above, resulting in seven
independent variables for backward stepwise regression (see
the left part of Table 3).

For single-character words, text-based word frequency
(unigram WF), contextual diversity both for characters and

single-character words (SUBTLEX CCD and CD), and asso-
ciation-based unweighted in-degree of the three-response
network (SWOW-ZH R123 k;,) emerged as significant,
unique predictors of naming speed. Notably, besides word
indicators selected to predict naming latency similarly to
those in the LDT, the largest explained variance, at 3.4%,
was attributed to a character indicator, SUBTLEX CCD (see
the right part of Table 3). This suggests that the speed of
single-character word naming was influenced by contextual
diversities arising from its use both as a character and a
single-character word.

For two-character words, word formation was taken into
account in addition to the predictors of single-character-
word naming. Specifically, we investigated whether and how
the lexical processing of two-character words was influenced
by the features of the characters that compose them. There-
fore, in addition to the aforementioned five measures for
the two-character words, the measures for the head (first)
and tail (second) characters composing the words were also
included, resulting in 15 variables: five each for two-char-
acter words, head-character words and tail-character words.
Since not all characters are single-character words, we also
included the corresponding SUBTLEX CF and CCD meas-
ures for both head and tail characters. Therefore, 19 inde-
pendent variables were entered into the backward stepwise
regression.

Four significant factors were identified for two-charac-
ter naming speed in backward regression, including text-
and association-based indicators, as well as character- and
word-level indicators. The base model predicting the naming

Table 2 Results of base model predicting LDT and likelihood ratio test for model comparisons

Predictors Base model Likelihood ratio test

B SE t p VIF x’ p AR?
Unigram WF -.23 .001 —14.75 <.001 1.80 212.86 <.001 .029
SUBTLEX CD -.26 .001 -16.55 <.001 1.80 266.35 <.001 .036
R123 k;, -.25 .002 —18.84 <.001 1.35 342.48 <.001 .047

Base model: F(3, 4752)=921.10, p<.001, R*=.37

Table 3 Results of the base model predicting the naming RT of single-character words (left) and likelihood ratio test results for model compari-

sons

Predictors Base model Likelihood ratio test

i SE t p VIF X’ p AR?
SUBTLEX CCD -0.35 .016 -6.17 <.001 3.59 37.40 <.001 .034
Unigram WF -0.24 .011 -5.00 <.001 2.55 24.74 <.001 .022
SUBTLEX CD 0.13 .015 2.16 .032 4.39 4.66 .031 .004
R123 k;, -0.13 .010 —-3.93 <.001 1.32 15.40 <.001 .014

Base model: F(4, 846)=68.69, p<.001, R*=.25
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speed of two-character words is outlined in the left part of
Table 4, while the unique contributions of each predictor are
shown on the right side. Notably, the character frequency of
the first character of words contributed the largest explained
variance, at 3.8%.

Our findings primarily highlighted the unique contribu-
tions of each predictor. Both text-based and association-
based approaches significantly contributed to naming
tasks across different word lengths, consistent with results
observed in Chinese LDT and in other languages (Cabana
et al., 2024; De Deyne et al., 2013, 2019). Notably, the nam-
ing speed of words is most accelerated by their first charac-
ter (character CD for single-character words and character
frequency of the first characters for two-character words),
rather than by the words as a whole. For both single-char-
acter words and two-character words, text-based contextual
diversity (SUBTLEX CD) and association-based unweighted
in-degree of the three-response network (SWOW-ZH R123
k;,) were found to be significant predictors of naming speed.
This finding highlighted that both textual and associative
contexts are important and distinct.

The impact of word formation is evident in the lexical pre-
processing of both single- and two-character words. Specifi-
cally, the naming speed of single-character words is signifi-
cantly influenced not only by their own contextual diversity
(as a word) but also by that of the underlying character (as a
character). Similarly, the naming speed of two-character words
is markedly affected by both their contextual diversity and the
frequency of the individual characters that compose them.

To further explore word formation in the SWOW-ZH net-
work, we analyzed the proportions of edges based on word
formation relationships. Among the edges derived from
1029 single-character words in the SWOW-ZH network,
two types relate to word formation: those that connect to
multi-character words composed of their predecessors, and
those that link to single-character words which, combined
with their predecessors, form meaningful two-character
words. We found that the former represents 17.62% of all
edges in the R1 network and 11.30% in the R123 network.
For the latter, the figures are 31.15% in R1 and 21.51% in
R123, respectively. Taken together, these findings highlight

the significant role of word formation within SWOW-ZH,
underscoring their contribution to the structural and seman-
tic complexity of Chinese.

Relatedness and similarity rating

To evaluate the SWOW-ZH association norms, we derived
relationship estimates from SWOW-ZH and three sources of
open-source word embeddings (word2vec, GPT-2-Medium
and WoBERT), and then compared their correlations with
human ratings of relatedness (data from De Deyne et al.,
2020) and similarity (data from SimLex, from Vuli¢ et al.,
2020). To align with previous norms, we utilized the same
algorithms, including associative strength, positive point-
wise mutual information (PPMI), random walk (RW, cf.
De Deyne et al., 2019), and compressed random walk (RW
Embedding, see Cabana et al., 2024).

The associative strength and its modified version, where
biases between associating and being associated were
adjusted using PPMI, performed less effectively than the
RW-based algorithms (see Supplementary Table 2 for asso-
ciative strength and PPMI results), which is in line with
previous studies. Importantly, we focused on evaluating
relationship estimates through the random walk approach.
Unlike associative strength and PPMI, which only capture
local connectivity, RW depicts word similarity through
broader, global connectivity by incorporating indirect links
with decayed strength into direct associations. We antici-
pated that this distinction would become more pronounced
due to data sparsity, which is especially pronounced in
SWOW-ZH. For a comprehensive comparison with word
embeddings, we also included a compressed representa-
tion of the dense random walk graph (RW Embedding). In
SWOW-RP, this measure slightly outperformed random
walk for similarity ratings, where participants judged strict
semantic similarity between words (Vuli€ et al., 2020).

Figure 4 shows the results for SWOW-ZH word rela-
tion estimates (See also Supplementary Table 2 for the full
results). As can be seen in the figure, R123 consistently out-
performed R1 estimates, highlighting the importance of the
multiple associations derived from a continued procedure.

Table 4 Results of the base model predicting the naming latency of two-character words (left) and likelihood ratio test results of model compari-

sons (right)

Predictors Base model Likelihood ratio test

i SE t p VIF x? p AR?
SUBTLEX CF head -0.22 .003 —4.27 <.001 1.31 18.04 <.001 .038
SUBTLEX CF tail -0.11 .003 —-2.22 .027 1.18 4.97 .026 .010
SUBTLEX CD -0.14 .003 —-2.24 .026 1.80 5.03 .025 .010
R123 k;, —-0.12 .005 —-2.31 .021 1.26 5.39 .020 011

Base model: F(4, 401)=20.00, p <.001, R*=.17
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Moreover, in line with previous studies, SWOW-ZH RW
outperformed other estimates in predicting relatedness rat-
ings (Fig. 4b), whereas SWOW-ZH RW embedding and
WoBERT both exhibited top performance in predicting
similarity ratings (Fig. 4a). When examining the results for
similarity and relatedness together, it is evident that SWOW-
ZH and word2vec performed optimally for the relatedness of
concrete word pairs, followed by the relatedness of abstract
word pairs, and performed the poorest on the similarity
measures of SimLex. Conversely, GPT-2 and WoBERT
excelled in strict similarity assessments but lagged in meas-
ures of broader relatedness.

For abstract word pairs, the correlations between the
model-based estimates of random walk and the relatedness
judgments increased with sample size, a trend that per-
sisted up to 120 participants (see Fig. 5 and Supplemen-
tary Table 3). Conversely, a smaller sample size of about
50 participants was found sufficient for concrete concepts.
Regardless of the sample size variation, the performance of
random walk for abstract word pairs consistently remained
lower than that of concrete word pairs. However, it was
unlikely that sample size was the only explanation for this
discrepancy: word2vec and GPT-4o, both trained on a much
larger corpus, also exhibited relatively poor performance for
abstract concepts, even though abstract words were presum-
ably mostly learned from texts (but see De Deyne et al., 2021
for an alternative perspective).

For the performance of associations generated through
GPT-4o, increasing the number of response failed to improve
relation estimates for both abstract and concrete word pairs,
resulting in significantly lower performance in predicting

human relatedness ratings compared to human associa-
tions. Even with a sample of just 20 participants (yielding a
maximum of 60 words), the results from SWOW-ZH R123
outperformed word2vec and GPT-40, both of which were
trained on billions of tokens. These findings suggest that
semantic networks derived from word associations may
offer a valuable alternative to other measures, with implica-
tions for a variety of tasks where accurate relation estimates
between word pairs are crucial.

General discussion

This article introduces the first large-scale Mandarin Chi-
nese word association database, SWOW-ZH, which encom-
passes over 10,000 cue words and involves over 40,000 par-
ticipants. Similar to earlier norms in Dutch, English, and
Rioplatense Spanish, SWOW-ZH used a tailored pipeline
to adapt to Chinese linguistic features for data preprocess-
ing and achieving balanced data. The database demonstrated
strong explanatory abilities in behavioral tasks, confirming
its effectiveness.

Distributional characteristics of SWOW-ZH

The vocabulary characteristics in SWOW-ZH align with pat-
terns observed in natural language and other SWOW norms,
fitting a finite Zipf-Mandelbrot model (Cabana et al., 2024;
De Deyne et al., 2013, 2019). This model describes how the
growth of types tends to plateau despite a continuous accu-
mulation of tokens. The skewed distribution in SWOW-ZH
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Fig.4 SWOW-ZH word relation estimates significantly correlated
with human similarity and relatedness ratings. The y-axis shows
the correlation coefficient r between human ratings and word rela-
tion estimates driven from SWOW-ZH (blue) and word embeddings
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(orange). a Correlations with similarity ratings. b Correlations with
relatedness ratings; left: abstract word pairs, right: concrete word
pairs. The error bars show the 95% confidence intervals based on
1000 bootstraps
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Fig.5 The correlations between human relatedness ratings and
word relation estimates derived from SWOW-ZH (blue) and GPT-
4o (orange) associations. The correlations increase with the number
of participants (or responses) per cue word and nearly stabilize until
achieving a large sample size. Left: abstract word pairs; right: con-

featured a significant number of hapax legomena (rare words
occurring once) and a smaller number of hub words (frequently
associated words). Hub words, which are connected to funda-
mental human concepts such as “man” and “money” although
some task-related terms like “game,” were also observed.
The results of fitting the finite Zipf-Mandelbrot model
indicate that the SWOW-ZH (words and lexical relation-
ships) follows an adjusted power-law distribution, reflecting
that in the network, a minority of nodes (a few words) have
very high connectivity, while the majority of nodes have low
connectivity. This distribution characteristic corresponds to
the typical features of scale-free networks, where the coex-
istence of a few hubs and a large number of low-degree
nodes is a hallmark of scale-free networks. Traditionally,
scale-free networks exhibit a power-law distribution (Lynn
& Bassett, 2020). By adjusting the traditional Zipf model,
the finite Zipf-Mandelbrot model is more applicable to finite
systems or datasets like lexical networks (Newman, 2005),
making it particularly valuable for understanding networks

crete word pairs. The vertical dashed lines mark the performance of
the balanced dataset, i.e., 55 participants per cue. The shaded area
represents the 95% confidence interval based on 1000 bootstraps for
the curve

like SWOW. This enhances our ability to better predict and
explain various phenomena in lexical networks.

The finding that SWOW networks possess both small-
world and scale-free properties aligns with established
research. This network structure, with a high degree of clus-
tering and short paths, significantly enhances the efficiency
and flexibility of language processing, facilitating effective
management of complex language information and swift
adaptation to linguistic changes. Notably, Steyvers and Tenen-
baum (2005) emphasize that the integration of small-world
and scale-free network features not only boosts the efficiency
of language transmission, but also heightens sensitivity to
the loss of key vocabulary. It demonstrates how natural lan-
guages evolve in an organized manner, prioritizing efficiency
and robust connectivity over random growth. The concept of
preferential attachment in vocabulary growth, discussed by
Perc (2014), reflects an inherent aspect of language evolu-
tion where linguistic structures are continuously refined over
time to improve communicative effectiveness. Future research
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could further utilize scale-free network theory to analyze
semantic or vocabulary networks, thereby enhancing our
understanding of language structure and evolution. Further-
more, incorporating SWOW data from various age groups,
along with additional annotations on SWOW edge attrib-
utes, and integrating data on the oral and reading language
environments of children at different stages (see for example
CCLOWW and CCLOOW databases, Li et al., 2023a, b), pro-
vide valuable avenues to determine how vocabulary grows.

Advantages of the three-response association
paradigm

The three-response continued association paradigm used in
SWOW-ZH has been validated across other language SWOW
datasets, demonstrating its efficiency in eliciting a broader spec-
trum of language processing. The higher growth rate of R123,
compared to R1, suggested that heterogeneous types can be
obtained by using the multiple response free association task in
Chinese, which is consistent with the results of previous stud-
ies in other languages (Cabana et al., 2024; De Deyne et al.,
2013,2019). The paradigm’s effectiveness is also reflected in its
ability to consistently predict human-perceived relations, with
R123 maintaining a substantial advantage over R1, indicating a
closer alignment with natural word retrieval processes.

The inclusion of multiple associations in this paradigm
not only diversifies the responses but also enhances the
task’s capacity to accurately estimate relationships between
words, as suggested by De Deyne et al. (2013). This is espe-
cially important for cue words that have a very strong first
associate (e.g. umbrella—rain), providing a better approxima-
tion of the associative distribution that might be overlooked
in a single-response setup.

Response chaining effects

While the continued word associations ask participants to only
respond to the cue word (as opposed to the continuous version
of the task), it is likely that the responses for the second and
third associate are affected by previous responses. While such
chaining effects increase response variability, the prevalence
of this effect across responses is generally low to moderate, as
shown by Bayes factors. In SWOW-ZH, we calculated the cor-
responding Bayes factor for all possible cue-R1-R2 triples (see
also De Deyne et al., 2019) and found that 66.3% of the Bayes
factors of the R1-R2 responses fell into the low range between
0 and 3, and 32.9% fell into a moderate chaining effect range
between 3 and 10. The latter is slightly higher than SWOW-
EN. This effect most likely reflected the unique relationships
between characters and words in Chinese, as well as the word
formation effect, which will be further discussed in the subse-
quent section about “Chinese specificity.” The effect may also
be partly due to the task’s heterogeneity, as many R2 responses
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did not replicate R1, resulting in moderate Bayes Factor val-
ues. Take the cue word “bamboo,” for instance, where “panda”
appears in 79% of R1 responses. In such cases, the dominance
of a response like “panda” tends to obscure other strong asso-
ciations, yet the continued three-response procedure enables
a comprehensive assessment of the entire range of responses.
The diversity of R2 responses, often not mirroring R1, serves
to diminish the effects of these response chains, thereby pre-
serving the significant advantages of the multiple-response
approach in linguistic research (Kumar et al., 2021; Maxwell
& Buchanan, 2020). Furthermore, De Deyne & Storms, who
coded the semantic relations between cues and responses, found
that later R2 and R3 responses are also qualitatively different
from earlier ones, suggesting a time-course where certain types
of information (e.g. taxonomic) are accessed earlier than oth-
ers (e.g. featural, thematic). As such, the continued procedure
offers several pathways to reveal complex patterns in word asso-
ciations, including cross-linguistic and cross-cultural studies.

Multimodal gains brought by associations

Multiple-response free association not only enhances word
representation by aligning closely with the spreading activation
mechanism, but also incorporates a broader range of psycho-
logical processes, including visual and affective knowledge (De
Deyne et al., 2021). This enrichment is evident in the improved
estimation of emotional word ratings such as valence and arousal
(Van Rensbergen et al., 2016; Vankrunkelsven et al., 2015). In
the current study, word associations achieved better performance
in human relatedness and similarity ratings compared to text-
based models, indicating a significant multimodal gain. The
spreading activation in semantic retrieval for R123 involves a
wider array of words, including those distantly connected.
The results are consistent with De Deyne et al. (2016), who
found that spreading activation in SWOW-EN aligns well with
human behavior in triads of weakly connected words. Recent
fMRI studies using representational similarity analysis (RSA)
also provided evidence for the multimodal gains of SWOW-
ZH. Yang et al. (2024) showed that, compared to text-based
language models, the semantic relations computed with SWOW-
ZH more closely approximate the patterns of neural activation,
likely encoding multimodal representations that incorporate
both distributed and experiential information. Compared to sin-
gle words per se or the representative instances of the word’s
category, community/category-level RSA demonstrated the
broadest involvement of brain regions, engaging areas critical
for semantic processing, including the angular gyrus, superior
frontal gyrus, and a large portion of the anterior temporal lobe.

Word association patterns and word frequency

The relationship between word associations and word fre-
quency is complicated. When mapping word frequencies from



Behavior Research Methods (2024) 57:34

Page150f22 34

SWOW-ZH, Web 5-g, and SUBTLEX-CH onto a frequency
spectrum, similar patterns emerge across these measures
(Fig. 2c). However, this similarity does not necessarily imply
that word associations are primarily influenced by real-life
usage frequency. Notably, while high-frequency words are
prevalent, emergent words at the low-frequency end of the dis-
tribution, though less common, highlight the diverse contexts
in which these rarer words are used (Cai & Brysbaert, 2010).
Although speculative at this time, one possibility is that rare
words require more context to be retrieved as response, which
could be investigated in follow-up studies. More generally,
the consistency between association and text-based frequency
suggests some degree of underlying similarity mechanism
operates in both word retrieval during association tasks and
in language production in both writing and conversation.

Chinese specificity: Comparisons with SWOW
in other languages

Chinese, as a logographic language, differs significantly
from the alphabetic languages of previous SWOW norms
(Dutch, English, and Rioplatense Spanish). In exploring the
effects of language-specific features on word association,
the SWOW-ZH data showed notable differences from earlier
datasets. Chinese participants encountered fewer unfamiliar
cues, which might reflect the fact that new words are eas-
ily formed by recombining existing characters. Conversely,
Chinese participants found it more challenging to provide
multiple associations compared to their English and Dutch
counterparts, likely due to the lack of inflectional morphol-
ogy in Chinese, which limits response variations through
changes in gender, number, or conjugation. These types of
responses are more common in alphabetic systems.
Chinese is distinguished by its frequent use of compounds
that are formed without obvious word boundaries and the
absence of morphological markers that identify parts of
speech. This structural feature impacts lexical access, as
evidenced by the analysis of lexical decision times, which
reveal distinct retrieval patterns for different parts of speech.
Our results also showed that the naming speed of single-
character words is influenced not only by the word’s CD (as
a whole word, SUBTLEX CD) but also by the CD of the
underlying character (as a character that serves as a compo-
nent of words, SUBTLEX CCD), while the naming speed
of two-character words is affected by the CD of the word
and the frequency of the constituent characters. Analysis of
the SWOW-ZH network also revealed approximately 30%
of associations might involve word formation, underscoring
the important role of word formation effects in Chinese. The
multi-character composition of Chinese words suggests that
the semantic and phonological processing of individual char-
acters may influence the associative relationships formed
by multi-character words, highlighting a unique aspect of

Chinese lexical retrieval. This complex interplay of charac-
ters within words provides a rich area for further exploration
in understanding how word associations reflect cognitive-
linguistic processes.

Furthermore, cultural imprints in languages, particularly
the emphasis on the relationships between objects and their
environments, might influence these findings. This cultural
aspect suggests a stronger contextual dependence in Chinese,
which is likely reflected in the word association norms where
word meanings are more influenced by associated words.
Such reliance on context in Chinese is supported by stud-
ies showing that children’s lexical growth heavily depends
on contextual factors (Cox & Haebig, 2023). Despite these
differences, the variations in lexical growth curves between
Chinese and alphabetic languages suggests that the current
sample is adequate, depending on the use case. Especially
in studies focusing on similarity and relatedness, the use of
the random-walk-based approach, which accounts for both
direct and indirect associative links, addresses the sparsity
problem by providing more robust relation estimates even
with fewer direct associates.

Extending the SWOW family to include Mandarin Chi-
nese allows for broader investigations into the mechanisms
of language processing. Incorporating a large-scale Chi-
nese word association norms, along with other psycho-
linguistic databases, could enhance our understanding of
the cognitive mechanisms involved in language generation
and comprehension. Echoing the aforementioned linguis-
tic annotation across languages, one approach to address-
ing the cultural differences implicit in languages involves
aligning words with identical meanings across different
languages and comparing variations in the semantic dimen-
sions (Wang et al., 2023) or affective connotations (De
Deyne et al., 2020) of the same concept across cultures.
The ongoing SWOW project will continue to facilitate
research into both the specific linguistic features of Chi-
nese and broader linguistic phenomena, offering valuable
insights into the nature of language and cognition. On the
other hand, it is noteworthy that Chinese features a large
number of homophones, and the mapping of thousands of
Chinese characters to just over 400 syllables results in a
high density of homophones, introducing a particularly
close phonological relationship between words, especially
among single-character words. In other words, by adopt-
ing a multi-layer network perspective, the high density of
homophones might enhance the layer of phonological asso-
ciations among words (see also Hsiao & Shillcock, 2006;
Siew & Vitevitch, 2020). These insights into the structure
and function of the SWOW-ZH database not only enhance
our understanding of word associations in Mandarin, but
also provide unique perspectives for cross-linguistic and
cross-cultural studies, emphasizing the specificity and
complexity of Chinese language processing.

@ Springer
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SWOW-ZH and language models

Our research substantiates the independent and significant con-
tribution of association norms in predicting lexical processing
and understanding subjective perceptions of word relationships,
overall outperforming both text-based models and reference
LLMs. It is important to note that these comparative analyses
do not aim to position SWOW-ZH as an alternative to language
models, including LLMs, due to their different objectives and
distinctive characteristics. Theoretically, word associations can-
not provide a full account, since they do not address questions
about how meaning is acquired through language. Others have
pointed out that method overlap could also contribute to the
effect sizes when comparing associations with strongly related
tasks such as relatedness judgements (see Kumar et al., 2021 for
a critical discussion). However, our view is that performance is
much more driven by overlap in representations than in overlap
of procedures, given that versions of the task that presumably
match the underlying processes more often result in poor per-
formance (e.g. using direct measures of associative strength)
compared to measures that actively address biases inherent to
the task (response sparsity, response frequency biases).

Taking a more representational view, we believe SWOW-
ZH captures nuanced aspects of human mental representations
that are often overlooked or unrealistically portrayed in LLMs.

A second attribute that sets it apart from text-based
approaches is the role of detailed demographic informa-
tion in shedding light on variation within and between
languages. As such, word association responses not only
provide information about semantic and linguistic struc-
tures, but also embody cultural insights, unconstrained by
typical norms of communication and revealing how people
understand and connect different words within their cultural
contexts. In other words, these responses are not merely
automatic outputs of language, but are manifestations of
cultural experiences and values expressed without the full
set of communicative constraints of natural language.

This aspect underscores the broader applicability and
relevance of our findings in capturing cultural nuances that
typical LLMs might miss.

On the other hand, while SWOW outperforms traditional
language models, we must acknowledge that most models
studied here predominantly use characters rather than words
as tokens in Chinese. This study’s focus on words bypasses
the usual “attention” mechanisms, potentially affecting the per-
formance of these models. Moreover, direct comparisons of
LLMs to human cognitive processes in tasks like relatedness
prediction may not always be fair, due to the inherent similari-
ties between association and relatedness judgment tasks (but see
above). Notably, WoBERT, trained with word segmentation,
displays performance comparable to SWOW-ZH in predicting
similarity ratings. This performance may stem from both its
architectural design and the advantages of word segmentation.

@ Springer

Despite GPT-40’s extensive training, it did not show enhanced
performance with an expanded sample size. However, the
potential utility of LLMs remains significant. By integrating
human association norms with simulated three-response asso-
ciation tasks, GPT-4o presents a viable alternative to traditional
word embeddings, especially when large-scale human associa-
tions are challenging to gather. Studies such as those by Hansen
and Hebart (2022) also suggest that LLLMs can excel in specific
aspects of semantic processing like semantic feature generation,
achieving results comparable to human performance.

To sum up, our results emphasize that “big data” from large-
scale human experiments could offer unique contributions in
multiple aspects, significantly benefiting natural language
processing and cognitive research. Models based on human-
generated data can serve as complementary resources to LLMs
and other advanced algorithms, helping us understand the
complexity and richness of language more effectively.

The SWOW-ZH dataset is now publicly accessible on the
SWOW website, which hosts the official and current release.
For further details, please refer to the “Availability of data
and materials” section. We provide access to both the raw
data and the preprocessed data on the website. Users can
either adapt the raw data to fit their own needs or use the bal-
anced data preprocessed through our pipeline (Fig. 1). Note
that the results presented in this article are based on the pre-
processed balanced data, where the number of participants
per cue is set to 55. Additional data are included in the raw
dataset, where the number of participants per cue averages
about 76, varying depending on the snowball iteration. Since
the SWOW-ZH project is continuously expanding, users can
optionally subscribe to a newsletter to receive news about
updates and new releases via the SWOW website.

SWOW-ZH illustrates the importance of large-scale word
associations in understanding language, particularly high-
lighting its utility for Mandarin Chinese. By addressing nota-
ble gaps in linguistic data and offering insights that could
enhance language processing models, this study underscores
the potential benefits of large-scale human experimental data
in exploring language’s complexity. It suggests that human-
generated big data can be a valuable resource in advancing
research in linguistic and cognitive science.

Appendix 1
Details of the procedures

On the SWOW website, after reading a brief introduction (see
Appendix Fig. 6a), participants were asked for consent and
demographic information (Appendix Fig. 6b). The instruc-
tions are shown in Appendix Fig. 6¢c. Two rules were high-
lighted: The response word has to be the first word that comes
to mind spontaneously; the response word has to be associated
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with the cue rather than previous responses. The exact instruc-
tions in Mandarin Chinese are included in the data repository.
A trial consisted of a cue and three response boxes. Partici-
pants were required to enter the first (R1), second (R2), and
third (R3) responses for each cue in order. Pressing "Enter"
allowed participants to move to the next response box. After
completing all three responses, they could click the "Finish"
button to proceed to the next cue. If participants did not know
the target cue, they could skip the trial by clicking "Unknown
Word"; or if they were unable to come up with a word in a
response box, they could skip the remaining response boxes
by clicking "No More Responses"” (see Appendix Fig. 6d).
A full session included 18 trials, semi-randomly selected
based on the number of observations in the database. At the
end of the session, participants could optionally provide their
email addresses to receive information about the study's pro-
gress. They could also choose to proceed to another session or
learn more about the SWOW project. Participants were able
to participate in the experiment as many times as they wished.
Due to the unreliable access to the main SWOW website
experienced in mainland China over the past few years, our
subsequent data collection has been shifted to the NAODAO

SWOwW

platform since November 29, 2022. On NAODAO, each par-
ticipant completed a three-response association for 80 to 90
cues. Unlike trials on the main SWOW website, where partici-
pants clicked a button to skip a trial, NAODAO participants
manually entered "000" to substitute "No More Responses" or
"Unknown Word" to skip a trial. Responses containing "000"
were classified as "Unknown Word" if "000" was entered in
the first box; otherwise, they were considered to include "No
More Responses". Participants could take breaks as desired
(procedures outlined in Appendix Fig. 6e-h). Completing the
task took approximately 30 min, with participants receiving
payment of 15 RMB (approximately 2.2 USD). Other proce-
dures on NAODAO mirrored those on SWOW.

To evaluate reliability across different sample sizes, we
collected an additional set of responses for 328 cue words
on NAODAO (see Relatedness and similarity rating tasks
in the Methods—External Validation section). These cues
comprised 82 abstract and 82 concrete words initially used
in De Deyne et al. (2020) 's relatedness judgment task. We
combined these with 164 other words randomly selected
from SWOW (as ‘filling words’) to ensure a diverse range
and variability in concreteness.
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Fig.6 Data collecting procedure. On the SWOW website: (a) A brief
introduction to the SWOW-ZH project and informed consent process;
(b) Participants’ information; (c) Instructions; and (d) An exam-
ple trial, where the cue was presented at the top, followed by three

9 h

response boxes, an "Unknown Word" button at the bottom-left, and
a "No More Responses" button, which replaces the "Unknown Word"
button after the first response is entered. On NAODAO: The proce-
dures were identical to those on the SWOW website
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Instead of the 55 participants for each cue in the ‘balanced’
version, we expanded the number of trials/participants to 80
for concrete words and 120 for abstract words. Each participant
completed either 80 or 82 cues, with half of them originating
from De Deyne et al.'s (2020) task. The number of abstract and
concrete words was balanced within participants.

To compare associations between humans and Large Lan-
guage Models, we presented the three-response free associa-
tion tasks for 164 cue words to GPT-40-2024-08-06. Each
cue word was presented 120 times. The prompt was adapted
from the human version, highlighting its effortlessness. The
full instruction reads, “I’ll give you a word or character. Enter
the first three words or characters that come to mind without
thinking. Use commas to separate them. Note: only provide
the words or characters, do not explain or add any extra infor-
mation. (&R — MR B 7. BB RAE 2
UL, AR B3R 2 B2 i B R i =
AMEREECE T AR S RIT . dE, RaHia sl
nf, ANESRRE, ANERINZREE . )7 We accessed GPT-
40-2024-08-06 via its API, adjusting the fine-tuning param-
eters as detailed in the Methods—External Validation section.
The same preprocessing steps were applied to ensure compa-
rability, resulting in 0.86% missing R1, 1.57% missing R2,
and 2.42% missing R3. All the codes are available on request.

Appendix 2

Details of the preprocessing

Stage 1: Data Merging. The cues comprised words from
10 snowball iterations (Set 1 to Set 10), supplemented
with data collected from NAODAO. Cues from the
ongoing data collection (Set 11) on the SWOW platform
were excluded. Furthermore, participants under 16 were
excluded from the raw data. Eighty-five taboo words in
response types were masked with hexadecimal codes, and
19 taboo words in the cues were removed.

Stage 2: Data Cleaning—Words. The cues and
responses that met the following exclusion criteria were
either masked by their problem categories or corrected
to their proper form. These adjustments reduced 16,884
response types, accounting for 10.14% of the response
types before Stage 2.

The following seven types of problematic words were
processed sequentially, without replacement, ensuring that
each word was processed no more than once:

1. Traditional Chinese cues and responses were trans-

formed into simplified equivalents based on the Open
Chinese Convert library.

@ Springer

2. English words, commonly used by Chinese people and inte-
gral to Chinese contexts, were retained and processed fol-
lowing the procedures described in De Deyne et al. (2019).

3. Joined responses, where participants typed two or more
responses in a single box, separated by punctuation or sym-
bols, were sequentially divided into individual responses.
Only the first three were processed. In exceptional cases, if
the separated responses contained long responses or sym-
bols, they were passed to the next suitable case as a whole,
marked as either a long response or symbol.

4. Responses exceeding six characters were labeled #Long,
except for meaningful long words appearing at least twice.
Meaningless long responses were defined as character strings
requiring the addition or deletion of at least one character to
form a coherent phrase. Common expressions integral to the
Chinese lexicon were manually defined as long words and
treated as regular words, such as titles of masterpieces, pro-
fessional terms, colloquialisms, and sentences from classical
poetry (e.g. "5 I FREL" [World War IT], "~V [ B/
AAbR 2" [Plane Rectangular Coordinate System]).

5. Responses containing non-Chinese characters (letters,
symbols, numbers, or punctuation) were modified and
retained if they were meaningful and appeared more
than once, otherwise labeled as #Symbol.

6. Retroflex final (erhua or erization) was deleted from
responses, as it pertains to pronunciation features and
is often omitted in typing (e.g., "— &1 JL" to "— " [a
little] and "% % JL" to "L #%" [girl]).

7. Duplicated responses within trials were marked as
#Repeat.

Stage 3: Data Cleaning—Participants. Participants who
met at least one of seven exclusion criteria were excluded
from the final analysis. This led to the removal of 10,345
participants (25.29% of the total before Stage 2), 24,498
response types (16.37%), and 186,400 trials (24.04%).
The seven exclusion criteria, applied in strict order, were:

1. Participants with more than 40% of responses not found
in a lexicon of unigram characters (Liu et al., 2010) and
the word frequency database (SUBTLEX-CH) (Cai &
Brysbaert, 2010). In this case, many responses could be
word pairs, sentences, or meaningless character strings.

2. Participants with more than 30% of responses marked #Long.

3. Participants with more than 40% of responses marked
#Symbol.

4. Participants with more than 40% of responses in English,
indicating potential non-native or non-proficient Chinese
speakers.

5. Participants with more than 20% of responses marked as
#Repeat, including duplicated responses under the same
cue and across cues.
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6. Participants with more than 60% of responses as
"Unknown Word" or "No More Responses".

7. Cantonese participants identified by their dialect. Due to
a coding error, southwestern dialects, southern dialects,
and Wu dialects were grouped as southern dialects, com-
plicating the identification of Cantonese speakers. To
address this, affected participants (grouped as speakers
of southern dialects) were excluded from the analyses.
To maintain balance in the dataset following these exclu-
sions, additional data were collected on NAODAO.

Stage 4: Data Balancing. The number of observations per
cue was balanced to calculate word centrality unbiasedly,
ensuring that each cue had an equal chance to capture an
association and avoiding any skewing of the results due to
some cues being responded to more frequently than others.
This same principle applies when computing word relations.
‘We marked "Unknown Word" as #Unknown, and "No More
Responses", #Long, #Symbol, and #Repeat as #Missing.
We retained 55 responses for each cue, prioritizing partici-
pants with fewer missing values. In the case of having an
equivalent number of responses labeled as #Missing, we
prioritized participants with fewer #Missing responses who
reported Mandarin as their native language. This removed
2,791(2.23%) response types and 37,586 (6.38%) trials, lead-
ing to the complete removal of 54 (0.18%) participants.

Supplementary Information The online version contains supplemen-
tary material available at https://doi.org/10.3758/s13428-024-02513-1.
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