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Abstract. This mixed-method study (820 questionnaires from 12 countries; 30
interviews) examines cross-cultural CMLIL. We identify three salient features—
async—sync coexistence, uncertain cultural connotation, and divergent media
preferences—and test their efficiency drivers. Results show cultural distance re-
duces efficiency, while media richness and language proficiency improve it;
SEM indicates cultural filtering mediates the effects and is moderated by lan-
guage proficiency. The study offers a validated mechanism model and actionable
guidance for cross-cultural digital interaction.
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1 Introduction

In the digital age, computer-mediated communication (CMC) enables frequent cross-
cultural interaction at scale; global digital communication statistics indicate extensive
reliance on computer-mediated language tools for such exchanges!'?!. However, cul-
tural differences often trigger semantic, affective, and pragmatic mismatches that un-
dermine interaction efficiency in CMLIIP!. Clarifying the features and mechanisms of
cross-cultural CMLII is therefore of both theoretical and practical significance!!.

Prior research links media richness to cross-cultural communication demands and
task complexity’®!, and shows that cultural dimensions shape modality preferences in
CMLII (e.g., collectivist cultures favor group-oriented synchronous interaction)l,
Other studies examine CMLII applications and emphasize language proficiency and
cultural awareness as determinants of effectiveness!”). Nevertheless, integrated ac-
counts of cross-cultural CMLII features and empirically validated mechanism models
remain limited®!, motivating multi-dimensional modeling and large-sample valida-
tion®!.
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This study aims to identify the core features of cross-cultural CMLII!, test key
factors affecting CMLII efficiency, and construct and verify an operational mechanism
model. Accordingly, RQ1-RQ3 address features, efficiency drivers, and the underlying
mechanism, respectively.

2 Research Methodology

A mixed-method design is adopted. First, a cross-national questionnaire survey
measures CMLII features and influencing factors!'!). Second, semi-structured inter-
views with typical respondents deepen interpretation of cross-cultural interaction pat-
terns. Finally, a structural equation model (SEM) is used to test and validate the pro-
posed mechanism model('?!,

Respondents were recruited via convenience and snowball sampling across 12 coun-
tries. Of 900 questionnaires, 820 were valid (91.1%). Demographic distributions are
reported in Table 1013141,

Table 1. Frequency and Percentage of Participant Demographics

Demographic Varia- Category Number of Samples ~ Proportion (%)
ble
Gender Male 428 52.2
Female 392 47.8
Age 18-25 years old 356 43.4
26-35 years old 289 35.2
36-45 years old 123 15.0
Over 45 years old 52 6.3
Cultural Background Individualist culture 418 51.0
Collectivist culture 387 47.2
Mixed culture 15 1.8
Language Profi- Native level 198 24.1
ciency Advanced level 376 45.9
Intermediate and be- 246 30.0
low

Note: Individualist cultures include the United States, the United Kingdom, Australia, and
Canada; collectivist cultures include China, Japan, South Korea, India, and Brazil; and mixed
cultures include France, Germany, and South Africal!sl,

Questionnaire. A 5-point Likert instrument measures cultural distance, media rich-
ness, language proficiency, cultural filtering, and CMLII efficiency, adapted from prior
work and refined via pilot/expert review. Interview Outline. Thirty semi-structured in-
terviews probed typical cross-cultural CMLII scenarios, misunderstanding sources, me-
dia-choice rationales, and mitigation strategies. SEM Model!'®l. AMOS 26.0 specifies
cultural distance, media richness, and language proficiency as exogenous variables;
cultural filtering as mediator; and CMLII efficiency as outcome; language proficiency
moderates filtering!'”).
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SPSS 26.0 supports descriptive, correlation, and regression analyses; AMOS 26.0
tests mediation/moderation via SEM. Interviews are coded to triangulate interpreta-
tions!!3],

3 Results and Analysis

3.1 Features of Cross-Cultural CMLII

Asynchronous—Synchronous Coexistence. 62.3% of respondents use both asynchro-
nous (e.g., email) and synchronous (e.g., IM/video) tools; synchronous use is slightly
higher overall (52.2%). Collectivist cultures lean synchronous (63.5%) while individu-
alist cultures lean asynchronous (54.2%) (p<0.05). High Uncertainty of Cultural Con-
notation. 58.7% reported cultural misunderstandings, mainly due to ambiguous conno-
tation (32.1%), emotional expression (21.3%), and behavioral-norm differences
(15.3%), consistent with reduced nonverbal cues online. Obvious Differences in Me-
dium Preferencel!M2%1. Preferences vary by culture: individualist groups favor text
more, collectivist groups favor video more (Table 2)!. Lower language proficiency
increases reliance on translation-enabled media (78.5%). (See Table 2 for media-type
preference distributions.)

Table 2. Percentage of Preferred Media Types Across Different Cultural Backgrounds

Cultural Back- Text-Based Video-Based Audio-Based Media with

ground Media (%) Media (%) Media (%) Translation
Functions (%)

Individualist 56.3 28.7 8.2 6.8

culture

Collectivist cul-  32.1 513 9.5 7.1

ture

Total 442 40.0 8.9 6.9

3.2 Influencing Factors of Cross-Cultural CMLII Efficiency

Correlation Analysis. Cultural distance correlates negatively with efficiency (r=-0.37,
p<0.01); media richness (r=0.42, p<0.01) and language proficiency (r=0.31, p<0.01)
correlate positively. Regression Analysis. Cultural distance significantly reduces effi-
ciency, whereas media richness and language proficiency increase it; the model ex-
plains 58% of efficiency variance (Adjusted R?>=0.58).

Y =042X; — 037X, +0.31X; + ¢ (1)
The regression relationship is formalized as follows:

Y =By + B1Xy + BoXy + B3X3 + € 2
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where: - Y is CMLII efficiency; - X; is medium richness; - X, is cultural distance; -
X3 is language proficiency; - € is the error term.The adjusted coefficient of determina-
tion for the model is:

Adjusted R? = 0.58

indicating that the three independent variables explain 58% of the variation in
CMLII efficiency. All regression coefficients are significant (p < 0.01), meaning that
medium richness, cultural distance, and language proficiency have statistically signifi-
cant effects on CMLII efficiency!®?.

3.3 Mechanism of Cross-Cultural CMLII

We propose an iterative three-stage mechanism consisting of cultural encoding — me-
dia-mediated transmission with cultural filtering — receiver decoding and feedback,
where cultural filtering functions as the key mediator shaping meaning alignment
across cultures; for SEM-based validation, Fig. 1 is provided solely to illustrate the
generic SEM specification adopted in this study (i.e., latent variables measured by mul-
tiple observed indicators via factor loadings, with correlated common factors and meas-
urement error terms), while the empirical results indicate acceptable model fit (y*/df =
2.37, GF1 = 0.92, AGFI = 0.90, CFI = 0.95, RMSEA = 0.045), with cultural distance
negatively affecting efficiency (f = —0.37, p < 0.01) and media richness positively af-
fecting efficiency (p = 0.42, p < 0.01); cultural filtering shows a significant mediating
effect (total = 0.29, p < 0.05), and language proficiency moderates filtering (f = 0.23,
p <0.05)1,

Common Factors

Factor Loadings

Indicators/Items

Unique Factors /
Residuals

Fig. 1. An example of the basic form of a Structural Equation Model (SEM)
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4 Discussion

Async—sync coexistence reflects adaptation to time zones, urgency, and culturally
shaped responsiveness expectations. Richer media accelerate clarification under cul-
tural distance; language proficiency supports precision and reduces inference load. Cul-
tural filtering reframes messages through cultural schemas; explicit clarification and
feedback mitigate misalignment, especially with stronger language skills!>¥,

5 Conclusion

This study identifies cross-cultural CMLII features and validates a mechanism in which
cultural distance, media richness, and language proficiency influence efficiency via cul-
tural filtering. Practical Suggestions. Align media choice with task ambiguity and cul-
tural expectations; strengthen language and intercultural pragmatics; use translation
tools cautiously and verify nuance when connotation is uncertain. Limitations include
non-probability sampling and a younger sample; future work should broaden samples
and incorporate evolving platform/Al-translation and task-context factors®*,

References

1. Panina, D., & Kroumova, M. (2015). Cross-cultural communication patterns in computer
mediated communication. Journal of International Education Research, 11(1), 1-6.

2. Parmaxi, A., & Zaphiris, P. (2016). Computer-mediated communication in computer-as-
sisted language learning: Implications for culture-centered design. Universal Access in the
Information Society, 15(1), 169-177.

3. Pflug, J. (2011). Contextuality and computer-mediated communication: A cross-cultural
comparison. Computers in Human Behavior, 27(1), 131-137.

4. Nishimura, Y. (2008). Aspects of Japanese computer-mediated communication: Linguistic
and socio-cultural perspectives (Doctoral dissertation). Sheffield Hallam University, United
Kingdom.

5. Vignovic, J. A., & Thompson, L. F. (2010). Computer-mediated cross-cultural collabora-
tion: Attributing communication errors to the person versus the situation. Journal of Applied
Psychology, 95(2), 265.

6. Baumer, M., & Van Rensburg, H. (2011). Cross-cultural pragmatic failure in computer-me-
diated communication. Coolabah, (5), 34-53.

7. Yum, Y. O., & Hara, K. (2005). Computer-mediated relationship development: A cross-
cultural comparison. Journal of Computer-Mediated Communication, 11(1), 133-152.

8. Chun, D. M. (2008). Computer-mediated discourse in instructed environments. In Mediating
discourse online (pp. 15-45). John Benjamins Publishing Company.

9. Cawyer, C., Jensen, K., Rude, D., Williams, D., & Wood, D. (2001). The effects of com-
puter-mediated communication on transculturalism. In Transcultural realities: Inter-disci-
plinary perspectives on cross-cultural relations (p. 83).

10. Kern, R., Ware, P., & Warschauer, M. (2016). Computer-mediated communication and lan-
guage learning. In The Routledge handbook of English language teaching (pp. 542-555).
Routledge.



984

11.

15.

17.

19.

20.

21.

22.

23.

24.

25.

X. Liet al.

Olaniran, B. A. (2009). Culture and language learning in computer-enhanced or assisted
language learning. International Journal of Information Communication Technologies and
Human Development (IJICTHD), 1(3), 49-67.

. Chun, D. M. (2011). Computer-assisted language learning. In Handbook of research in sec-

ond language teaching and learning (pp. 663—680). Routledge.

. Guo, L., Hong, J., Yu, Z., Zhou, J., & Leng, N. (2025). Study on exploring the optimization

path of financial supply chain and improving enterprise economic benefits by integrating
graph neural networks driven by big data (Working paper).
https://doi.org/10.2139/ssrn.5440098

Zhao, P., Liu, X., Su, X., Wu, D,, Li, Z., Kang, K., ... Zhu, A. (2025). Probabilistic contin-
gent planning based on hierarchical task network for high-quality plans. Algorithms, 18(4),
214.

Zhou, Y., Shen, J., & Cheng, Y. (2025). Weak to strong generalization for large language
models with multi-capabilities. International Conference on Learning Representations
(ICLR 2025), OpenReview paper ID N1vYivuSKq.

. Hong, J., & Ma, H. (2025). Research on an automated data insight generation method based

on large language models. Journal of Industrial Engineering and Applied Science, 3(6), 6—
12. https://doi.org/10.70393/6a69656173.333436
Cao, N., Guo, Y., Tang, H., Li, X., & Zhou, Z. (2025). Research on optimization model of
supply chain robot task allocation based on genetic algorithm and software practice (Work-
ing paper). https://doi.org/10.2139/ssrn.5466194

. Liang, X., Tao, M., Xia, Y., Shi, T., Wang, J., & Yang, J. (2024). Self-evolving agents with

reflective and memory-augmented abilities (Preprint).
https://doi.org/10.48550/arXiv.2409.00872

Zhang, S., Zhou, J., Yu, Z., & Leng, N. (2025). Study on supply chain finance decision-
making model and enterprise economic performance prediction based on deep reinforcement
learning (Preprint). https://doi.org/10.48550/arXiv.2511.00166

Shu, C., Zhang, T., Guo, Y., Hong, J., & Hao, M. (2025). Research on consensus algorithm
of industrial robots based on big data and blockchain (Working paper).
https://doi.org/10.2139/ssrn.5510598

Ke, Z., Cao, Y., Chen, Z., Yin, Y., He, S., & Cheng, Y. (2025). Early warning of cryptocur-
rency reversal risks via multi-source data. Finance Research Letters, 107890.

Zhou, Y., Zhang, J., Chen, G., Shen, J., & Cheng, Y. (2024). Less is more: Vision represen-
tation compression for efficient video generation with large language models.

Xiao, C., Zhao, C., Ke, Z., & Shen, F. (2025, November 18). Curiosity-driven cooperation
for long-tailed multi-label learning (Working paper). https://doi.org/10.2139/ssrn.5762399
Guo, L., Guo, Y., Zhang, T., & Zhou, Z. (2025, September 10). Research on the integrated
application of robotics, blockchain, and software engineering in intelligent warehousing
(Working paper). https://doi.org/10.2139/ssrn.5466175

Ke, Z., Shen, J., Zhao, X., Fu, X., Wang, Y., Li, Z., Liu, L., & Mu, H. (2025). A stable
technical feature with GRU-CNN-GA fusion. Applied Soft Computing, 114302.


https://doi.org/10.70393/6a69656173.333436?utm_source=chatgpt.com
https://doi.org/10.2139/ssrn.5762399
https://doi.org/10.2139/ssrn.5466175

Features and Mechanisms of Computer-Mediated Language Information ... 985

Open Access This chapter is licensed under the terms of the Creative Commons Attribution-
NonCommercial 4.0 International License (http://creativecommons.org/licenses/by-nc/4.0/),
which permits any noncommercial use, sharing, adaptation, distribution and reproduction in any
medium or format, as long as you give appropriate credit to the original author(s) and the
source, provide a link to the Creative Commons license and indicate if changes were made.

The images or other third party material in this chapter are included in the chapter's
Creative Commons license, unless indicated otherwise in a credit line to the material. If material
is not included in the chapter's Creative Commons license and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain
permission directly from the copyright holder.
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