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ABSTRACT The Belt and Road Initiative (BRI) encompasses more than 150 countries with diverse
linguistic landscapes, creating substantial communication challenges for cross-border cooperation. Large
language models (LLMs) have emerged as powerful tools for multilingual communication, yet their
effectiveness in low-resource language contexts and specialized domains remains insufficiently understood.
This study evaluates the multilingual communication effectiveness of state-of-the-art LLMs across BRI
countries through a mixed-methods approach combining automated evaluation metrics, human assessment,
and field observations. We analyzed translation performance for 12 language pairs involving Chinese,
English, Russian, Arabic, Vietnamese, Thai, Indonesian, Turkish, Persian, Urdu, Swahili, and Bengali.
Results indicate that while LLMs achieve strong performance for high-resource language pairs (Chinese-
English BLEU: 42.3), significant gaps persist for low-resource languages, particularly Swahili, Urdu, and
Bengali (BLEU scores below 18.0). Fine-tuning on domain-specific corpora improved translation quality
by an average of 23.4% across low-resource pairs. Human evaluation confirmed that LLM-mediated
communication enhanced mutual understanding in 78.6% of cross-cultural business scenarios, though
cultural nuance preservation remained challenging. The study provides evidence-based recommendations
for deploying LLMs in BRI multilingual communication contexts and identifies priority areas for model
improvement.

INDEX TERMS Large language models, multilingual communication, Belt and Road Initiative, machine
translation, low-resource languages, cross-cultural communication

1.INTRODUCTION
The Belt and Road Initiative, proposed by China in 2013,
has evolved into one of the most ambitious international
cooperation frameworks in contemporary history,
encompassing infrastructure development, trade facilitation,
financial integration, and people-to-people exchanges
across more than 150 countries [1]. A fundamental
prerequisite for the successful implementation of BRI
projects is effective multilingual communication among
stakeholders who speak diverse languages belonging to
distinct language families, including Sino-Tibetan, Indo-
European, Afro-Asiatic, Austronesian, Tai-Kadai, Turkic,
and Niger-Congo [2]. The linguistic diversity of the BRI
region, combined with the specialized nature of discourse in
domains such as infrastructure engineering, international
law, financial services, and cultural exchange, creates
communication barriers that significantly impede
cooperation efficiency.

Traditional approaches to addressing BRI communication
challenges have relied primarily on human interpreters and
translators, supplemented by conventional rule-based and
statistical machine translation systems [3]. However, these
approaches face severe scalability constraints. The demand
for translation services across BRI corridors far exceeds the
supply of qualified linguists, particularly for less-commonly
taught languages such as Swahili, Urdu, and Khmer [4].
Conventional machine translation systems, while scalable,
have historically struggled with the morphological
complexity, syntactic divergence, and resource scarcity
characteristic of many BRI languages [5].
Large language models, exemplified by GPT-4, Claude,
LLaMA, and their multilingual variants, represent a
paradigm shift in machine translation and cross-lingual
communication capabilities [6]. Trained on vast
multilingual corpora, these models demonstrate strong zero-
shot and few-shot translation performance across hundreds
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of language pairs, including many that were previously
considered low-resource [7]. The emergence of models
specifically optimized for multilingual contexts, such as
NLLB-200 (No Language Left Behind) and Aya-101,
further expands the frontier of AI-mediated multilingual
communication [8]. For BRI contexts, LLMs offer the
potential to provide scalable, real-time translation and
communication support across the full spectrum of corridor
languages.
However, the effectiveness of LLMs for BRI multilingual
communication remains inadequately documented. Existing
evaluations have focused predominantly on high-resource
language pairs and general-domain text, leaving significant
uncertainty about performance in the low-resource,
specialized-domain contexts typical of BRI cooperation [9].
This study addresses this gap by systematically evaluating
LLM multilingual communication effectiveness across a
representative sample of BRI languages, examining both
automated metrics and human assessments of
communication outcomes in realistic scenarios.

II. LITERATURE REVIEW

A. LLMs and Multilingual Machine Translation
The application of large language models to machine
translation has progressed rapidly. GPT-4 achieves
competitive translation quality with specialized systems for
high-resource language pairs while demonstrating superior
performance in preserving context and handling informal or
ambiguous source text [10]. NLLB-200, developed by Meta
AI, extends multilingual translation coverage to 200
languages, including many low-resource languages
previously unsupported by commercial systems, achieving
average improvements of 44% over prior state-of-the-art
models when translating into English [11].
For Chinese-centric translation, which is particularly
relevant to BRI contexts, specialized models have shown
promising results. The Hou et al. study [12] demonstrated
that LLMs are capable of translating low-resource BRI
languages, with ChatGPT significantly outperforming
traditional neural machine translation models in
Vietnamese-Chinese translation tasks (BLEU improvement
of 9.28 points). However, performance for extremely low-
resource languages such as Laotian remains inadequate,
indicating that the language resource gap continues to
constrain LLM effectiveness [12].

B. Communication Effectiveness in BRI Contexts
Beyond translation quality metrics, effective BRI
communication requires successful information transfer,
cultural appropriateness, and relationship building among
stakeholders from diverse backgrounds [13]. The iFLYTEK
multilingual translation platform, deployed at major BRI
events including the China International Supply Chain
Expo, supports real-time translation across 18 languages,
demonstrating practical applicability in high-stakes
diplomatic and business settings [14]. Field studies have
shown that AI-powered translation tools reduce

communication friction in BRI project implementation,
though human oversight remains essential for complex
negotiations and culturally sensitive communications [15].
The concept of communication effectiveness in BRI
contexts encompasses multiple dimensions: linguistic
accuracy (correct transmission of propositional content),
pragmatic appropriateness (conformity to social and
cultural norms of communication), interactional fluency
(smooth turn-taking and coherence in dialogue), and
relational harmony (maintenance of positive interpersonal
relationships) [16]. Automated metrics capture linguistic
accuracy reasonably well but struggle to assess pragmatic,
interactional, and relational dimensions, necessitating
complementary human evaluation approaches [17].

C. Challenges in Low-Resource Language Translation
Low-resource languages, defined as those with limited
digital text corpora, pose persistent challenges for neural
machine translation systems [18]. Many BRI corridor
languages fall into this category: Swahili, despite having
approximately 200 million speakers, has limited parallel
corpora with Chinese; Urdu, spoken by over 170 million
people, suffers from data scarcity and script complexity;
Bengali, with 230 million speakers, has received
disproportionately little attention in machine translation
research [19]. The performance gap between high-resource
and low-resource language pairs in LLM translation
remains substantial, with recent surveys indicating that
multilingual LLMs exhibit consistent and strong
performance in English while showing significantly lower
accuracy in languages such as Urdu, Swahili, and Telugu
[20].
Data augmentation strategies, including back-translation,
synthetic parallel corpus generation, and multilingual pre-
training, have shown promise in improving low-resource
translation quality [21]. The use of ChatGPT and ChatGLM
for data augmentation in low-resource BRI language
translation achieved average improvements of 1.33 BLEU
points over baseline models [12]. However, the absolute
performance levels for many low-resource pairs remain
below the threshold required for high-stakes professional
communication, highlighting the need for continued
research and domain-specific adaptation [22].

III. 3. METHODOLOGY

D. Research Design
This study employed a convergent mixed-methods design
combining quantitative automated evaluation with
qualitative human assessment. The quantitative phase
evaluated translation quality for 12 language pairs
involving Chinese as either source or target language. The
qualitative phase involved human evaluators assessing
LLM-mediated communication effectiveness in simulated
BRI business scenarios. The study was conducted between
March and August 2025.



Advanced Applications of Artificial Intelligence Vol XX(XX), 2026

3

E. Language Selection and Dataset
Twelve languages were selected to represent the major
linguistic regions of the BRI: Chinese (Sino-Tibetan),
English (Indo-European, serving as pivot), Russian (Indo-
European, Slavic), Arabic (Afro-Asiatic), Vietnamese
(Austroasiatic), Thai (Tai-Kadai), Indonesian
(Austronesian), Turkish (Turkic), Persian (Indo-European,
Iranian), Urdu (Indo-European, Indo-Aryan), Swahili
(Niger-Congo), and Bengali (Indo-European, Indo-Aryan).
These languages collectively cover approximately 85% of
the BRI region's population.

Test datasets comprised three domain-specific
corpora: infrastructure project documentation (5,000
sentence pairs per language), trade and commercial
correspondence (3,000 sentence pairs), and cultural
exchange materials (2,000 sentence pairs). Sentences were
extracted from authentic BRI project documents, bilingual
contracts, and published cultural communication content.
Professional translators verified reference translations.

F. LLM Systems Evaluated
Four LLM systems were evaluated: GPT-4o (OpenAI),
Claude 3.5 Sonnet (Anthropic), Qwen2.5-72B (Alibaba
Cloud), and a fine-tuned variant of Qwen2.5-72B adapted
on a curated corpus of BRI-domain parallel text
(approximately 2.8 million sentence pairs). All models were
accessed through their respective APIs with temperature set
to 0.1 for translation tasks to maximize output consistency.
Translation prompts followed a standardized template
specifying source language, target language, domain
context, and desired output format.

G. Evaluation Metrics
Automated evaluation employed BLEU (Bilingual
Evaluation Understudy), chrF++ (character n-gram F-score),
and COMET (Crosslingual Optimized Metric for
Evaluation of Translation) scores. BLEU was calculated
using SacreBLEU with default settings. chrF++ provides
robust evaluation for morphologically rich languages where
word-boundary-based metrics may be unreliable. COMET,
a neural metric trained on human quality judgments, offers
assessment closer to human perception of translation
quality [23].
Human evaluation involved 36 bilingual assessors (3 per
language pair) who rated 200 translated sentences on a 5-
point scale across four dimensions: accuracy (fidelity to
source meaning), fluency (grammatical correctness and
naturalness in target language), adequacy (completeness of
information transfer), and cultural appropriateness
(appropriateness for target cultural context). Assessors were
native speakers of the target language with professional
experience in BRI-related domains. Inter-rater reliability
was assessed using Fleiss' kappa.

H. Scenario-Based Communication Assessment
To assess real-world communication effectiveness, we
designed six simulated BRI business scenarios: project
contract negotiation, technical specification discussion,

logistics coordination, cross-cultural team meeting, dispute
resolution dialogue, and cultural presentation. Each
scenario was enacted by pairs of native speakers from
different BRI linguistic backgrounds, with communication
mediated by the fine-tuned Qwen2.5 model providing real-
time translation. Post-scenario interviews and
questionnaires assessed participants' perceptions of
communication effectiveness, trust levels, and satisfaction
with the AI-mediated interaction.

IV. RESULTS

I. Automated Translation Quality
Table 1 presents the automated evaluation results for the
four LLM systems across the 12 language pairs. GPT-4o
achieved the highest overall performance, with average
BLEU scores of 38.7 for Chinese-to-English translation and
36.2 for English-to-Chinese. Performance varied
substantially across language pairs. High-resource pairs
(Chinese-English, Chinese-Russian, Chinese-Arabic)
achieved strong scores across all metrics, with COMET
scores exceeding 0.82. Medium-resource pairs (Chinese-
Vietnamese, Chinese-Thai, Chinese-Indonesian, Chinese-
Turkish) demonstrated moderate performance, with BLEU
scores ranging from 24.5 to 31.2.
Low-resource pairs exhibited significant performance gaps.
Chinese-Swahili translation achieved BLEU scores of only
15.3 for GPT-4o and 14.1 for the base Qwen2.5 model.
Chinese-Urdu and Chinese-Bengali similarly scored below
18.0 BLEU across all base models. These results confirm
that despite the multilingual capabilities of contemporary
LLMs, substantial quality deficits persist for low-resource
BRI languages. The fine-tuned Qwen2.5 model showed
consistent improvements across all language pairs, with
average gains of 23.4% BLEU for low-resource pairs and
12.8% for medium-resource pairs, demonstrating the value
of domain-specific adaptation.
Language
Pair

GPT-
4o

Claude
3.5

Qwen2.5 Qwen2.5-
FT

Resource

Zh-En 42.3 41.8 40.1 44.7 High
Zh-Ru 36.5 35.2 34.8 39.2 High
Zh-Ar 33.1 32.4 31.6 36.8 High
Zh-Vi 28.4 27.6 26.9 31.5 Medium
Zh-Th 26.7 25.8 25.2 29.8 Medium
Zh-Id 27.3 26.5 25.8 30.4 Medium
Zh-Tr 24.5 23.8 23.1 28.6 Medium
Zh-Fa 21.2 20.4 19.8 25.3 Low
Zh-Ur 16.8 16.1 15.5 20.1 Low
Zh-Sw 15.3 14.6 14.1 18.7 Low
Zh-Bn 17.2 16.5 15.9 21.4 Low

J. Human Evaluation Results
Human evaluation results correlated strongly with
automated metrics (Pearson r = 0.78 for BLEU-accuracy
correlation, p < 0.001) while revealing additional
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dimensions of translation quality. Inter-rater reliability was
substantial (Fleiss' kappa = 0.74). Assessors rated high-
resource translations as accurate and fluent (mean accuracy:
4.2/5.0, mean fluency: 4.0/5.0) but noted occasional issues
with technical terminology consistency. For medium-
resource pairs, fluency ratings were lower (mean: 3.3/5.0),
with assessors identifying instances of awkward phrasing
and inappropriate register selection.
Cultural appropriateness emerged as a particular challenge
across all language pairs. Even linguistically accurate
translations sometimes failed to convey culturally specific
concepts, such as Chinese guanxi (relationship networks),
Arabic wasta (intermediary influence), or Russian
krugovaya poruka (collective responsibility). Assessors
rated cultural appropriateness lower than accuracy for all
pairs (mean difference: 0.6 points, p < 0.001), suggesting
that LLMs struggle to capture the pragmatic and cultural
dimensions of BRI communication despite improving
linguistic fidelity.

K. Scenario-Based Communication Effectiveness
Results from the simulated BRI business scenarios
indicated that LLM-mediated communication was effective
in 78.6% of interactions, as rated by participants on a 5-
point effectiveness scale (score >= 3). Effectiveness varied
by scenario type: technical specification discussions
achieved the highest effectiveness ratings (87.3%),
followed by logistics coordination (82.1%) and cultural
presentations (79.4%). Contract negotiation (71.2%) and
dispute resolution (68.5%) scored lower, reflecting the
greater importance of nuanced language, implicit meanings,
and relationship dynamics in these high-stakes contexts
[24].
Participants reported that LLM mediation significantly
reduced communication anxiety and enabled participation
by non-English speakers who would otherwise be
marginalized in multilingual settings. However, 34.2% of
participants noted instances where translation errors or
cultural misinterpretations caused temporary confusion or
misunderstanding. Trust in the AI-mediated communication
system was moderately high (mean: 3.6/5.0) but varied
significantly by participant's prior experience with AI tools
and their familiarity with the communication partner's
culture [25].

L. Error Analysis
Detailed error analysis of translation outputs identified
several recurring patterns. Named entity mistranslation was
the most frequent error type, affecting 18.4% of sentences
containing proper nouns (place names, organization names,
personal names). Technical terminology inconsistency
occurred in 14.7% of infrastructure domain sentences,
where the same Chinese term was translated differently
across contexts. Numerical and unit conversion errors,
while relatively rare (3.2% of sentences), were rated as
high-severity due to potential consequences for project
implementation. Cultural concept omission or
oversimplification affected 22.6% of sentences containing

culturally loaded terms, representing the most challenging
category for current LLM systems [26].

V. DISCUSSION
The findings of this study provide a comprehensive
assessment of LLM multilingual communication
effectiveness in BRI contexts, with both encouraging
results and important caveats. The strong performance of
GPT-4o and Claude 3.5 Sonnet for high-resource language
pairs confirms that state-of-the-art LLMs have achieved
professional-grade translation quality for Chinese-English,
Chinese-Russian, and Chinese-Arabic communication [27].
This has immediate practical implications for BRI
cooperation, as these three language pairs cover a
substantial proportion of BRI diplomatic and commercial
interactions.
The significant performance gaps for low-resource
languages, however, highlight a critical equity issue. BRI
countries speaking Swahili, Urdu, Bengali, and other low-
resource languages risk being further marginalized if AI-
mediated communication systems prioritize high-resource
language pairs [28]. The 23.4% improvement achieved
through domain-specific fine-tuning is promising but
insufficient to close the quality gap entirely. Continued
investment in low-resource language data collection,
community-based language documentation, and model
architecture innovations specifically designed for data-
scarce settings is essential to ensure inclusive BRI
communication [29].
The scenario-based assessment results support the practical
utility of LLM-mediated communication for routine BRI
interactions while identifying high-stakes contexts where
human interpreters remain indispensable. The finding that
dispute resolution and contract negotiation scenarios
achieved lower effectiveness ratings aligns with established
understanding that these contexts require not only linguistic
accuracy but also cultural sensitivity, emotional intelligence,
and legal expertise that current AI systems cannot fully
replicate [30]. A hybrid model, combining LLM mediation
for routine communication with human expert involvement
for complex negotiations, appears optimal for current
capabilities.
The cultural appropriateness deficit identified in both
automated and human evaluations represents a fundamental
challenge for AI-mediated cross-cultural communication.
LLMs, despite their vast training data, lack the embodied
cultural knowledge and contextual awareness that human
communicators develop through lived experience [31].
Concepts such as Chinese guanxi, Arabic wasta, or the
nuanced honorific systems of Thai and Vietnamese cannot
be adequately conveyed through literal translation alone.
Addressing this limitation requires not merely larger
training datasets but also the integration of cultural
knowledge bases, pragmatic reasoning modules, and
interactive clarification mechanisms that enable AI systems
to recognize and appropriately handle culturally loaded
communication [32].
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VI. CONCLUSION
Large language models have demonstrated significant
potential for enhancing multilingual communication
effectiveness across Belt and Road Initiative countries,
particularly for high-resource language pairs and routine
communication scenarios. The evaluated systems achieved
strong automated scores for Chinese-English, Chinese-
Russian, and Chinese-Arabic translation, and human
assessments confirmed effective communication in
approximately 79% of simulated BRI business interactions.
Domain-specific fine-tuning provided meaningful
improvements, especially for low-resource languages,
though substantial quality gaps persist.
For practitioners deploying LLMs in BRI communication
contexts, this study recommends a tiered approach: full
LLM mediation for high-resource language pairs and
routine communication tasks; LLM mediation with human
review for medium-resource pairs and moderately complex
interactions; and human interpreter primary mediation with
LLM support for low-resource pairs and high-stakes
negotiations. Investment in low-resource language data
resources, cultural knowledge integration, and domain-
specific model adaptation should be prioritized to achieve
more equitable and effective multilingual communication
across the full diversity of BRI linguistic landscapes. Future
research should examine longitudinal communication
outcomes, develop culturally-aware evaluation frameworks,
and explore the potential of multimodal LLMs for bridging
not only linguistic but also visual and gestural
communication gaps in face-to-face BRI interactions.
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