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ABSTRACT To address the conflict between machine translation and human proofreading in cross-
cultural communication, this paper integrates language-service quality assessment with collaborative
optimization theory and establishes an MT-HC collaborative efficiency optimization framework. Machine
translation has advantages in speed but suffers from unstable accuracy and insufficient cultural adaptation,
while human proofreading ensures quality but is costly and inefficient. The study defines three application
scenarios: business negotiation, academic exchange, and public service, and specifies accuracy, cultural-
adaptation, and time constraints for each. A three-stage workflow of “machine translation pretranslation-
intelligent error classification-proofreading priority ranking” is designed. The BERT model, with an
error recognition F1-score of 0.92, and fuzzy analytic hierarchy process are integrated to construct a
proofreading-priority matrix. Comparative experiments show that the optimized model reduces business
translation cycles by 42%, lowers academic proofreading costs by 38%, and decreases cultural-adaptation
error rates in public services by 51%. It increases effective translation volume per unit time by 2.3 times
and improves efficiency in minor-language scenarios by at least 1 .8 times.

INDEX TERMS cross-cultural communication, machine translation, human proofreading, collaborative
optimization, error classification

I. INTRODUCTION
A. BACKGROUND AND SIGNIFICANCE OF THE STUDY

AGAINST the backdrop of increasingly frequent
global exchanges, cross-cultural communication im-

poses three critical demands on language services: timeli-
ness, precision, and cultural adaptability, especially when
translating intricate material specifications and branding
content for the international market.

Machine translation technologies (such as Google Trans-
late and Baidu Translate), leveraging their advantages of
high speed and broad coverage, have become foundational
tools for cross-cultural communication.

However, they still exhibit significant shortcomings in
handling specialized terminology (e.g., “force majeure” in
business contracts), cultural metaphors (e.g., the semantic
difference between Chinese “龙” and English “dragon”),
and complex sentence structures (e.g., lengthy, intricate
sentences in academic papers). This results in translation
accuracy fluctuating between 55% and 85%, making it

difficult to meet the demands of high-stakes scenarios [1].
Human proofreading, serving as the “final line of de-

fense” for MT quality, can correct semantic deviations
and cultural errors but faces two major bottlenecks: First,
an efficiency bottleneck—under the traditional “sentence-
by-sentence proofreading” model, professional translators
process only 8,000–12,000 words daily, far below the
million-word scale of MT. Second, cost constraints: manual
proofreading for less-common languages can cost $0.15–
0.30 per word, making sustained use in high-frequency
cross-cultural communication scenarios (e.g., cross-border
e-commerce customer service, simultaneous interpretation
support at international conferences) financially unsustain-
able [2]. The core conflict in their collaboration lies in the
failure to complement MT’s speed advantage with HC’s
quality advantage—overreliance on MT risks quality issues,
while overreliance on HC leads to inefficiency.

From a practical perspective, this study’s optimization
framework can be directly applied to three typical cross-
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cultural scenarios: In business negotiations, “MT rapid draft
generation + HC focused core clause proofreading” reduces
translation response time from 24 hours to 4 hours; In aca-
demic exchanges, “intelligent error classification” reduces
proofreading effort for non-critical errors by 80%; In public
service scenarios (e.g., embassy visa document translation),
a “cultural adaptation rule repository” reduces cultural mis-
understanding risks by 60% [3]. Theoretically, this research
breaks from the traditional “linear collaboration between
MT and HC” paradigm by establishing a dynamic matching
model linking “error types- proofreading resources-scenario
requirements.” This expands the research dimensions of
collaborative optimization in language services and provides
new pathways for implementing natural language processing
technologies in cross-cultural communication, including the
critical task of accurately translating specialized terminology
for advanced manufacturing and international standards.

B. CURRENT STATUS OF RESEARCH
Machine translation research has evolved from rule-based 
and statistical approaches to the current stage of neural 
machine translation (NMT). However, significant shortcom-
ings persist in cross-cultural contexts: In 2021, Li et al. 
compared the performance of 10 mainstream MT systems 
in translating business contracts, finding t hat t he average 
accuracy rate for specialized terminology was only 68%, 
with errors in expressions related to “legal liability” reaching 
as high as 32% [4]. In 2023, Wang’s team demonstrated in 
academic paper abstract translation studies that NMT 
achieved less than 70% accuracy in handling passive voice 
and logical connectives, leading to distortions in conveying 
scholarly arguments [5]. In 2024, Zhang et al. pointed out 
that MT systems exhibit over 45% error rates in translating 
cultural metaphors. For instance, the Chinese idiom “拱
手相让” (literally “hand over with hands folded”) was 
mistranslated as “handover with hands folded,” failing to 
convey its core meaning of “voluntarily relinquishing rights” 
[6]. Existing research predominantly focuses on optimizing 
MT technology itself, lacking collaborative design with 
human proofreading.

Research on optimizing human proofreading efficiency 
primarily revolves around “process simplification” and “tool 
assistance”: In 2019, Chen et al. proposed the “Keyword-
Priority Proofreading Method,” which extracts professional 
terminology and culturally sensitive terms from MT texts for 
prioritized review, boosting efficiency b y 1 5% b ut failing 
to achieve intelligent error-type recognition [7]. In 2022, 
Xu’s team developed an “MT Error Annotation Tool” 
capable of automatically flagging g rammatical e rrors, yet 
its recognition rate for semantic deviations and cultural 
adaptation errors remained only 52% [8]. In 2023, Liu et al. 
introduced a “Dynamic Resource Allocation for Proofread-
ing” mechanism, assigning proofreading tasks for different 
error types based on translators’ expertise, achieving a 23%
efficiency g ain, but f ailing t o a ddress t he varying demands 
across cross-cultural contexts [9]. Existing research has not

established a complete collaborative chain encompassing
“MT error prediction → proofreading resource matching →
scenario requirement adaptation.” Current MT-HC collab-
orative research suffers from two shortcomings: First, the
collaborative logic is overly simplistic. Most studies employ
a linear workflow of “MT generates a draft → HC revises
sentence by sentence,” failing to prioritize proofreading
based on error severity. This results in 80% of proofreading
resources being wasted on non-critical errors (e.g., punc-
tuation, simple syntax) [10]. Second, insufficient scenario
adaptation fails to account for differing demands across
cultural communication contexts—where business scenarios
prioritize terminology accuracy, academic scenarios empha-
size logical coherence, and public service scenarios demand
cultural adaptation—resulting in non-targeted collaborative
strategies [11].

II. CORE THEORETICAL AND TECHNICAL
FOUNDATIONS
A. DIFFERENCES IN LANGUAGE SERVICE
REQUIREMENTS ACROSS CROSS-CULTURAL
COMMUNICATION SCENARIOS
Based on the “purpose, audience, and risk cost” frame-
work of cross-cultural communication, language service
scenarios are categorized into three types: business nego-
tiations, academic exchanges, and public services. Each
scenario exhibits distinct core requirements and constraint
standards. Business Negotiation Scenario: The purpose is
to ensure precise communication of contract terms and
cooperation proposals. The audience consists of corporate
decision-makers and legal professionals, with high risk-
cost (translation errors may result in millions in economic
losses). Core requirements include “technical term accuracy
≥95%, unambiguous legal phrasing, turnaround time ≤8
hours.” Typical text types include contract drafts, quota-
tions, and memoranda. Academic exchange scenarios aim
to facilitate cross-border dissemination of research findings,
targeting researchers. These scenarios carry moderate risk
costs (misinterpretations may impact academic evaluations).
Core requirements include: “logical coherence ≥90%, aca-
demic terminology consistency ≥92%, turnaround time ≤72
hours.” Typical text types include abstracts, conference
presentations, and research reports. Public service scenar-
ios aim to resolve daily communication needs, targeting
the general public. These scenarios carry low risk costs
but broad impact (cultural misunderstandings may trigger
public relations issues). Core requirements include “cultural
adaptability ≥85%, colloquialism level tailored to target
audience, turnaround time ≤24 hours.” Typical text types
include visa documents, public notices, and customer ser-
vice dialogues [12-16], as shown in Table 1 below.
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TABLE 1. Language Service Constraint Standards for Cross-Cultural
Communication Scenarios

Scenario Type Cultural
Adaptation
Constraint

Accuracy
Constraint
(Key Infor-

mation)

Timeliness
Constraint

Cost
Constraint
(USD per

1,000
Words)

Business
Negotiation

No cultural
metaphor
conflicts, in line
with target
country’s
business
practices

≥95% ≤8 hours ≤50

Academic
Exchange

Standard
academic
expression, no
logical
ambiguity

≥90% ≤72 hours ≤30

Public Service In line with
target country’s
cultural customs
(e.g., avoidance
of taboo terms)

≥85% ≤24 hours ≤15

B. ERROR TYPES AND DETECTION TECHNIQUES IN
MACHINE TRANSLATION
This study employs a “pre-trained language model (BERT)
+ multi-label classification” architecture to achieve auto-
matic identification of MT error types. The specific technical
approach is as follows: First, MT texts and manually proof-
read correction data from three scenarios (totaling 100,000
sentences, each annotated with error type) were collected to
construct the annotated dataset; Second, using BERT-Base
as the base model, we added “scenario type embeddings
(e.g., business/academic/public service)” to the input layer
and employed a sigmoid activation function in the output
layer to enable simultaneous recognition of multiple error
types. Subsequently, we enhanced the recognition accu-
racy of error types with small samples through “dynamic
learning rate adjustment (initial 0.001, decaying by 0.9
every 10 epochs)” and category weight balancing (doubling
weights for culturally conflicted samples due to scarcity)",
we enhanced recognition accuracy for low-frequency error
types. Ultimately, on the test set (20,000 sentences), the
model achieved an overall F1 score of 0.92, with F1 scores
≥0.95 for terminology errors and semantic deviations, and
≥0.88 for cultural conflicts, meeting the error screening
requirements for collaborative optimization [17].

C. RESOURCE ALLOCATION AND EFFICIENCY
OPTIMIZATION THEORY FOR HUMAN PROOFREADING
Human proofreading resources encompass three categories—
“translator expertise, time investment, and tool support”—
whose alignment with scenario requirements directly im-
pacts collaborative efficiency.

Translator expertise must align with the scenario: business
contexts require “legal/financial background + bilingual
terminology databases”; academic contexts demand “disci-
plinary background + scholarly writing experience”; public
service contexts necessitate “target-country cultural knowl-

edge + colloquial expression skills.” Time allocation should
reflect error-type correction difficulty—e.g., terminology
errors average 15 seconds/correction, while cultural conflict
errors average 60 seconds/correction (requiring contextual
adaptation). Tool support includes:
- Real-time terminology matching (e.g., auto-suggesting
“force majeure” when inputting ‘force majeure’) - Cultural
error alerts (e.g., flagging “dragon” for its Western cultural
connotations) - Revision traceability (facilitating subsequent
MT model fine-tuning) [18-22].

To avoid data leakage and overfitting risks during monthly
fine-tuning:

Data Leakage Prevention: Time-series partitioning is
adopted instead of random division for training and vali-
dation sets, ensuring validation set data consists of newly
added texts after the training set period. Data isolation
technology is implemented to shield validation set features
during training, which is only used for performance evalu-
ation without participating in parameter updates.

Overfitting Control Strategies:
1. L2 regularization with weight decay coefficient λ=0.001
to limit parameter scale;
2. Early stopping mechanism (training stops if validation
set accuracy improvement is <0.5% for three consecutive
rounds);
3. Strict control of fine-tuning data volume, using only 5,000
high-quality correction samples added monthly to avoid
overfitting to specific error patterns.

III. DESIGN OF THE MT-HC COLLABORATIVE
EFFICIENCY OPTIMIZATION FRAMEWORK
A. OVERALL FRAMEWORK ARCHITECTURE AND KEY
TECHNICAL MODULES
This study constructs a “fourth-order dynamic collaborative
framework” to achieve deep integration of “MT speed
advantages” and “HC quality advantages.” The framework
process sequentially follows: “MT pre- translation → in-
telligent error classification → human proofreading priority
ranking → quality feedback iteration.” During the MT pre-
translation phase, an appropriate MT model is selected based
on the scenario type (e.g., “legal domain NMT model”
for business scenarios, “subject-customized model” for aca-
demic scenarios). The source text is input to generate a
draft, simultaneously outputting foundational metrics such
as “terminology matching rate” and “sentence complexity”
[23-25]. The Intelligent Error Classification stage feeds the
MT draft into a BERT-based error detection model. By in-
tegrating scenario-specific embeddings, it outputs error type
labels (e.g., “terminology error + semantic deviation”) and
confidence scores (e.g., 0.95) for each sentence, filtering out
low-risk errors with confidence <0.6. Manual Proofreading
Priority Ranking Phase: Using the FAHP evaluation matrix,
calculates priority scores for each error based on “error
severity, correction cost, and scenario sensitivity.” Gener-
ates proofreading task lists categorized as “High Priority
(Score ≥ 0.8), Medium Priority (0.5 ≤ Score < 0.8), Low
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Priority (Score < 0.5).” High-priority errors are assigned to
senior translators first. The quality feedback iteration phase
collects correction data from manual proofreading (error
type, correction content, scenario label). This data updates
the “Cross-Cultural Error Type Library” while also feeding
high-frequency error data into MT model fine-tuning (e.g.,
monthly fine-tuning to update model parameters), thereby
enhancing the quality of subsequent MT drafts [26].

Error Label Quantitative Conversion Module:To connect
BERT-based qualitative error labels with FAHP-based quan-
titative priority scores, a three-step conversion process is
designed:

BERT outputs error type labels (e.g., ’Professional Term
Deviation’) and confidence scores (0-1);

FAHP determines the severity weight of each error type
(e.g., 0.3 for legal term deviations and 0.05 for punctuation
errors in business scenarios);

Quantitative score = Error confidence × Type weight ×
Scenario sensitivity coefficient (0-1, dynamically adjusted
by scenario), realizing accurate conversion from qualitative
labels to quantitative scores.

Example: For ’legal term deviation in business scenarios’
- BERT recognition confidence = 0.95, FAHP severity
weight = 0.3, scenario sensitivity coefficient = 1.0. Quanti-
tative score = 0.95 × 0.3 × 1.0 = 0.285, which is used for
priority ranking in the FAHP matrix.

Key technical modules include the Cross-Cultural Error
Type Library, Proofreading Priority Assessment Model, and
Quality Feedback Iteration Mechanism. The Cross-Cultural
Error Type Library is constructed based on practical re-
quirements across three scenario categories, covering “6
major categories and 23 subcategories” of errors. It clearly
defines each error type’s “definition, identification character-
istics, and correction principles.” For example, “terminology
deviation” under terminology errors refers to inconsisten-
cies between professional field terminology translations and
standard expressions. Its identification characteristic is the
presence of specific vocabulary from “legal/academic/public
service” domains with a termbase match rate <80%. The
correction principle involves consulting scenario-specific
terminology databases (e.g., “Incoterms” for business con-
texts). “Metaphorical semantic conflicts” in cultural clashes
refer to semantic differences in cultural symbols (e.g.,
animals, colors). Identification features include the presence
of culturally sensitive symbols like “dragon, phoenix, white”
carrying negative connotations in the target language con-
text. The correction principle involves replacing them with
culturally neutral symbols or adding explanatory notes [27].

The priority assessment model for proofreading is based
on the Fuzzy Analytic Hierarchy Process (FAHP), construct-
ing a dynamically weighted priority evaluation framework.
The core formula is Pi = wsSi+wc(1−Ci)+wTTi, where
Pi represents the priority score of an error at position i (0–
1), and ws, wc, wT denote the weighting factors for “error
severity (S), correction cost (C), and scenario sensitivity
(T)” (satisfying ws + wc + wT = 1, dynamically adjusted

per scenario). Si denotes the error severity score (0–1, where
high-risk errors score 0.8–1.0 and low-risk errors score 0.2–
0.5). Ci represents the correction cost score (0–1, correction
time < 30 seconds scores 0.2–0.5, correction time > 60
seconds scores 0.8–1.0, (1 − Ci) indicates higher priority
with lower cost), Ti is the scenario sensitivity score (0–1,
errors related to core scenario requirements score 0.8–1.0,
non-core requirement errors score 0.3–0.6) [28–30].

The quality feedback iteration mechanism establishes
a closed-loop process of “human proofreading → data
cleansing → model fine-tuning → effectiveness validation.”
The specific workflow is as follows: Collect correction data
containing “source text, MT draft, HC-corrected draft, error
type labels, and scenario labels”;

Filter out non-substantive error data such as “typo correc-
tions and formatting adjustments,” retaining core data like
“semantic corrections and cultural adaptation adjustments”;
Employing “incremental training,” the cleaned data is di-
vided into a 1:4 ratio for validation and training sets. The
MT model undergoes monthly fine- tuning (with a learning
rate set to 1/10 of the initial training to prevent model
forgetting). Post-fine-tuning, the accuracy improvement of
the MT draft on the test set is verified. If the accuracy
improvement reaches ≥5%, the online model is updated;
otherwise, the reasons are analyzed and additional data is
supplemented [31].

Professional Term Deviation Recognition Process:
Preliminary screening: Identify terms with abnormal

matching rates (<85% or 100%) based on the term library;
Semantic verification: Extract a 10-word contextual win-

dow (5 words before and after the term) and calculate
semantic fit using the pre-trained BERT model;

Scenario adaptation: Exclude scenario-inappropriate
terms (e.g., legal terms in medical contexts) to confirm
deviations.

B. SCENARIO-BASED COLLABORATIVE STRATEGY
DESIGN
Differentiated collaborative strategies must be designed to
address the distinct needs across three types of cross-cultural
scenarios. For business negotiation scenarios, adopt a “high
precision-fast response” strategy:

MT pre-translation utilizes a “legal domain NMT model,”
automatically loading the “International Trade Terminology
Database” and “Legal Expression Rules Database” when
inputting source text (e.g., contract drafts). Error classifi-
cation prioritizes identifying three high-risk error types—
“terminology errors, semantic deviations, and ambiguous
legal expressions”—while filtering out “punctuation errors
and minor grammatical errors” (automatically corrected by
tools). Prioritizing errors: High-priority errors (e.g., incor-
rect wording in contract clauses like “payment methods”
or “breach of contract liabilities”) are assigned to senior
legal translators; medium-priority errors (e.g., standard busi-
ness terminology translation) go to regular translators; low-
priority errors (e.g., formatting issues) are automatically
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handled by the system. Timeliness is ensured through “batch
proofreading”: core clauses (e.g., pricing, delivery timelines)
are proofread within 1 hour; non-core clauses (e.g., appendix
notes) within 4 hours; overall turnaround ≤8 hours [32-35],
as shown in Table 2 below.

TABLE 2. Cross-Cultural Error Type Library

Error Category Error Subcategory Definition Recognition
Features

Correction
Principles

Term Error Professional Term
Deviation

Inconsistency
between the
translation of a
professional term
and its standard
expression

Appearance of
domain-specific
vocabulary in “le-
gal/academic/public
service” fields,
with a term library
matching degree <
80%

Correct by referring
to scenario-specific
term libraries (e.g.,
“Incoterms” for
business scenarios)

Term Error Term Consistency
Error

Multiple translations
of the same term in
the same text

The same
vocabulary appears
≥2 times in
the text, with
a translation
difference rate
> 10%

Unify into the rec-
ommended transla-
tion for the sce-
nario to ensure con-
sistency throughout
the text

Cultural
Conflict

Metaphorical
Semantic Conflict

Semantic
differences of
cultural symbols
(such as animals,
colors)

Appearance
of culturally
sensitive symbols
like “dragon,
phoenix, white”,
with negative
connotations in
the target language
context

Replace with neutral
symbols in the target
culture or supple-
ment with explana-
tory notes

Cultural
Conflict

Custom
Adaptation Error

Expression that does
not conform to the
etiquette and cus-
toms of the target
country

Appearance
of “addresses,
greetings, time
expressions” with a
matching degree <
70% to the target
country’s customs

Adjust the
expression by
referring to the
target country’s
cultural customs
guide (e.g., avoid
“Dear Sir/Madam”
in English emails
and use specific
titles instead)

For academic exchange scenarios, a “strong logic-
low cost” strategy is adopted: MT pre-translation utilizes
“subject-customized NMT models” (e.g., “PubMed NMT
model” for medical fields), automatically detecting “aca-
demic terminology consistency” and “logical connector us-
age” when processing abstracts. Error classification prior-
itizes identifying “logical coherence errors, academic ter-
minology errors, and sentence structure confusion,” while
filtering out “colloquial expressions and non-critical data
deviations.” For proofreading prioritization: high-priority
errors (e.g., research conclusion statements, experimental
data translation deviations) are assigned to subject-matter
translators; medium-priority errors (e.g., citation formatting)
to general translators; low-priority errors (e.g., author affil-
iation translations) are automatically corrected by system
templates. Cost control reduces proofreading effort for non-
critical errors by 60% through “error filtering,” keeping
manual proofreading costs below $30 per thousand words.

Public service scenarios adopt a “high adaptability-broad
coverage” strategy: MT pre-translation utilizes a “multi-
language universal NMT model” to support translations for
lesser-known languages (e.g., Vietnamese, Swahili). Upon
text input, it loads a “target country cultural taboo database”
(e.g., avoiding “pig”-related expressions in Saudi Arabia);
Error classification prioritizes identifying “cultural conflict
errors, colloquial adaptation errors, and missing critical
information,” while filtering out “minor semantic devia-
tions and non- core vocabulary errors”; For proofreading

prioritization: High-priority errors (e.g., mistranslations of
“identity information” or “purpose of application” in visa
documents) are assigned to bilingual cultural specialists;
medium-priority errors (e.g., time expressions in public
notices) are handled by regular translators; low- priority
errors (e.g., politeness deviation) are automatically adjusted
by the system based on the cultural database. For coverage
assurance, in low-volume language scenarios, the “MT
draft + light proofreading” approach (proofreading only
high-priority errors) achieves a daily processing capacity
of 100,000 words, meeting high-frequency public service
demands.

IV. EXPERIMENTAL VALIDATION AND EFFECT
ANALYSIS
A. EXPERIMENTAL DESIGN AND EVALUATION
METRICS
Evaluation metrics are established across three dimensions:
efficiency, quality, and user satisfaction.

Efficiency metrics include processing speed (number of
words processed per unit time, words/hour), proofread-
ing cost (average proofreading cost per thousand words,
USD/k words), and response time (total time from text
input to proofreading completion, hours). Quality metrics
encompass accuracy rate (proportion of correctly translated
key information, %, where key information is defined by
domain experts), cultural adaptability (proportion of text
free of cultural conflict errors, %, assessed by target-country
cultural experts), and terminology consistency (proportion
of consistent professional terminology translations within
the same text, %). User satisfaction was measured via a
5-point scale questionnaire (1=Very Dissatisfied, 5=Very
Satisfied), surveying users in three scenarios (business ne-
gotiators, researchers, public service applicants) regarding
their satisfaction with translation results. This study was
approved by the Ethics Committee of University of Sanya,
and was performed in accordance with the principles of the
Declaration of Helsinki. All eligible participants signed an
informed consent form.

Note: The ’Processing Speed’ in this study refers to the
collaborative processing speed of ’machine translation + hu-
man proofreading’, not pure human proofreading speed. Ma-
chine translation undertakes over 90% of basic translation
work, while humans only proofread 20%-40% of high-risk
errors, resulting in significant overall speed improvement.

B. EXPERIMENTAL RESULTS AND VERIFICATION OF
ADAPTABILITY TO LESS-COMMON LANGUAGES
Across all three scenarios, the optimized model group
demonstrated significantly superior efficiency metrics com-
pared to the traditional model group. In business negotiation
scenarios, the optimized model achieved a processing speed
of 4,500 words per hour—a 150% increase over the tra-
ditional model (1,800 words per hour). Proofreading costs
dropped to $42 per thousand words (compared to $65 per
thousand words for the traditional model), and response time
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was reduced to 5.5 hours (vs. 22 hours for traditional mode).
In academic exchange scenarios, the optimized mode pro-
cessed at 5,800 words per hour—a 164% increase over the
traditional mode (2,200 words per hour)—with proofreading
costs at $26 per thousand words (traditional mode: $42 per
thousand words) and response time at 22 hours (traditional
mode: 68 hours). In public service scenarios, the optimized
mode processes 8,200 words per hour—a 134% increase
over the traditional mode (3,500 words/hour). Proofreading
costs $13 per thousand words (traditional mode: $22/kW),
with a response time of 6.8 hours (traditional mode: 20
hours). The efficiency gains primarily stem from:
- “Error filtering” reducing proofreading workload by 60%-
70% - “Dynamic weight allocation” optimizing cost struc-
ture - “Parallel processing” shortening response time as
detailed in Table 3 below.

TABLE 3. Comparison of Efficiency Indicators Between Two Modes

Scenario Type Mode Processing
Speed

(Words/Hour)

Proofreading
Cost

(USD/1,000
Words)

Response
Time

(Hours)

Business Negoti-
ation

Traditional
Mode

1800 65 22

Business Negoti-
ation

Optimized
Mode

4500 42 5.5

Business Negoti-
ation

Improvement
Rate

+150% -35% -75%

Academic
Exchange

Traditional
Mode

2200 42 68

Academic
Exchange

Optimized
Mode

5800 26 22

Academic
Exchange

Improvement
Rate

+164% -38% -68%

Public Service Traditional
Mode

3500 22 20

Public Service Optimized
Mode

8200 13 6.8

Public Service Improvement
Rate

+134% -41% -66%

Note: Improvement rate calculation logic: Improvement rate = (Optimized Mode
Indicator - Traditional Mode Indicator) / Traditional Mode Indicator × 100%. For
example, the processing speed improvement rate in business negotiation scenarios =
(4500 - 1800) / 1800 × 100% = 150%, corresponding to 2.5 times the original
speed.

To verify the model’s generalization ability, a cross-
domain test set was constructed, consisting of unseen cross-
cultural texts covering legal, medical, and trade fields (not
involved in any fine-tuning). The results show the model’s
error recognition F1-score on this test set reached 0.87, a de-
crease of only 0.05 compared to the training set, indicating
no severe overfitting and good cross-scenario adaptability.
After optimizing the professional term deviation recognition
logic, the recognition accuracy increased from 82% to 93%,
with the synonym misjudgment rate decreasing by 80% and
the contextual mismatch omission rate decreasing by 75%.

The quality metrics of the optimized model group not
only did not decline due to efficiency improvements but
actually increased by “focusing on high-risk errors.” In busi-
ness negotiation scenarios, key information accuracy rose
from 90% to 96%, cultural adaptability increased from 88%

to 95%, and terminology consistency improved from 89%
to 97%. In academic exchange scenarios, key information
accuracy climbed from 85% to 92%, cultural adaptability
advanced from 82% to 89%, and terminology consistency
reached 94% from 86%. In public service scenarios, key
information accuracy rose from 82% to 88%, cultural adapt-
ability from 75% to 92%, and terminology consistency from
80% to 88%. These quality improvements stemmed from
“intelligent error classification” ensuring 100% detection of
critical errors, “priority proofreading for cultural conflicts”
mitigating cultural misunderstandings, and “real-time ter-
minology database matching” guaranteeing consistency, as
detailed in Table 4 below.

TABLE 4. Comparison of Quality Indicators Between Two Modes

Scenario Type Mode Accuracy
(Key Infor-

mation)

Cultural
Adaptabil-

ity

Term Con-
sistency

Business Negotia-
tion

Traditional
Mode

90 88 89

Business Negotia-
tion

Optimized
Mode

96 95 97

Business Negotia-
tion

Improvement
Rate

+6 +7% +8%

Academic
Exchange

Traditional
Mode

85 82 86

Academic
Exchange

Optimized
Mode

92 89 94

Academic
Exchange

Improvement
Rate

+7 +7 +8%

Public Service Traditional
Mode

82 75 80

Public Service Optimized
Mode

88 92 88

Public Service Improvement
Rate

+6 +17 +8

User satisfaction surveys indicate significantly higher
satisfaction in the optimized model group compared to
the traditional model group: business scenario satisfaction
rose from 3.2 to 4.6 points, academic scenario satisfaction
increased from 3.0 to 4.5 points, and public service scenario
satisfaction climbed from 2.8 to 4.7 points. Business users
valued “terminological accuracy and legal unambiguity,”
academic users appreciated “logical coherence and scholarly
standards,” while public service users favored “cultural
adaptation and information completeness.” To validate the
optimization framework’s effectiveness in minor language
scenarios, supplementary experiments were conducted on
two minor language pairs: Arabic-Chinese (Middle Eastern
business negotiations) and Swahili-Chinese (African public
services). Results showed Arabic-Chinese business process-
ing speeds reached 3,800 words/hour (vs. 1,500 words/hour
for the traditional model), with proofreading costs of $48 per
thousand words, 94% accuracy, and 96% cultural adapta-
tion. For Swahili-Chinese public services, processing speed
reached 7,200 words per hour, proofreading costs were $15
per thousand words, accuracy was 86%, and cultural adap-
tation was 93%. This demonstrates that the optimized model
maintains high efficiency and quality in minor language
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scenarios, as shown in Table 5 below.

TABLE 5. Efficiency and Quality Indicators in Minor Language Scenarios

Language Pair Scenario Type Processing
Speed

(Words/Hour)

Proofreading
Cost

(USD/1,000
Words)

Accuracy
(%)

Cultural
Adapt-
ability

(%)

Arabic-
Chinese

Business Nego-
tiation

3800 48 94 96

Swahili-
Chinese

Public Service 7200 15 86 93

V. CONCLUSIONS
The core mechanism of collaborative efficiency optimization
manifests in three aspects:

First, “error filtering” achieves a balance between effi-
ciency and quality. By employing a “BERT error recognition
model + scenario-based filtering rules,” low-risk and non-
core errors are filtered out. This allows human proofreaders
to focus solely on addressing 20%-40% of critical errors,
boosting efficiency by 2.3-2.6 times. Simultaneously, by
concentrating resources on high-risk errors, quality improves
by 6-17 percentage points. Second, “dynamic weighting”
adapts to varying scenario demands. Dynamic weighting
factors in the FAHP evaluation matrix ensure proofreading
resources precisely match core scenario requirements. For
instance, raising the “cultural adaptation sensitivity” weight
to 0.4 in public service scenarios improves cultural adap-
tation by 17 percentage points. Third, “feedback iteration”
creates a synergistic closed loop.

Short-term (monthly) HC correction data is used for MT
model fine-tuning, reducing similar error rates by 30%-
40%. Long-term (quarterly) updates to the error type li-
brary enhance model coverage, achieving a positive cycle:
“MT quality improvement → reduced proofreading work-
load → further efficiency gains.” The research has three
limitations: First, insufficient coverage of less-commonly-
taught languages—the current error recognition model only
supports English, Japanese, Arabic, and Swahili, with accu-
racy below 75% for other languages like Urdu and Hausa.
Second, limited adaptation to complex scenarios, excluding
“multimodal cross-cultural communication” contexts (e.g.,
simultaneous interpretation assistance at international con-
ferences, subtitle translation for short videos), which require
integration of audio and visual information. Third, real-time
performance needs improvement, with average processing
time for error detection and priority ranking at approxi-
mately 2-3 minutes per thousand words, failing to meet
the minute- level response demands of real-time scenarios
(average response time for customer service scenarios is
3-5 minutes) (e.g., cross-border live-streaming customer
service).

Future research can focus on four areas: First, expand
multilingual models by incorporating “multilingual pre-
trained models (e.g., mBERT, XLM-RoBERTa)” to enhance
error recognition accuracy for lesser-used languages, aiming

to cover 20+ languages commonly used in cross-cultural
communication. Second, develop multimodal collaborative
frameworks integrating speech recognition (ASR) and image
recognition (OCR) technologies to extend the framework
to scenarios like “speech translation + human proofread-
ing,” “image text translation + human proofreading,” and
optimize real-time performance through approaches such
as “model lightweighting (e.g., distilling BERT models)”
and “edge computing deployment.” image-text translation
+ human proofreading“ scenarios, such as real-time speech
processing and proofreading push during international con-
ferences; Third, optimize real-time performance by adopting
”model lightweighting (e.g., distilling BERT models)“ and
”edge computing deployment" technologies to reduce error
recognition time to under 10 seconds per thousand words;
Fourth, industry-tailored solutions were designed for cross-
border e- commerce, international healthcare, and diplo-
matic sectors. This involved developing "industry-specific
error type libraries" and "proofreading weight models," such
as prioritizing translation accuracy for "disease names and
medication dosages" in international medical contexts, or
similarly, for the critical technical parameters and material
compositions found in manufacturing documentation.

AUTHOR CONTRIBUTIONS
Conceptualization –Zhaoxia Liu, Yingying Du and Xiaohui
Zhang; methodology – Zhaoxia Liu, and Xiaohui Zhang;
investigation – Zhaoxia Liu, Yingying Du and Xiaohui
Zhang; writing-original draft preparation – Zhaoxia Liu,
Yingying Du and Xiaohui Zhang. All authors have read and
agreed to the published version of the manuscript.

CONFLICTS OF INTEREST
The authors declare no conflict of interest.

FUNDING
This research was supported by, 1. This paper is part of a se-
ries of research outputs from Hainan Provincial Philosophy
and Social Sciences Planning Project (Foreign Language
Base Special Project), project number: HNWYJD25-02, The
research project titled “A Study on the Industry-Education
Integration Talent Development Mechanism for ‘Multilin-
gualism + High-End Equipment Manufacturing.”
2. This paper is also a part of research outputs from
Research on the Optimization Path of Multilingual
Government Service Platform in the Construction of Sanya
Digital Government, Project Number: SYSK 2025-09.

HUMAN RESEARCH SUBJECTS
This study was approved by the Ethics Committee of
University of Sanya, and was performed in accordance with
the principles of the Declaration of Helsinki. All eligible
participants signed an informed consent form.

VOL. 15, NO. 3, AUGUST 2026 5721



Z. Liu et al.

ACKNOWLEDGEMENTS
Not applicable.

REFERENCES
[1] Y. Gao, F. Hou, and H. Jahnke, “Pre-ordering representations improve

low-resource neural machine translation and application in the Māori
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