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ABSTRACT 

 
This study explores the effects of three features of translator–computer interaction mode (translation 
resources, text segmentation and task roles), together with student educational levels, on textual 
coherence quality in Chinese-to-English translations. Fifty-two students at bachelor’s and master’s 
levels were divided into 26 pairs to complete four translation assignments in a classroom setting. Of the 
total, 35 submitted individual reflections on the challenges of textual problems in the assignments. The 
translations were coded for accuracy, completeness, coherence, normativity and appropriateness. The 
paper discusses overall translation quality and error counts along the five theoretical dimensions and 
then utilises generalised linear mixed-effects models on textual coherence quality. The findings indicate 
that educational levels have a significant main effect on coherence error presence; translation resources 
and task roles have main effects on coherence error frequency. A significant interaction effect between 
translation resources and task roles is observed on coherence error presence. Educational levels have 
a significant interaction effect with text segmentation on coherence error severity. The follow-up 
qualitative results support these findings that students’ ability to detect coherence errors varies due to 
their different strategies to address coherence problems. 
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1. Introduction 
 
Technological developments have increasingly complicated the interactions between 
human translators and technology, with profound impacts on translation quality. 
Accordingly, translation is regarded as human-computer interaction (O’Brien, 2012; 
Läubli & Green, 2019), translator-computer/technology interaction (Bundgaard et al., 
2016; Pietrzak & Kornacki, 2021), or mediation between technologies with human 
translators (Moorkens, 2025). Technology-related resources such as translation 
memory (TM), term banks, machine translation (MT, including statistical or neural 
machine translation, i.e., SMT or NMT), and generative artificial intelligence (GenAI) 
have gradually been integrated into computer-assisted translation (CAT) tools for 
commercial translation workflows. Empirical evidence also shows that they have 
arguably lowered the task difficulty of post-editing of MT (MTPE) and improved overall 
translation quality for both specialised genres (Jia, 2024; Jia & Zheng, 2022) and 
literary tasks (e.g., Vieira et al., 2023). 
 
Nevertheless, early assumptions about the “machine’s failures in cohesion and 
coherence” (O’Brien, 2012, pp. 16-17) have persisted in recent empirical studies, while 
sentence segmentation in CAT tools remains an irritating function for translators trying 
to deal with text-level consistency and cohesion (Bundgaard et al., 2016; O’Brien et 
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al., 2017). Translation pedagogy studies reveal that students’ translation competence 
(Dong & Lan, 2010; Pan et al., 2022) and translation experience (Qian et al., 2022; 
Baer & Bystrova-McIntyre, 2009) have also contributed to predicting students’ ability 
to detect coherence problems. However, students’ development of translation 
competence follows a dynamic, non-linear, and spiral path (Albir et al., 2020; Mu et al., 
2024). Educational levels (Łoboda & Mastela, 2023) might be a more stable alternative 
for data analysis, yet empirical support is needed. 
 
This empirical study is part of a series exploring the effects of translator-computer 
interaction (TCI) mode on textual coherence quality of target texts (TT). We choose L1 
to L2 (Chinese-to-English, C-E) translation for two reasons: first, Chinese is a high-
context language that relies more on covert coherence features (Peng et al., 2023) that 
sometimes imply counterintuitive meaning in various contexts than on explicit cohesion 
features. This is different from English, which largely requires the overt and easily 
detectable signals of discourse markers (Halliday & Hasan, 1976); second, in L1 to L2 
translation, it is more cognitively challenging to produce better quality than it is in L2 to 
L1 translation, for both from-scratch translation (Wang et al., 2022) and MTPE (Sun et 
al., 2025). 
 
We identify three independent variables to capture TCI mode, in addition to educational 
levels (Section 2) and three dependent variables to analyse textual coherence quality 
(Section 3). Details of the data collection and analysis are then introduced (Section 4). 
The quantitative and qualitative results are discussed in Section 5 and the implications 
of this study are outlined in Section 6. 
 
2. Literature review 
 

To classify the independent and confounding variables related to TCI within the 
research landscape of MT/MTPE, we employed the factors affecting task difficulty of 
MTPE discussed by Jia and Sun (2023, p. 952), based on Meshkati’s (1988) cohesive 
model of cognitive load. These are ‘intrinsic task-related factors’ and ‘cognitive abilities’ 
of task takers. 
 

Translation resources are the first essential task-related feature for consideration. 
Previous studies show that NMT suggestions perform better than TM (Sánchez-Gijón 
et al., 2019; Vieira et al., 2023). Post-editing of SMT (Guerberof, 2014) or NMT (Jia et 
al., 2019) could deliver quality comparable to that of from-scratch translation or even 
better quality in accuracy (Jia & Sun, 2023) and L1 translation directionality (Sun et al., 
2025). However, NMT does not seem to be sensitive enough to context-related 
problems across sentences and the whole document (Qian et al., 2022; Jiang & Niu, 
2022; Moorkens, 2025; Tezcan et al., 2019). The second task-related feature, text 
segmentation, has also been studied. It has been shown that CAT tools’ default 
sentence segmentation can reinforce translators’ attention to local units, such as lexis 
and grammar, and to the syntactic structures of STs and TTs (Qian et al., 2022). This 
local level of text segmentation has made it difficult, awkward and even irritating for 
professional translators to detect textual problems, such as cohesion and coherence 
(Moorkens et al., 2018) or to maintain style consistency in their translation products 
(Bundgaard et al., 2016; Frankenberg-Garcia, 2022). Vieira et al. (2023) found that ten 
experienced literary translators generally made fewer keystrokes and editing visits in 
a paragraph segmentation task than in a sentence-based one. Similarly, Läubli et al. 
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(2022) reported that unsegmented presentation improved accuracy and efficiency 
when 20 professional translators revised anaphor errors between sentences. However, 
the two studies were limited by a small sample size (Vieira et al., 2023) or by using a 
research prototype instead of an available CAT tool (Läubli et al., 2022). 
 
A third feature, task roles, is relatively underexplored as a task-related variable. From-
scratch translators, post-editors and revisers (or reviewers, Guerberof, 2014) for 
monolingual or bilingual editing are common ‘professional roles’ (Carmo & Koponen, 
2024) in translation workflows. Many studies have investigated translation quality in 
real-world CAT tools that enhance research ecological validity, instead of research-
oriented platforms. However, they have often focused solely on (student or 
professional) translators’ cognitive effort (Jia, 2024; Yao et al., 2025) and translation 
quality (Bundgaard et al., 2016) when using different translation resources, or when 
involved in different revision modes (Jia et al., 2019; Daems & Macken, 2020; Wang 
et al., 2024), such as editing of from-scratch translation and MTPE. 
 
Higher levels of experience and translation competence lead to greater awareness of 
textual elements. This is supported by studies comparing translation quality or MTPE 
cognitive effort between students and professionals (e.g., Qian et al., 2022; Daems et 
al., 2017; Schaeffer, 2022), or across groups of professional translators (Bundgaard et 
al., 2016; Guerberof, 2014; Vieira et al., 2023). In studies of pedagogy experiments 
(Jia & Zheng, 2022; Jia, 2024; Wang et al., 2022; Wang et al., 2024; Yao et al., 2025) 
involving only students from the same educational level, students were reported to 
have a similar level of L2 proficiency but limited professional translation experience. In 
other words, these variables are often controlled. 
 
Based on existing studies, three research gaps are apparent. First, limited studies have 
explored the effects of multiple task-related features of TCI and educational levels in 
work undertaken within CAT environments. Second, most research prioritises 
accuracy or acceptability of overall translation quality over textual coherence quality. 
Third, only a few studies have discussed controlling ST coherence as part of ST 
complexity. Apart from studies of ST word count (Wang et al., 2024), readability (Dai 
& Liu, 2024; Daems et al., 2017; Jia & Sun, 2023) and syntactic complexity (Jia & Sun, 
2023), ST coherence remains underexplored in MT/MTPE empirical research, as a 
source of translation task difficulty shared by student translators and MT (Qian et al., 
2022; Jiang & Niu, 2022). To our knowledge, one study (Yao et al., 2025) has 
measured ST coherence on a five-point rating scale for the English-to-Chinese 
translation direction, focusing on AI-assisted post-editing cognitive effort. 
 
To fill these gaps, three key features characterise what we term ‘TCI mode’ (definitions 
in Table 2). They involve working procedures in which human translators, 1) utilise 
different kinds of translation resources, and 2) work with functions of text segmentation 
provided by the translation technology, as they 3) take on different task roles as 
translators, post-editors, or bilingual revisers. We also explore the effect of educational 
levels as a factor related to translator trainees’ profiles, while translation experience 
and competence are also discussed as covariates. 
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3. Assessing textual coherence quality 
 
Textual coherence is a crucial discourse feature in translation quality assessment 
(Feng & Yan, 2020), manifesting “across various error types” of quality such as 
accuracy, linguistic conventions, style and terminology (International Organisation for 
Standardisation, 2024, p. 16). Different from the metric of ‘fluency’ in some quality 
assessment frameworks (e.g., Silva et al., 2024; Zhang et al., 2024), textual coherence 
refers to “the way a text makes sense to the readers through the organization of its 
content, and the relevance and clarity of its concepts and ideas” (Richards & Schmidt, 
2011, pp. 93-94), and may be achieved through overt grammatical, lexical or topical 
cohesion devices (Cui et al., 2022; Halliday & Hasan, 1976; Peng et al., 2023), or more 
covert features regarding discourse structures (Károly, 2017; Yuan, 2022). Previous 
research has primarily investigated overt cohesion features in translated texts, finding 
that they affect translation quality and reflect levels of translation competence (Dong & 
Lan, 2010; Pan et al., 2022). Tezcan et al. (2019, p. 42) added a new category of 
‘coherence’, with seven sub-categories (i.e., logical problem, non-existing words, 
discourse marker, co-reference, inconsistency, verb tense), when assessing the 
‘fluency’ aspect of NMT quality for English-to-Dutch literary translation. 
 
To assess student translations, we employed five quality aspects proposed by the 
written translation competence scales in China’s Standards of English Ability (Feng & 
Yan, 2020, pp. 53–58, Table 1), which offered detailed quality descriptors for teachers 
and students. Accuracy, completeness, coherence, normativity and appropriateness 
are regarded as five typical competence features of C–E translation (State Language 
Commission, 2024) and are predictors of overall translation quality (Lyu & Feng, 2024). 
 

 
Table 1. Definitions and examples of C-E translation competence features 

 
The overall translation quality assessment was based on weighted error counts, so 
previous error typologies for translated texts (Granger & Lefer, 2021) and NMT 
(Tezcan et al., 2019; Silva et al., 2024; Zhang et al., 2024) provided fine-grained 
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annotation guidelines for us to detect accuracy, coherence and normativity errors. 
Since preferential revision and changes also impact quality (Nitzke & Gros, 2020) in 
terms of accuracy and appropriateness, such changes by bilingual revisers on diction 
or style would not be considered erroneous if the translator’s version is acceptable. 
 
In addition to error frequencies along the five dimensions and the overall translation 
quality scores, three different exploratory measures of textual coherence quality were 
regarded as dependent variables (Table 2): (1) and (2) were straightforward error 
counts, and (3) was concerned with how problematic the textual coherence errors were. 
 

 
Table 2. Dependent variables 

 
As previous studies have implied, translation resources, text segmentation, task roles 
as task-related features, and educational levels as an individual feature will influence 
translators’ tendency to overlook or focus on ST coherence features, further impacting 
the final quality. To avoid bias from examining only textual coherence quality, we first 
descriptively outlined all theoretical dimensions of overall translation quality (Section 
5.1), then narrowed our focus to coherence itself (Sections 5.2 and 5.3). Our three 
research questions (RQ) are as follows: 
 
RQ1: What is the level of student performance along five translation quality dimensions 
across different TCI mode features (translation resources, text segmentation, task 
roles) for both educational levels? 
RQ2: How do translation resources, text segmentation and task roles affect coherence 
error presence, frequency and severity in students’ translations? 
RQ3: Do students’ educational levels also affect coherence error presence, frequency 
and severity in students’ translations? 
 
4. Research design 
 
4.1 The experimental set-up and hypotheses 
 
As this study was integrated into a classroom setting, teaching ethics and equality were 
key concerns. To ensure that every student could experience different task roles, this 
TCI mode feature and educational levels were designed as within-subject independent 
variables (Table 3). Translation resources and text segmentation were treated as 
between-subject independent variables. 
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Table 3. Independent variables 

 
Based on previous research and focal variables in this study, we formulated three 
hypotheses for each RQ: 
Hypothesis 1: In tasks with NMT, translators and bachelor’s students will make more 
translation errors overall, leading to lower overall translation quality scores, than 
bilingual revisers and master’s students. 
Hypothesis 2: Translation resources, text segmentation and task roles will impact 
coherence error presence, frequency and severity. There will be more coherence 
errors with NMT, with sentence segmentation and with translators. 
Hypothesis 3: Master’s students will be more able to detect and categorise coherence 
errors, thus delivering fewer and less severe errors. 
 
The four tasks (Table 3) were configured in a popular cloud-based service system for 
translation project management called Project Based Learning for Translation System 
(PBLT), developed by Sichuan Lan-bridge Information Technology Co., Ltd, China. We 
selected this platform because it offered a flexible option for text segmentation by 
sentence or paragraph, which helped operationalise the variable of text segmentation 
more efficiently than the options offered by other cloud-based CAT tools. For example, 
Figure 1 shows the PBLT interface for translators, and Figure 2 shows it for bilingual 
revisers. Their tasks were in blue. 
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Figure 1. PBLT interface (screenshot) for translators (M1) 

Figure 2. PBLT interface (screenshot) for bilingual revisers (M4)  

 
Moreover, this company has developed its own integrated NMT engine, Lan-
BridgeMT1. If the translation workflow is post-editing of NMT, NMT suggestions2 will 
automatically appear in the TT areas. Students signed a translation affidavit for tasks 
M1 and M2, affirming that they would not seek assistance from NMT engines or GenAI 
tools. For M3 and M4, students could revise the draft English translation using Lan-
BridgeMT and had full access to other NMT systems and GenAI tools, aiming to reduce 
reliance on a single NMT engine. In every task, students could use the term bank and 
web engines. We aligned C-E texts with 36,624 Chinese characters and 27,074 
English words to create a TM in the PBLT platform. These texts were thematically 
similar to the research materials (Section 4.3) and were transcribed from high-quality 
publications, white papers, and the website of the online encyclopaedia About China. 
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We collected a term bank of 67 pairs with the help of two experienced professional 
translators. 

 
4.2 Participants and procedures 
 
A total of 16 female master’s (Mage=23.88, SD=2.25) and 36 bachelor’s students 
(Nmale=3, Nfemale=33) aged from 19 to 23 years old (Mage=21.29, SD=1.99) from 
translation/interpreting or linguistics programmes participated in this study. Their first 
language was Chinese, and their second language was English. They all passed the 
Test for English Majors at Grade 4, with 92% having scored above 70. Eighteen 
students could be regarded as professionals (Mu et al., 2024) as they had passed the 
China Accreditation Test for Translators and Interpreters (CATTI)3; seven master’s 
students possessed intermediate CATTI Level 2 and/or 3, and five master’s and six 
bachelor’s students had elementary CATTI Level 3. 
 
All students completed the Translation and Interpreting Competence Questionnaire 
(Schaeffer et al., 2020), providing their self-reported overall translation competence 
(Table 4). Another online questionnaire enquired about students’ learning experience 
with translation technology and their perception of task roles in translation projects. 
The aim of the self-perceived roles inferred from the responses was only for pre-
experiment training. We used descriptions of the responsibilities of translators 
(including post-editors) and bilingual revisers from two Chinese national standards 
about translation services (China’s Language and Terminology Committee, 2021, pp. 
4–5; 2022, p. 9). All students regularly used GenAI tools or NMT, and fourteen students 
(NB=8, NM=6) knew little about post-editing and were unsure about the responsibilities 
of different task roles. 
 

 
Table 4. Self-reported translation competence 

 
From November to December 2024, students were divided into 26 pairs.4 Each student 
took on the role of either a translator or a bilingual reviser and completed four 
sequential translation assignments in a course module for four weeks. Students were 
paired by educational levels. Bilingual revisers had more years of translation 
experience. The final valid number of participants was 48, comprising seven pairs of 
master’s students and 17 pairs of bachelor’s students. Since some students had less 
familiarity with post-editing workflows and task roles in the translation projects, we 
provided a two-hour practical session with professional technical support from the 
company before the assignments, along with a detailed translation brief for each task. 
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4.3 Materials 
 
To ensure that research materials were comparable in terms of task difficulty, we 
collected both objective and subjective assessment data. First, we chose four coherent 
texts (Mcharacter=439.75, SD=13.50) about the Hexi Corridor and ancient cities in China. 
We used the Chinese Text Analysis Platform (CTAP, Cui et al., 2022) and 
AlphaReadabilityChinese 2.0 (ARC 2.0, Lei et al., 2024; Lei & Zhang, 2025) to 
objectively compare ST complexity (Jia & Sun, 2023) and particularly cohesion 
complexity indicators. Both tools are fit for long-text analysis with complementary 
indicators. CTAP has 23 indicators that measure lexical, grammatical and topical 
cohesion within sentences and across paragraphs. ARC 2.0 aims to assess nine 
indicators of semantic complexity and one cohesion feature that CTAP lacks. Both 
CTAP and ARC 2.0 results showed that the four texts were similar in terms of ST 
complexity across Chinese characters, lexis, syntax, semantics and cohesion. Next, 
we invited four experienced C-E translation teachers (Mexperience=16.25 years, SD=3.34) 
to assess overall translation difficulty using a five-point online questionnaire (Wang et 
al., 2022) on readability (M=2.75, SD=0.69), comprehensibility (M=2.75, SD=0.73) and 
translatability (M=3.75, SD=0.50). To avoid its effect, NMT quality (Jia & Sun, 2023; 
Jia & Zheng, 2022) was controlled at a similar level by assessment on a five-point 
scale, including adequacy (M=3.53, SD=0.86), acceptability (M=3.39, SD=0.92) and 
post-editing difficulty (M=2.65, SD=1.05). The two types of assessment data showed 
that the task difficulty was comparable at an above-intermediate level. 

 

 
Table 5. Task description 

 
For each task, we identified up to five potential coherence errors that would be difficult 
for students to detect, based on our teaching experience. The texts were randomly 
assigned to each task. For M3 and M4 (Table 5), the five types of errors for texts two 
and four, respectively, were naturally generated by NMT (i.e., Lan-BridgeMT) without 
any manipulation. Such a measure avoided the confounding effect of an imbalance in 
the number of NMT errors on coherence error severity. 
 
4.4 Data analysis 
 
The five types of translation errors were annotated according to the framework in Table 
1, and the overall translation quality scores were then calculated (Figure 3). 
Researcher A was the class teacher and checked the final scoring results, and 
researcher B worked as the teaching assistant. As she was familiar with the written 
translation competence scales and language testing, researcher B was responsible for 
annotating errors and scoring students’ performance and repeated the assessment 
process one month later. Each normativity error was penalised by 0.25 points, and the 
remaining four by one point, respectively. Every student’s performance on the five 
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types of errors was compared with the average error counts for each text and task role. 
Finally, we scored the overall translation quality on a scale of 1 (worst) to 6 (best). The 
repeated intra-rater Kappa value reached a reliable level of 0.87. Finally, a total of 
1,764 valid observations of quality data were analysed. 
 

Figure 3. Assessment process 

 
As participants were nested within task roles, we included random intercepts and 
random slopes for repeated measurements (2-4 observations per participant, 48-50 
observations per item) across different task roles. The five experience-related 
variables (all three levels: low, intermediate, and high)5 in Table 3 and professional 
certification (three levels: novice, elementary, and intermediate) were treated as 
covariates, because individual variation in these aspects could exist within the same 
educational level. Categorical fixed effects and covariates were coded using 
successive differences contrasts, implemented by the contr.sdif() function from the 
MASS package (Venables & Ripley, 2002), which compared each level with the 
preceding one. 
 
We fitted the generalised linear mixed-effects models using the glmer() function from 
the lme4 package (Bates et al., 2015) for coherence error presence. A binomial 
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distribution with a logit link was specified. For coherence error frequency, we compared 
the observed proportion of zeros (17.3%) with the expected proportion under a Poisson 
distribution (20.8%), indicating no zero inflation. Furthermore, the count outcome was 
underdispersed, as its variance (1.31) was less than its mean (1.57). We finally fitted 
Conway-Maxwell Poisson (COMP) mixed-effects models (log link) using the glmmTMB 
(Brooks et al., 2017) package, as they significantly outperformed the standard Poisson 
models. We fitted the cumulative link mixed models using the clmm() function from the 
ordinal package (Christensen, 2025), specifying a logit link, for coherence error 
severity. Diagnostic checks of the final models included multicollinearity using the 
check_collinearity() function and post-hoc comparisons using the emmeans() and 
contrast() functions. 
 
To qualitatively assess RQ2 and RQ3, we requested student feedback on textual 
translation problems (instead of textual coherence) to avoid participants’ potential 
speculation of research aims. Finally, three master’s and 32 bachelor’s students 
submitted video reflections in response to the three questions in Figure 4. 
 

 
Figure 4. Questions for students’ reflection 

 
MAXQDA Analytics Pro 2020 was employed for content analysis of the transcription of 
35 students’ feedback on the framed questions, including 1,127 English words and 
35,545 Chinese characters. Combining deductive and inductive coding formations 
(Kuckartz & Rädiker, 2019), researcher B repeated the coding process every one or 
two months from February to May 2025, to ensure inclusion of all relevant information. 
The first coding served to familiarise the content (952 codes) related to textual 
coherence problem-solving. We calculated the document-level intra-coder agreement 
(Kuckartz & Rädiker, 2019, p. 273) between the second (762 codes) and third (428 
codes) coding results, with 93% matching codes for ‘TCI mode’ (94 codes), 94% for 
‘educational levels’ (32 codes), 62% for ‘strategies’ (208 codes), 28% for ‘difficult tasks’, 
45% for ‘easy tasks’ and 23% for ‘other factors’. Finally, we developed a coding system 
that included only codes that reached 70% agreement6 or higher (Cheung & Tai, 2023). 
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5. Results 
 
5.1 Overall translation quality 
 
We used the ggplot() function to illustrate the pattern of three features of TCI mode 
and educational levels on overall translation quality scores and error frequencies within 
the five dimensions. Given their dependence on translator drafts, bilingual revisers’ 
outputs, including corrections or introductions of any type of errors, were treated as 
their final products. Bilingual revisers spotted and corrected more errors for each 
dimension (Figures 5 and 6), so that their versions were usually much better than 
translators’ versions across the four tasks, particularly in M2 and M4. A lower median 
overall translation quality was observed among bachelor’s students than among 
master’s students in M4 when they played different task roles. 
 

Figure 5. Boxplots of overall translation quality (N=196) and errors (N=980) by task roles 

 
 

Figure 6. Boxplots of overall translation quality (N=196) and errors (N=980) by educational 
levels 
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It was unsurprising that there were fewer errors in accuracy and completeness made 
by bilingual revisers and master’s students (Figure 6). However, in most cases, 
students in neither task roles could easily recognise appropriateness translation errors, 
as this required careful consultation of contextual expressions. Bachelor’s students 
paid less attention to the adherence to norms in their final products, even though they 
were required to do so. But across different educational levels, master’s students could 
correct many errors of normativity. Different distributions of coherence errors were also 
presented, which are the focus of the following sections on textual coherence quality, 
measured in terms of coherence error presence, frequency, and severity. 
 
5.2 Textual coherence quality 
 
5.2.1 Overview of models 
 
In terms of textual coherence quality in particular, many translators could not detect 
coherence errors in NMT and introduced new ones due to their inadequate 
understanding of textual relations, as shown by more frequent and more severe 
coherence errors in the NMT conditions (Table 6) and in sentence segmentation. 
Bilingual revisers varied in how they addressed their partners’ coherence errors across 
tasks. 
 

 
Table 6. Textual coherence quality across four tasks (N=588) 

 
The generalised variance inflation factors for independent variables and interaction 
effects were all less than 3.5 (Tables 7, 8, 9), indicating no multicollinearity. The null 
mixed-effects models of coherence error presence revealed substantial item-level 
variance but negligible between-participant variability. Therefore, we retained only Item 

random effects for parsimony. The final model of coherence error presence (2(-5) = 
15.21, p = .009) was a significantly better fit than its null model. 
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Table 7. Null and final models of TCI modes and educational levels on coherence error 
presence 

 
For the models of coherence error frequency, we retained only the Item random effects, 
while the Participant random effects showed minimal variance. The final model fit much 

better than its null model (2(4) = 21.24, p <.001). 
 

Table 8. Null and final models of TCI modes and educational levels on coherence error 
frequency 

 
For models of coherence error severity, the random intercept variances for Item and 
Participant were retained. The final model of coherence error severity provided a better 

fit than its null model (2(8) = 35.06, p <.001). 
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Table 9. Null and final models of TCI modes and educational levels on coherence error severity 

 
5.2.2 Effects of TCI mode 
 
The simple effects analysis indicated an interaction effect between translation 
resources and task roles on coherence error presence (Table 7). For the Translator 
group, a significantly higher probability of coherence errors (OR = 33.41, 95% CI [1.19, 
935.9], SE = 56.80, z = 2.06, p = .039) was observed in NMT tasks than in TM tasks. 
In contrast, for the Bilingual Reviser group, students were more likely to make 
coherence errors using NMT than TM, but the difference was not significant (OR = 
2.81, 95% CI [0.19, 42.3], SE = 3.89, z = 0.75, p = .455). 
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Figure 7. Interaction effect plot of translation resources and task roles on coherence error 
presence (N=196) 

 
Only translation resources and task roles had significant main effects on coherence 
error counts (Table 8). When the translation resource was TM, it indicated a lower 
probability of making more coherence errors. Translators were more likely to have 
more frequent coherence errors than bilingual revisers. A significant main effect of 
translation resources was also found on coherence error severity (Table 9). Students 
produced significantly fewer severe coherence errors in tasks assisted by TM than in 
those assisted by NMT. Text segmentation did not have significant main effects on 
coherence error presence (Table 7), frequency (Table 8) or severity (Table 9). 
 
5.2.3 Effects of educational levels 
 
The simple effects analysis revealed a significant interaction effect between 
educational levels and text segmentation on coherence error severity (Figure 8). 
Master’s students made significantly fewer severe coherence errors (OR = 10.89, 
95%CI [1.85, 64.2], SE = 0.91, z = 2.64, p = .008) in the paragraph segmentation tasks 
than in sentence segmentation tasks. For bachelor’s students, no significant difference 
was found between the sentence and paragraph segmentation conditions (OR = 0.55, 
95%CI [0.18, 1.73], SE = 0.58, z = -1.02, p = .306). 
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Figure 8. Interaction effect plot of text segmentation and educational levels on coherence error 
severity (N=196) 

 
Educational levels had a significant main effect on coherence error presence (Table 
7). Master’s students were found to have a significantly lower probability of making 
coherence errors than bachelor’s students. For all covariates, we found only that L2 
translation competence had a significant main effect on coherence error severity 
(Table 9). Regardless of educational levels, students who reported low L2 translation 
competence unexpectedly had a lower probability of making severe coherence errors 
than their peers who evaluated their L2 translation competence as intermediate. 
 
5.3 Challenges for textual coherence problems 
 
Qualitative analysis of students’ reflections (Figure 9) revealed a similar pattern of 
complex relationships among the three TCI mode features and educational levels 
regarding textual coherence quality. 
 

  
Figure 9. Final coding structure and analysis of student reflections7 

 
The most challenging combination of TCI mode features for translators was NMT and 
sentence segmentation. For example (Figure 10), students reported: 



The Journal of Specialised Translation                                                                    Issue 46 – July 2026 

134 
 

 https://doi.org/10.26034/cm.jostrans.2026.8284 
© The Authors 

 

 
Figure 10. Example of students’ reflection 

 
Students expressed differing viewpoints on the effects of translation resources and text 
segmentation in addressing textual problems. For students familiar with the topics and 
who tended to analyse ST coherence features, M4 with NMT and paragraph 
segmentation was much easier because they could do simultaneous comparative 
reading between the ST and the TT. They were able to understand how information 
developed by observing semantic relations and logical relations across sentences and 
paragraphs. However, other students found tasks involving NMT more demanding, 
regardless of the type of text segmentation. They reported that it was difficult to analyse 
the main idea and logical relations across sentences efficiently because their 
judgements were influenced by syntactic structures and by seemingly fluent TTs 
produced by NMT. 
 
Regarding the effect of task roles, translators tended to focus more on processing 
issues of sentence-level accuracy that they did not understand, so textual problems 
could not be prioritised. Many students pointed out that textual problems, particularly 
logical coherence, were much more obvious, and some would regard these problems 
as their revision focus when they were bilingual revisers. 
 

 
Figure 11. Example of a coherence problem 

 
In the example (Figure 11), the translator B25 did not realise that the NMT version was 

incorrect regarding the textual relation between the demonstrative pronoun 这 ‘this or 

the or these’ and 绿洲 ‘oasis or oases’ in the ST. B26 corrected B25’s use of the 

singular form of 绿洲 ‘oasis’ to the plural, and commented that inference from the whole 

text suggested that there were many oases in the ST. This indicates that the bilingual 
revision phase allowed them to read the TTs from a broader perspective and from the 
English readers’ perspective, and then to compare the logical relations of STs and TTs. 
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6. Discussion and future research directions 
 
This empirical study explored the impact of three TCI mode features and educational 
levels on multidimensional overall translation quality and on textual coherence quality 
in students’ C-E translation. Regarding the valid measurements of textual coherence 
quality assessment, coherence error presence, frequency and severity were found to 
be differently sensitive to variations in translation resources, text segmentation, task 
roles and educational levels. 
 
First, Hypothesis 1 is confirmed. Our finding that translators indeed made more errors 
than bilingual revisers, because their attention and task focus were different, is 
consistent with previous studies (Baer & Bystrova-McIntyre, 2009; Pietrzak & Kornacki, 
2021; Swar & Mohsen, 2023). The trend is similar for bachelor’s and master’s students. 
Accuracy errors were easily avoided, detected, and corrected by both task roles and 
educational levels, leaving many appropriateness, normativity, and coherence errors 
unaddressed. Students mentioned in their qualitative feedback that they lacked 
sufficient attention and time to process textual problems after addressing low-
cognitive-level problems, such as spelling errors (Qian et al., 2022; Frankenberg-
Garcia, 2022), words or phrases. Consequently, textual elements were neglected. 
Hypothesis 2 is partially confirmed. Translation resources and task roles, as two task-
related TCI mode features, had main effects on coherence error frequency. This finding 
is consistent with previous research (Qian et al., 2022; Jiang & Niu, 2022; Moorkens, 
2025; Tezcan et al., 2019; Swar & Mohsen, 2023) that MTPE will result in more 
coherence errors when human translators are unaware of those introduced by NMT. 
Our new finding of a significant interaction effect on coherence error presence between 
translation resources and task roles further reveals that task roles matter a lot in 
dealing with textual elements.  
 
Hypothesis 3 is partially confirmed, as educational levels had a main effect on 
coherence error presence. This provides new empirical support for Łoboda & Mastela’s 
(2023, p. 520) suggestion that the master’s level be the “earliest advisable stage” for 
task role training, as they could “better identify and categorise errors”. The coding 
theme on ‘strategies’, although with relatively low agreement, offered some valuable 
hints. The three master’s and two outstanding bachelor’s students reported that they 
had accumulated background knowledge of cultures, histories, and literature related 
to the topics, particularly through systematic learning experiences in translation 
projects, enabling them to develop diverse coping strategies. However, a more 
balanced distribution of participants across educational levels, along with their 
qualitative feedback, is necessary to explain the impact of educational levels. 
 
Significant interaction effects on coherence error severity were observed for 
educational levels with text segmentation. Although our qualitative analysis supported 
the findings of Vieira et al. (2023) and Läubli et al. (2022) that paragraph segmentation 
in CAT tools reduced cognitive demand for translators, this condition surprisingly led 
to different distributions of coherence error severity across both educational levels. An 
unexpected positive effect was found in ensuring less coherence severity for master’s 
students in the sentence segmentation tasks, while bachelor’s students had a higher 
probability of making major and critical coherence errors in the sentence segmentation 
tasks than in the paragraph segmentation tasks. This was probably due to prior use of 
CAT tools. Of the total, 71% of the master’s students were familiar with the sentence 
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segmentation translation tasks in the CAT tools, while 86% of the bachelor’s students 
usually completed their tasks within the Microsoft Word documents. 
 
L2 translation competence played a role in explaining the coherence error severity, 
though with a pattern different from the positive effect of translation competence (Dong 
& Lan, 2010; Pan et al., 2022; Schaeffer, 2022). Students with higher L2 translation 
competence may have underestimated their scores. We did not observe any effects 
from translation experience or professional certification, which does not align with the 
effect of translation experience found in previous studies (Guerberof, 2014; Daems et 
al., 2017). Such experience-related information from students might require more fine-
grained measurements, as students typically accumulate translation experience 
through classroom projects, homework, or limited internship activities. 
 
This study has addressed the outlined research gaps, but future investigations should 
consider the following methodological aspects to address our research limitations. First, 
the task roles in our study were based solely on typical linguistic roles in the language 
service industry workflow. It would be interesting to investigate how a range of task 
roles or stakeholders respond to coherence problems. Second, the generalisability of 
educational levels might be limited within Chinese educational contexts. Future 
research could use well-designed L2 proficiency tests (e.g., Chung, 2020) to examine 
the potential effects of L2 proficiency on textual coherence quality across different 
student groups. Third, this study also found that the Item random effects (i.e., texts) 
were the primary source of variability, indicating additional explanatory power for 
textual coherence quality. Besides, many students noted that the four texts exhibited 
different textual coherence features, particularly functional relations (Mann and 
Thompson, 1987) within and across sentences, as well as various levels of covert 
logical structures. The extent to which ST coherence features affect TT textual 
coherence quality warrants further exploration. Finally, although multilevel generalised 
regression models would offer greater robustness8, our study is likely to suffer from 
less stable modelling results due to a limited sample size and the exploratory nature 
of the dependent variables. Future studies would benefit from multilevel structural 
equation modelling to explore causal pathways involving educational levels, strategies, 
and textual coherence quality, using larger sample sizes. 
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Endnotes 
 
1. The Lan-BridgeMT has been trained on billions of quality parallel texts over 208 languages from the 
company’s 26 years of professional translation services across over 50 domains, such as culture, 
engineering, and transportation. It outperformed other competitors (e.g., GPT4-5shot) in the document-
level shared translation tasks from Chinese to English at the 2023 Conference on Machine Translation. 
2. To ensure NMT suggestions were the same for M3 and M4, we checked twice before every participant 
worked on their tasks. 
3. CATTI Level 2 is higher than Level 3. 
4. There was one group with one translator and two bilingual revisers. 
5. The score thresholds were determined by the value exceeding ±1 SD from the M value. 
6. For the other three themes below this threshold, we have consulted relevant literature and have been 
developing a more theory-driven code frame. 
7. The full explanation of the code system is beyond the scope of this study, which will be reported in 
another paper in preparation. 
8. We appreciate one of the anonymous reviewers’ suggestions on the methodology. 


